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Editorial

24°% Rencontres des Jeunes Chercheurs
en Intelligence Artificielle

Editorial
Rencontres des Jeunes Chercheurs en Intelligence Artificielle

Les Rencontres des Jeunes Chercheurs en Intelligence Artificielle (RJCIA) sont destinées aux jeunes cher-
cheurs en TA, doctorants ou titulaires d’un doctorat depuis moins de deux ans. A ce titre, 'objectif de cette
manifestation est double :

1. permettre aux jeunes chercheurs préparant une theése en Intelligence Artificielle, ou l'ayant soutenue
depuis peu, de se rencontrer et de présenter leurs travaux, et d’ainsi nouer des contacts avec d’autres
jeunes chercheurs et d’élargir leurs perspectives en échangeant avec des spécialistes d’autres domaines de
I'TA ;

2. former les jeunes chercheurs & la préparation d’un article, a sa révision pour tenir compte des observations
du comité de programme, et a sa présentation devant un auditoire de spécialistes, leur permettant ainsi
d’obtenir des retours de chercheurs de leur domaine ou de domaines connexes.

Toute contribution relevant de I'Intelligence Artificielle est la bienvenue.

Portées par la Plate-Forme Intelligence Artificielle (PFIA), les RJCIA en sont a leur 24° édition, organisée
a Arras du 2 au 3 juillet 2026, au sein de la PFIA qui se déroule du 29 juin au 3 juillet 2026 sur le site du
CRIL. Cette année, 22 articles ont été soumis. Chaque article a été relu par trois membres du comité de
programme. Les auteurs des articles publiés dans les présents actes ont eu a prendre en compte les remarques
qui leur ont été adressées dans le cadre de cette relecture.

Les 20 articles acceptés — 14 articles longs et 6 articles courts — ont été répartis en cinq sessions thé-
matiques couvrant un large spectre de I'TA contemporaine : modeles de langage et raisonnement, apprentissage
par renforcement et systémes multi-agents, santé et environnement, perception et vision, détection d’anomalies
et quantification de l'incertitude. La diversité des travaux présentés, qu’ils s’intéressent aux grands modeles de
langage, a la fusion de capteurs, a la planification ou encore a 'audit de systémes en boite noire, témoigne de
la vitalité et de I’étendue des recherches menées par la nouvelle génération de chercheurs en IA.

Le programme a été enrichi par une conférence invitée de Solenne Gaucher, Assistant Professor au
département de mathématiques appliquées de I'Ecole polytechnique et chercheuse au CREST (ENSAE). Ses
travaux portent sur 'apprentissage séquentiel, I’analyse de réseaux et ’équité algorithmique; elle s’attache en
particulier a concevoir des modeles garantissant la neutralité des décisions prises par les algorithmes. Lauréate
du Prix Jeunes Talents L’Oréal-UNESCO « Pour les Femmes et la Science » en 2024, elle apporte a cette édition
un éclairage précieux sur les enjeux d’une intelligence artificielle plus juste et inclusive.

Deux interventions supplémentaires ont été ajoutées pour enrichir le programme : celles de Alain Berger,
Directeur Général de Ardans, intitulée "Ausculter, explorer, qualifier et exploiter une base de connaissance
industrielle”, et celle de Micka€l Audegond, Vice- Président de la Communauté Urbaine d’Arras en charge
du Numérique.

Cette année, grace a ’AFIA, un Prix du Meilleur Article sera décerné par le comité de programme &
Iissue de la conférence, récompensant la qualité scientifique et la clarté de présentation d’un travail.

Je remercie chaleureusement les membres du comité de programme pour leur investissement dans 1’éva-
luation des soumissions et leurs retours constructifs aux auteurs, ainsi que l’ensemble des intervenantes et
intervenants pour leurs précieuses contributions. Mes remerciements vont également au comité d’organisa-
tion de la PFIA 2026 pour l'accueil de cette édition & Arras.

Nicolas Verstaevel
IRIT, Unidversité Toulouse Capitole
Président du comité de programme RJCIA 2026

Nicolas Verstaevel

) RJCIA@QPFIA 2026
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Accelerating Large Language Model Inference with Dynamic Self-Speculative Decoding

Accelerating Large Language Model Inference with Dynamic
Self-Speculative Decoding

Florian Valade'

! Université Gustave Eiffel, Fujitsu

florian.valade @email.com

Résumé

Cet article présente une approche modulaire pour accé-
lérer Uinférence des modéles de langage de grande taille
(LLMs) en ajoutant des tétes de sortie anticipée (« early
exit heads ») aux couches intermédiaires du transformer.
Chaque téte est entrainée de maniére auto-supervisée pour
imiter les prédictions du modeéle principal, permettant ainsi
d’interrompre le calcul des qu’un seuil de confiance calibré
est atteint. Nous évaluons plusieurs métriques de confiance
et démontrons que [’entropie offre la séparation la plus
fiable entre les prédictions correctes et incorrectes. Des ex-
périences menées sur la suite de modéles Pythia (de 70M
a 2,8B de parametres) montrent que notre méthode réduit
considérablement le coiit d’inférence tout en maintenant la
précision sur plusieurs benchmarks. Nous adaptons ensuite
cette approche au décodage spéculatif en introduisant le «
Dynamic Self-Speculative Decoding » (DSSD), qui atteint
un taux d’acceptation de jetons 1,66x supérieur aux réfé-
rences LayerSkip ajustées manuellement, avec un réglage
minimal des hyperparametres.

Mots-clés

Early Exit, LLM Inference, Speculative Decoding, Accele-
ration

Abstract

This paper presents a modular approach to accelerate in-
ference in large language models (LLMs) by adding early
exit heads at intermediate transformer layers. Each head
is trained in a self-supervised manner to mimic the main
model’s predictions, allowing computation to stop early
when a calibrated confidence threshold is reached. We eva-
luate several confidence metrics and show that entropy pro-
vides the most reliable separation between correct and in-
correct predictions. Experiments on the Pythia model suite
(70M to 2.8B parameters) demonstrate that our method si-
gnificantly reduces inference cost while maintaining accu-
racy across multiple benchmarks. We further adapt this ap-
proach to speculative decoding, introducing Dynamic Self-
Speculative Decoding (DSSD), which achieves 1.66X hi-
gher token acceptance than manually-tuned LayerSkip ba-
selines with minimal hyperparameter tuning.

Keywords
Early Exit, LLM Inference, Speculative Decoding, Accele-

RJCIA@PFTIA 2026

ration

1 Introduction

Large language models (LLMs) have become central to ad-
vancing capabilities in natural language processing (NLP),
delivering remarkable performance across a range of tasks.
The trend towards scaling up these models correlates stron-
gly with improved performance, understanding, and gene-
rality. This relationship has been formalized through em-
pirical scaling laws, which demonstrate that model perfor-
mance improves predictably with increased model size, da-
taset size, and compute budget [ | 0, | 2]. However, the com-
putational cost associated with these larger models is sub-
stantial, often necessitating the use of powerful server in-
frastructure [2”]. This not only limits local usability but
also raises significant privacy concerns and requires consi-
derable investment to scale in response to user demand. So-
lutions exist to reduce the computational demands of these
models, but they often impact the model’s performance by
reducing its accuracy [+ ].

Despite their effectiveness, these models often operate in-
efficiently. The nature of language itself contributes to this
inefficiency ; namely, not all tokens generated during the in-
ference process contribute equally to the overall meaning or
require the same level of computational resources. Some to-
kens are inherently simpler and can be predicted with high
confidence early in the computation process, while others,
contributing more significantly to the context or meaning,
may require deeper processing.

In response to these challenges, we develop a method that
can be easily integrated into existing pre-trained models to
enhance their inference speed without extensive retraining.
Our solution focuses on the strategic placement of early exit
"heads" [~ 7, 7¢] within the transformer layers of an LLM.
These heads terminate the inference process when a cali-
brated confidence threshold is met, based on the complexity
and predictability of the token being processed.

Our contributions are twofold :

1. We provide a detailed experimental study and mo-
dular framework for training and deploying early
exit heads on top of LLMs. We analyze multiple
training strategies, confidence metrics, and demons-
trate scalability across model sizes from 70M to
2.8B parameters on the Pythia suite.



2. We adapt our early exit mechanism to speculative
decoding, introducing Dynamic Self-Speculative
Decoding (DSSD), which achieves 1.66x hi-
gher token acceptance rates than manually-tuned
LayerSkip baselines while requiring minimal hyper-
parameter tuning—only a single accuracy threshold
€.

2 Related Work

Transformers [?”] scaled into today’s LLM families such
as BERT, GPT-3, PaLM, LaMDA, LLaMA and OPT [7, 3,
, 29, 30, 29], powering vision [%], speech [Z ] and mul-
timodal models. Their billion-parameter footprints, howe-
ver, make every token generation costly. Static compres-
sion—quantisation, pruning and distillation [5, 27, 38, | |,
, | ]—slashes model size but still expends identical com-
pute on easy and hard inputs. Early-exit methods address
this imbalance by attaching lightweight classifiers to inter-
mediate layers and halting computation once a confidence
criterion is met.
In computer vision, BranchyNet [2%] and MSDNet []
or EERO methodology [ ] established the two key com-
ponents still used today : deeply supervised branches and
an entropy-based exit rule. Transferring the idea to Trans-
formers, DeeBERT and The Right Tool calibrated soft-
max confidence to save up to 5x latency with negligible
loss [#5, 24]. FastBERT distilled the final head into earlier
exits [70], PABEE demanded k consecutive agreeing pre-
dictions instead of a threshold [“()], and BERxiT learned
an explicit when-to-exit module while alternating fine-tune
schedules [0]. Skip/SmartBERT added trainable gates that
may bypass whole layers, combining skipping with exiting
for 2-4x cheaper inference [/ ¢, 5].
Early exit for sequence-to-sequence generation is newer.
Depth-Adaptive Transformers first applied exits to neural
MT [“]; FREE and DEED refined token-level uncertainty
estimates [ 7/, 2 /]. Recent evidence shows exits remain ef-
fective inside 13 B-parameter LLaMA-2 and GPT-J [1],
suggesting scalability to modern LLMs.
Speculative decoding [/ 7/, <] accelerates LLM inference
by using a smaller draft model to generate candidate to-
kens, which are then verified in parallel by the target mo-
del. LayerSkip [! ()] combines this with early exits, using
intermediate layers as draft models. However, LayerSkip
requires exhaustive hyperparameter search over both head
selection and speculation length. Our DSSD method ad-
dresses this limitation by adaptively selecting exit layers
based on calibrated confidence.
Our work inherits the plug-and-play nature of DeeBERT-
style branches, borrows the self-supervised signal of Fast-
BERT, and scales token-level exits to different architecture
sizes. We train exit heads without extra data—using the mo-
del’s own probabilities—then calibrate a single threshold
on a held-out set a la conformal prediction [°]. Unlike
layer-skipping approaches, the backbone weights remain
frozen, guaranteeing monotonic accuracy with deeper com-
putation.

F. Valade

3 Methodology

This section details our methodology for integrating and
utilizing early exits within large language models (LLMs)
to enhance computational efficiency during inference. The
approach is designed to be generalizable and, while we de-
monstrate its application using the Pythia suite, it is appli-
cable to any multi-layered transformer model. This adapta-
bility ensures that our methodology can be leveraged across
a broad spectrum of modern LLMs, enhancing their usabi-
lity without requiring significant modifications to their un-
derlying architectures.

3.1 Definitions and Notation

We introduce here the main notations used throughout the
paper.
Vocabulary. Let V denote the vocabulary, a finite set of to-
kens :

V= {U17U27--~7U\v|}7

where | - | denotes cardinality of sets.

Dataset. We consider a dataset D of N examples, where

each example is a sequence of tokens :
D={x,, x0 =@, ), aev.

A subset D, C D is reserved as a calibration set, the rest

being used for training.

Each sequence x(*) can have a variable length L;. The to-

tal number of tokens in the dataset is M = Zfil L;,

with M > N in general. Similarly, the calibration set D¢y
contains N, examples and a total of M, tokens.

Language model. A large language model (LLM) is a
function fy parameterized by €, mapping a sequence of to-
kens to a sequence of probability distributions over the vo-
cabulary :

for(@1,....x0) = (P1,...,pr), pr € AV,
where AV is the probability simplex over V.
Objective. Given an input sequence x = (z1,...,2L) €

V| the target sequence is y = (y1,...,y5) € YV with
Yyt = T4 (i.e., the next-token prediction task).

Early exit heads. We introduce K early exit heads, each
defined as a function hy, (with its own parameters, but sha-
ring the backbone with fy) that maps a sequence of L to-
kens to a sequence of probability distributions :

hk :(xlw"axL)’_)(pk,la"'apk,L)v pk,tEAW‘-
All early exit heads share the same backbone, so most of
their parameters are shared with the main model.

Confidence metric. A confidence metric is a function c :
AVl — R that assigns a real-valued confidence score to a
probability vector (e.g., ¢(p) = max; p;).

RJCIA@QPFIA 2026
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Accuracy threshold ¢. The parameter ¢ € [0, 1] controls
the minimal desired accuracy for early exit decisions. For
each early exit head, a prediction is only output if its confi-
dence metric exceeds a calibrated threshold corresponding
to at least e empirical accuracy on a held-out calibration
set. Lowering e increases speedup at the cost of potential
accuracy loss, while higher e enforces stricter correctness
guarantees.

The above definitions give a precise, token-level view of the
model outputs and their interaction with early-exit logic;
they will serve as the foundation for the training objectives,
calibration techniques, and inference algorithms described
in the following sections.

3.2 Implementation Details

To enhance the inference efficiency of large language mo-
dels, we incorporate early exit "heads" into a pre-existing
model, in this instance, the Pythia suite [’]. These heads are
implemented at regular intervals along the network. Struc-
turally, each head is a simple multi-layer perceptron (MLP)
identical to the final classification head of the model. Each
of these head takes as input hidden features from a transfor-
mer block inside the model.

Placement of early-exit heads. Let the transformer
backbone consist of L stacked blocks, indexed 7 =
{1,2,...,L}, and let K denote the desired number of
early—exit heads. To distribute the heads uniformly while
keeping the final classification layer untouched, we attach
head k € {1,..., K} to the block whose index is

= L)

Equation (1) simply divides the layer indices into K + 1
equal segments and selects the endpoint of each segment
(rounded down to the nearest integer) as a branch location.
In our experiments we set K = 4; hence the heads are
inserted at ¢, € {| £, 2], [3&], 4]}

For the implementation of these heads, we experimented
with two initialization strategies : initializing the heads
from scratch and copying the final classification head in
order to fine-tune it. The difference between the two are
analyzed in Section 4. With the architectural choices esta-
blished, we next describe the data and objectives used to
train the early exit heads.

k=1,... K. (1

3.3 Training data and objectives

Corpus. All auxiliary heads are trained on MINIPILE [ ! 5],
a 6-GB stratified subset of the original 825-GB THEPILE-
DEDUPLICATED [/”] dataset that was employed for pre-
training the PYTHIA backbone []. Using the same data dis-
tribution avoids the distribution-shift issues that often ap-
pear when auxiliary classifiers are fitted post-hoc.

Losses. For the whole predicted sequence ¥, we can com-
pute different losses depending on the objectives. We de-
fine the cross-entropy loss and the Kullback—Leibler diver-
gence between the predicted probability distribution g and

RJCIA@PFTIA 2026

10

the ground-truth labels y as follows :

»CCE( ZZl{y(t) U}log (t)),
t 1vey
Lx ($]ly) = Z > 9 log =
t 1vey

In the context of self-supervised training, we consider the
Kullback-Leibler divergence where the target y is replaced
by the output of the main model fy. Thus, the loss Lki,
becomes :

Ly (Y| fo) =

Z > g log 22

t 1vey

The cross-entropy loss Lcg is used when considering a su-
pervised training objective. It matches how the main model
is trained and can be used to train the heads as well. The
Kullback—Leibler divergence Lkp. is used when considering
a self-supervised training objective. It encourages the early
exit heads to mimic the full probability distribution of the
main model, which can be useful for improving the perfor-
mance of the early exits. From this, we consider three trai-
ning objectives obtained from the above building blocks :
— Supervised (Lyp). Purely next-token cross-entropy
against ground-truth labels, that is, Lsup = LcE;
— Self-supervised (L ). KL divergence that encou-
rages each head to mimic the teacher’s full probabi-
lity distribution, that is, Leif = LK1 3
— Hybrid (Lyy). The sum of the two losses above,
weighted by coefficients o € (0, 1), that is, Lnyp, =
alce+ (1 —a) L.
As reported in Section 4, the self-supervised objective
(Lseir) yields the most faithful approximation of the tea-
cher’s behavior while preserving calibration, and therefore
constitutes our default choice for all subsequent experi-
ments.

3.4 Calibration and Inference

After training the early exit heads, the next crucial step in-
volves calibrating and using these heads during model in-
ference. This process is divided into two main stages : cali-
bration of the confidence thresholds and the application of
these thresholds during inference.

3.4.1 Calibration of Confidence Thresholds

In our approach, we evaluated three different confidence
metrics for calibrating early exit thresholds : (1) maximum
probability, (2) entropy of the predicted distribution, and
(3) the difference between the top two probabilities ("brea-
king ties"). To determine which metric best separates cor-
rect from incorrect predictions, we analyzed their ability to
discriminate between right and wrong outputs using ROC
(Receiver Operating Characteristic) curves (Figure 1).

After training, we computed the ROC curves for each me-
tric by plotting the true positive rate against the false posi-
tive rate as the threshold varies, using the predictions from



the early exit heads. This analysis was performed across six
Pythia models, ranging from 70M to 2.8B parameters. The
results are summarized in Figure |, which displays the ROC
curves for all metrics and models.

Our findings consistently show that entropy outperforms
the other metrics in every case, achieving a higher area un-
der the curve (AUC) regardless of model size. This indi-
cates that entropy provides a more reliable separation bet-
ween correct and incorrect predictions, making it the most
effective metric for threshold calibration in our early exit
framework. Furthermore, we observe that the AUC of the
entropy metric tends to increase with model size, sugges-
ting that early exit mechanisms become even more effective
as the underlying model grows larger.

Pythia-70M_SSEE Pythia-160M_SSEE

Pythia-410M_SSEE

True Positive Rate

True Positive Rate
True Positive Rate

False Positive Rate

Pythia-2.8B_SSEE

False Positive Rate

Pythia-1B_SSEE

False Positive Rate

Pythia-1.4B_SSEE

True Positive Rate

True Positive Rate
True Positive Rate

2 oa 06 08 10
False Positive Rate

— Confidence Score Confidence Margin ~ —— Entropy (Lower is better)

FIGURE 1 —ROC curves for three confidence metrics across
six Pythia models (70M to 2.8B). Entropy consistently
achieves the highest AUC.

To calibrate the confidence thresholds, we perform a full
epoch over our calibration dataset. For each example in the
calibration set and for each early exit head, we compute the
head output for every token in the sequence, then apply the
confidence metric c to each token output, and store all these
scores in a global vector ¢, € R, where ML, is the total
number of tokens in the calibration dataset.
Correspondingly, let t; be a binary vector of length My
where each element corresponds to the correctness of the
prediction associated with the respective element in cg.
Specifically, ty, ; is 1 if the 4" prediction at head k matches
the j* prediction of the underlying model fy(x), otherwise
0:

tk,j = ﬂ{arg max pg,;=arg max pg,; }

if argmax(pg,;) = arg max(pg,;)

1 2
“ 1 0 otherwise

To determine the confidence threshold for each early exit
head, we utilize the calibration set to empirically estimate
the relationship between the confidence metric and predic-
tion correctness. Specifically, for each head k, we sort the
calibration metric values in ascending order. Given a user-
specified confidence level e € [0, 1], which represents the
minimum desired proportion of correct predictions above
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the threshold, we identify the smallest metric value such
that the proportion of correct predictions among all samples
with higher (or equal) metric values is at least . This proce-
dure ensures that, during inference, predictions made with a
confidence metric exceeding the threshold are correct with
probability at least ¢, thereby providing a principled trade-
off between computational efficiency and predictive accu-
racy. Formally, the threshold for each head is defined as fol-
lows.

Recall that c; and t; denote, respectively, the vectors
of confidence metric values and correctness indicators
for head k, as defined in equation (2). To proceed, we
jointly sort these vectors in ascending order according to
the values in cy, resulting in ordered sequences c; =
(Ck’l, Ck,25- -5 ck;Mcal) and t, = (tk,latk,% ... :tk,Mcal)
such that Ck,1 < Ck,2 <...< Cl, My -

We then define j as the smallest index for which the propor-
tion of correct predictions among all samples with confi-
dence at least ¢, ; meets or exceeds the target confidence

level € : v
cal .
ZLP“ > €.
Mcal —J + 1
Then, let the threshold 7, be defined as :

Tk = Ck,j'

In other words, 75, is the value of the confidence metric at
the index j, where j is the smallest index such that the pro-
portion of correct prediction in the remaining samples is at
least €.

3.4.2 Inference Process

After establishing the confidence thresholds for each early
exit head through the calibration process, the model is then
ready to utilize these thresholds during the inference phase
to efficiently process new inputs.

During inference, each input x is sequentially processed
through the model’s layers, with the possibility of early ter-
mination at any of the early exit heads hj. For each head
ke{1,2,..., K}, we compute :

pr = hi(x),
cr = c(Pk)-
We then return py, as output from the model if :
Ck 2> Tk.

If no head satisfies this inequality, we return pg.

This calibrated and threshold-driven early exit mechanism
allows the model to balance efficiency with accuracy, ensu-
ring that resource-intensive computations are only perfor-
med when necessary.

4 Experiments and Results

We organize our experimental evaluation into two comple-
mentary parts '. First, we evaluate calibrated early exits on

1. All computations are run on a server with an Intel(R) Xeon(R) Gold
5120 CPU and a Tesla V100 GPU with 32GB of Vram and 64GB of
RAM. Code used in experiments to train and evaluate can be found un-
der : https ://anonymous.4open.science/r/BranchyLLM-B870
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standard inference tasks using the Pythia suite (70M-2.8B
parameters). We describe the training process for early exit
heads and analyze how accuracy-speedup trade-offs scale
across model sizes on benchmark tasks. Second, we extend
our method to speculative decoding, introducing Dynamic
Self-Speculative Decoding (DSSD), which eliminates the
need for manual hyperparameter tuning. Throughout our
experiments, we use Pythia as a representative example
that allows us to scale according to hardware capabilities,
though our approach is theoretically applicable to any lan-
guage model architecture.

4.1 Training

In the training phase, we systematically compared the three
loss functions described in Section 3.2 : supervised (cross-
entropy), self-supervised (KL divergence to the main mo-
del’s output), and a hybrid of both. Our primary goal was
to select a training objective that enables early exit heads to
best approximate the main model’s predictions while also
providing meaningful uncertainty estimates.

We found that the self-supervised loss, which encourages
each early exit head to mimic the output distribution of the
main model, consistently led to the best alignment with the
main model’s predictions. This loss not only matches the
output probabilities but also preserves the calibration pro-
perties necessary for reliable early exits.

Additionally, we experimented with two initialization stra-
tegies for the early exit heads : (1) copying the weights
from the main model’s final classification head (Im_head),
and (2) random initialization. When the early exit heads are
initialized by copying the Im_head, they start with a lower
loss and initially perform better. However, as training pro-
gresses, the randomly initialized heads quickly overtake the
copied ones in both loss and performance.

A key observation is that heads copied from the Im_head
tend to be overconfident, even when making incorrect pre-
dictions. This results in low entropy outputs and a lack
of meaningful uncertainty, which is detrimental for early
exit decisions. In contrast, randomly initialized heads, when
trained with the self-supervised loss, develop a better no-
tion of uncertainty, producing higher entropy outputs when
unsure. This property is crucial for effective early exit me-
chanisms, as it allows the confidence metric to reliably dis-
tinguish between correct and incorrect predictions.

For our training experiments, we launch training with the
self-supervised loss described above on all Pythia models
from 70M to 2.8B parameters. We use a learning rate of
5 x 10~ and train on 500,000 examples sampled from the
MiniPile dataset. Four early exit heads are added at the lo-
cations described in the Methodology section.

4.2 Inference

For the inference evaluation, each model is evaluated with
different values of the confidence threshold parameter e,
ranging from 0.5 to 1.0 in increments of 0.05. This sys-
tematic sweep allows us to analyze the trade-off between
computational savings and predictive accuracy.

We follow the same set of benchmarks as the original Pythia
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Pythia-70M
—e— Pythia-160M
—e— Pythia-410M
50 —e— Pythia-18
—e— Pythia-1.48
—e— Pythia-2.88

Speedup (%)

1.0 0.9 0.8 0.7 0.6 0.5
Accuracy threshold (¢)

FIGURE 2 — Speedup vs. confidence threshold € for dif-
ferent Pythia model sizes.

paper : WSC, Winogrande, SciQ, PIQA, LogiQA, LAM-
BADA_OpenAl, ARC Easy, and ARC Challenge. For each
benchmark and each value of €, we report both the bench-
mark score and the mean output layer, translated to a spee-
dup percentage.

TABLE 1 — Benchmarks results for Pythia-2.8B. Each line
corresponds to a value of e ranging from 0.5 to 1.0 in steps
of 0.05 (top to bottom), with the bottom line being the ba-
seline (¢ = 1). More benchmarks available in the appendix.

€ Speedup winogrande piqa

0.50 58.6% 0.541 £0.014  0.615 = 0.011
0.55 51.2% 0.564 +0.014  0.635 = 0.011
0.60 43.7% 0.565 +0.014  0.643 = 0.011
0.65 36.2% 0.565 £0.014  0.668 £+ 0.011
0.70 30.3% 0.586 £0.014  0.681 £0.011
0.75 25.0% 0.579 £0.014  0.690 &+ 0.011
0.80 20.2% 0.574 £0.014  0.707 £ 0.011
0.85 15.8% 0.579 £0.014  0.719 £ 0.010
0.90 12.0% 0.571 £0.014  0.730 £ 0.010
0.95 7.6% 0.572+£0.014  0.733 £0.010
1.00 0.0% 0.571 £0.014  0.742 £ 0.010

The results of the benchmark on Pythia-2.8B are shown in
Table 1. The results for the other model sizes are provided
in the appendix.

Our results show that for some benchmarks, such as Wi-
nogrande and WSC, the reduction in computation has little
to no effect on accuracy, even with aggressive early exi-
ting. However, some benchmarks experience a drop in per-
formance when using very aggressive thresholds (lower ¢).
Despite this, for moderate values of ¢, the benchmark scores
remain close to those of the main model, while achieving
speedups between 10% and 20% depending on the model
size.

Interestingly, we observe that smaller models in the Py-
thia suite, such as the 70M and 160M parameter variants,
can even show improvements on certain benchmarks when
early exits are used aggressively. This suggests that early
exit mechanisms may help regularize smaller models or mi-
tigate overfitting in some cases.

Beyond benchmark results, we also observe that the spee-
dup achieved by early exit increases with the size of the



model. Larger models benefit more from early exit, with
greater computational savings for the same threshold va-
lues. This effect may be explained by several factors : (1)
the relative size of the early exit heads becomes less signi-
ficant as model size increases, and (2) the intermediate fea-
tures in larger models may provide better representations,
enabling more accurate early predictions. This trend is illus-
trated in Figure 2, which shows the speedup as a function
of the threshold for all model sizes.

All detailed tables of benchmark scores and speedup for
each model and threshold are provided in the appendix.
While our results demonstrate the effectiveness of early
exits, it is important to consider the limitations and broa-
der impacts of this approach.

To address the accuracy drops observed with aggressive
early exiting while maintaining computational efficiency,
we adapt our calibrated early exit mechanism to specula-
tive decoding. This approach allows us to achieve signifi-
cant speedups without compromising the final output qua-
lity, as the full model verifies all predictions.

4.3 Dynamic Early Exit for Speculative De-
coding

Having established the effectiveness of calibrated early
exits for single-token prediction, we now extend our me-
thod to speculative decoding—a technique where a faster
draft model proposes multiple tokens that are then verified
in parallel by the full model. This approach, exemplified
by LayerSkip [!0], can significantly accelerate autoregres-
sive generation. However, LayerSkip requires practitioners
to manually tune two coupled hyperparameters : (i) which
intermediate head/layer to use for drafting, and (ii) how
many tokens to speculate per round. Finding optimal set-
tings often requires exhaustive grid search across prompts
and tasks, with 24 configurations tested in our experiments.
Our key contribution is to replace these two discrete knobs
with a single continuous accuracy threshold ¢ € [0, 1],
leveraging the same calibrated entropy-based exit mecha-
nism from Section 3.4.1. The key insight is that per-token
confidence naturally determines both where to exit (head
selection) and when to stop drafting (adaptive speculation
length). This unified approach, which we call Dynamic
Self-Speculative Decoding (DSSD), eliminates manual tu-
ning while achieving superior acceptance rates : on Pythia-
2.8B, DSSD reaches 88.8% acceptance at ¢ = 0.9 compa-
red to LayerSkip’s best of 53.6%, a 1.66 x improvement.

4.3.1 DSSD Algorithm

DSSD extends the inference procedure from Section 3.4.2
to multi-token drafting :

Drafting phase. Starting from the current context, we eva-
luate early-exit heads sequentially from shallowest to dee-
pest. For each position, we select the first head £ whose en-
tropy H(pr) < 7(€) falls below its calibrated threshold.
We append the predicted token to a draft buffer and conti-
nue until : (i) the buffer reaches a preset limit (e.g., 32 to-
kens), (ii) an end-of-sequence token is generated, or (iii) no
head meets the confidence threshold, triggering a fallback

13

F. Valade

100 » '
I H2 (L18)
[ H3 (L24)

[ HO (L6)
= H1(L12)

80

60

40

Token Distribution (%)

20

0.50 0.55 0.60 0.65 0.70 0.80 0.90
Accuracy Threshold (g)

FIGURE 3 — Adaptive head selection : token distribution
across heads HO(L6), H1(LL12), H2(LL18), H3(LL.24) at dif-
ferent accuracy thresholds e, where notation H;(L;) indi-
cates head ¢ at layer j. As e decreases, the system shifts
from primarily using HO to a balanced mix across all heads.

to the full model. This produces a variable-length draft se-
quence whose length adapts to local token difficulty.

Verification phase. We pass the entire draft buffer through
the full model in a single forward pass, obtaining target pre-
dictions for all positions simultaneously. We then compare
each drafted token with the corresponding full-model pre-
diction : accepted tokens are committed to the output, while
the first mismatch triggers an immediate rewrite with the
full-model token. This produces an atomic commit of the
accepted prefix. The mean number of accepted tokens per
verification round acts as an implicit, adaptive speculation
budget.

Comparison to LayerSkip. In LayerSkip, practitioners
fix a single head (e.g., layer 6) and a speculation length
(e.g., 10 tokens) for all contexts. Our method dynamically
chooses the head on a per-token basis and automatically ad-
justs the effective speculation length through the acceptance
mechanism, adapting to context difficulty without manual
intervention.

4.3.2 Experimental Design

We evaluate DSSD on Pythia-2.8B with 200-token greedy
decoding, comparing :
— DSSD (ours) Accuracy sweep ¢ €
{0.5,0.55,0.6,0.65,0.7,0.8,0.9} (7 levels).
— LayerSKkip (fixed) : Exhaustive grid search over 4
heads x 6 speculation lengths (24 configurations).
Experiments use prompts sampled from our dataset to test
the method across diverse topics.

4.3.3 Results and Analysis

Superior acceptance with lower overhead. DSSD at ¢ =
0.9 achieves 88.8% acceptance rate—1.66x better than
LayerSkip’s best (53.6%). This improvement translates di-
rectly to reduced wasted computation : DSSD discards only
8 tokens versus LayerSkip’s 128 tokens, a 14x reduction
in waste. Figure 3 illustrates this adaptive behavior.

Understanding layer concentration. An important obser-
vation from Figure 3b is that mean exit layers concentrate

RJCIA@QPFIA 2026



Accelerating Large Language Model Inference with Dynamic Self-Speculative Decoding

100
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s
¢
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¢
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Acceptance Rate (%)

20 /
’ LayerSkip
€ = = DSSD (Pareto Frontier)

5.0 7.5 10.0 12.5 15.0 17.5

Mean Exit Layer
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FIGURE 4 — Acceptance rate vs mean exit layer during draf-
ting across all configurations. The dashed green line traces
DSSD’s frontier (diamonds), while LayerSkip configura-
tions (circles) are dominated. The star highlights DSSD at
e = 0.9, achieving 88% acceptance with only 13.6 mean
exit layers.

in a relatively narrow range (10.9—13.6 across all € values),
spanning only 2.74 layers despite having 4 discrete exit
points at [6, 12, 18, 24]. This concentration is expected
and optimal rather than anomalous : (i) only 4 discrete exit
points naturally limit the range, (ii) calibrated thresholds
steer tokens toward heads H1-H2 (layers 12-18) as these
offer the best efficiency-quality trade-off, and (iii) the nar-
row span represents successful optimization—the system
has identified that most tokens benefit from moderate depth.

4.3.4 Summary

Our dynamic early-exit controller unifies head selection and
speculation length into a single accuracy threshold e, elimi-
nating exhaustive hyperparameter tuning. Across 31 confi-
gurations tested on Pythia-2.8B, our method demonstrates :
Superior acceptance : 1.66x higher than best
LayerSkip (88.8% vs 53.6%)

Reduced waste : 14 x fewer discarded tokens (9 vs
128)

Earlier exit : 10.4 layers shallower on average (13.6
vs 24.0)

Zero tuning : Single threshold vs 2D grid search
As model size increases and exhaustive search becomes
prohibitive, the automatic adaptation to token difficulty po-
sitions DSSD as a scalable, user-friendly alternative to fixed
speculative strategies.

5 Limitations and Potential Impacts

While our early exit approach enables acceleration of large
language models, the speedup gains without DSSD can re-
main modest when aiming to preserve the original LLM’s
accuracy. However, we observe that for certain benchmarks,
early exits do not lead to any noticeable degradation in ac-
curacy, even with significant acceleration.

Another important trend highlighted by our experiments is
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that the speedup obtained through early exits tends to in-
crease with model size. Larger models appear to benefit
more from this mechanism, both in terms of computatio-
nal savings and in the stability of their predictions under
early exit. Nevertheless, due to our limited computational
resources, we were unable to train and evaluate early exit
models on the largest architectures available. Confirming
and further exploring this trend would require access to
greater computing power.

6 Conclusion

In this work, we introduced a modular early exit mecha-
nism for large language models, allowing inference to ter-
minate early based on calibrated confidence metrics. Our
approach is easy to integrate into existing transformer archi-
tectures and does not require retraining the backbone mo-
del. Through extensive experiments on the Pythia suite, we
demonstrated that early exits can provide significant infe-
rence speedups, especially for larger models, while main-
taining high accuracy on several benchmarks.
Furthermore, we introduced Dynamic Self-Speculative De-
coding (DSSD), which integrates calibrated heads into a
speculative decoder to achieve 1.66x higher token accep-
tance rates compared to manually-tuned LayerSkip base-
lines. The zero-tuning property and automatic adaptation to
token difficulty make DSSD particularly attractive for prac-
tical deployment.

Overall, our findings suggest that exploiting the natural va-
riability in token difficulty is a promising direction for acce-
lerating large language models. We encourage the commu-
nity to build upon this work, exploring new strategies and
applications to enable efficient and scalable deployment of
LLMs in real-world, resource-constrained environments.
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Abstract

LLM fingerprinting (FP) consists in identifying a re-
mote model using only regular query/answer infor-
mation. Identifying good FP strategies is an active
research area. In this short paper, rather than fin-
ding good FP strategies, we assume the existence of
a perfect one and model its cost as a lower bound
of the cost of any FP approach. We then explore on
GPT2 possible relaxations of this arguably simplis-
tic model. This opens the discussion on the realistic
cost/accuracy trade-off for future schemes.

Keywords
LLMs, Fingerprint, Operational cost

1 Introduction

Fingerprinting, watermarking, change detection :
many contemporary problems revolve around the
identification of a target LLM using only (black-box)
interaction traces. Indeed, in these challenging regu-
latory and auditing settings, identifying the target mo-
del (either through a fingerprint, or indirectly through
the absence of detected change) appears as a funda-
mental building block. Intuitively, assessing the sa-
fety of a model today is of little help if the auditor
cannot properly detect tomorrow that its behaviour
differs from the assessed one.

State-of-the-art fingerprinting schemes [ |, ”] for large
language models (LLMs) operate under the work as-
sumption that variants from a given model architec-
ture must be identified as a whole (i.e., the same)
identical entity. This is because variants from an
expensive-to-train architecture are equally valuable.
Under this work assumption, these schemes track the
best possible identification accuracy.

In this short paper, we take a step to examine the lo-
gical consequences of such a design choice. We start
by modeling the fingerprinting process using an ideal
function, which permits to reason about operational
cost in Section 2, before we conjecture practical im-
plications when this cost is not reachable in practice.
Finally, we illustrate in Section 3 the results of our
experiments with GPT?2 to showcase that this mode-
lization makes sense in the wild.
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2 The Topology of Fingerprints

Definition 1 (Model Space). Let © C R? represent
the space of LLM parameters, where d is the dimen-
sion (e.g., d = 70 x 10°). To further simplify the ap-
proach, we assume models exhibit deterministic be-
haviour (temperature set to zero), and no context.
LLM behaviour space is here the space of all possible
(prompt/answer) couples.

These hypotheses represent an ideal analytical situa-
tion, at the expense of realism. Nevertheless, they all
concur to simplifying the fingerprinting : any realistic
fingerprinting approach will be strictly harder.

Definition 2 (Perfect Fingerprint). Given the set F of
observable features used for identification, a perfect
fingerprint is a function FPP : © — F such that :

91 #92 — FPP(Hl) #FPP(QQ)

Assuming the availability of such a FPP is a strong
hypothesis. It is arguably the implicit function sought
by any fingerprinting method. Intuitively, an ideal
FPP would be equivalent to any LLM truthfully re-
sponding to the query "what are your parameters ?".
In this study, we focus on models all sharing the
same architecture, so that it’s possible for us to com-
pare their parameters. Allowing multiple architec-
tures would extend the parameter space, and thus
make the problem even harder.

2.1 The Cost of Perfect Fingerprinting

Proposition 1 (Fingerprinting Cost). Let FPP be a
perfect fingerprint. By the pigeonhole principle :

[Fl = 16|

If each of the d parameters is represented with k
quantization levels (e.g., k = 2'6 for fp16), then :

10| ~ k?

The information-theoretic cost to distinguish all fin-
gerprints with a FPP is :
cost(FPP) = log,(|F]) > logy(|O])
= d - logy(k) bits = O(d) bits
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Example 1 (Numerical illustration). Consider GPT-
2 with d = 124 x 108 parameters quantized to 16
levels (fp16) (k = 216) :

Perfect fingerprint : cost(FPP) = d - log,(k) =
124 x 10% x 16 = 1984 x 10° bits (248 MB).

2.2 Coarse Perfect Fingerprints

In practice, perfect fingerprinting (distinguishing all
6 € O) is thus prohibitively expensive. State-of-the-
art fingerprinting methods [ |, 2] do not aim for global
uniqueness, but instead assign the same fingerprint
to a model 6y and all models "similar" to it. We can
model this as follows :

Definition 3 (Coarse Perfect Fingerprint). Let ~ be
an equivalence relation on ©. A coarse perfect fin-
gerprint is a function FPP. : © — F such that :

0 ~ 0y => FPP,(0) = FPP.(6,)

That is, FPP. is constant on each equivalence class

[6o]~ over ©.
Proposition 2 (Cost Reduction via Coarse FPP). If

O is partitioned into equivalence classes [0] of size
T, the information-theoretic cost becomes :

cost(FPP.) = log,(|F|) > log, ('?)

= cost(FPP) — log,(T)

State-of-the-art fingerprinting schemes operate at a
radically lower scale : [ 7] distinguishes models using
300 samples from TruthfulQA, while [!] requires
only 8 queries to distinguish among 42 LLMs. To
match the cost of state-of-the-art schemes, each equi-
valence class would need to contain an astronomi-
cally large number of models, far beyond any realis-
tic notion of identical behavior. This gap is partly ex-
plained by a difference in goals : since most of exis-
ting schemes focus on intellectual property protec-
tion, they’re designed to consider two models identi-
cal if they share the same base model. In contrast, our
setting requires detecting behavioral changes since a
model’s last audit : under this stricter notion of iden-
tity, our analysis confirms that no fingerprint of prac-
tical size can avoid false positives, even in our de-
terministic and favorable setting. This gap will only
widen in more complex, realistic scenarios.

This section showed that even in a restricted, favo-
rable setup, a perfect fingerprinting scheme requires
an impractical query size : any small sized finger-
print will cause errors in identification (false posi-
tives) due to collision, by the pigeonhole principle.
We now reach the same conclusion in Section 3 un-
der additional geometric assumptions on ©.

3 A Geometrical Illustration

For the purposes of this illustration, we make two ad-
ditional assumptions : that © is uniformly populated

RJCIA@PFTIA 2026
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FIGURE 1 — PDF of the distances between models in
the two "identical" or "different" classes.

by equivalence classes, and that they correspond to /5-
balls of radius [. We selected 10 different models, all
sharing the GPT-2 architecture, from HuggingFace.
For each base model, we generated variants by fine-
tuning on 10, 15, or 20 examples from the WikiText-2
dataset, for 1 or 2 epochs, with learning rate 106 or
5 x 107, We kept only the variants whose perplexity
on 128 examples from WikiText-2 differed from the
base model by less than 5%. When more than 5 such
variants were available, we kept the 5 with the largest
lo distance from their base model. This process leads
to the examination of the pairwise /5 distances on 58
models across all families, split in two classes : "iden-
tical" and "different", the logic being that the variants
("identical") should be closer to their original model
than to other specialized GPT2 models ("different").
Figure 1 shows a clear separation between the two
classes at distance around 1.0.

Let’s consider a back-of-the-envelope upper bound :
fpl6 uses 5 exponent bits, 10 fraction bits, and 1
sign bit. Considering a maximal distance of 1.0 bet-
ween identical models (arbitrary dashed cutoff in Fi-
gure 1), assume two models are identical if and only
if all their exponent bits are identical. We therefore
allow 11/16 bits per dimension to change between
identical models. As a consequence, a coarse finger-
printing scheme must determine the 5 remaining bits
per dimension : cost(FPP,) is thus 5/16 ~ 31% of
cost(FPP).

In conclusion, having equivalence classes in practical
settings does not significantly change the argument
from Section 2 (same order of magnitude), and that a
critical cost/accuracy trade-off is present by design,
due to the fingerprint sizes in the state-of-the-art.
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Résumé

Le raisonnement juridique dépend fondamentalement de la
capacité des professionnels du droit a identifier, formaliser
et évaluer les arguments dans les textes juridiques.
Cependant, la recherche actuelle repose sur un ensemble
limité de ressources annotées et integre rarement la logique
formelle dans I’ensemble de la chaine d’analyse. Ce travail
propose un cadre modulaire qui combine [’extraction
d’arguments, la traduction NL-logique et I’évaluation de
la force des arguments, en utilisant des stratégies de
prompting et des schémas argumentatifs. L’objectif est de
faire progresser le raisonnement juridique computationnel
en proposant des outils qui améliorent la transparence
et la cohérence dans la prise de décision juridique, en
créant de nouveaux corpus annotés variés pour soutenir
des modeles plus robustes, et en contribuant a des systemes
d’IA qui aident les juristes a construire et a interpréter des
arguments juridiques bien fondés grdace a une évaluation
basée sur la logique.

Mots-clés

Extraction d’arguments, Raisonnement juridique, Logique
déontique défaisable, Programmation par ensembles
réponses.

Abstract

Legal reasoning fundamentally depends on the the ability
of the legal professionals to identify, formalize, and
evaluate arguments in legal texts. — However, current
research relies on a limited set of annotated resources
and rarely integrates formal logic into the full analysis
pipeline. This work proposes a modular framework that
combines argument extraction, natural language to logic
(NL-Logic) translation, and argument strength evaluation,
using prompting strategies and argument schemes. The
goal is to advance computational legal reasoning by
offering tools that improve transparency and consistency in
legal decision-making, creating new and diverse annotated
corpora to support stronger models, and contributing to
Al systems that help lawyers construct and interpret well-
founded legal arguments through Logic-based evaluation.

Keywords

Argument Mining, Legal Reasoning, Defeasible Deontic
Logic, Answer Set Programming
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1 Introduction

Argumentation plays a crucial role in legal reasoning.
Lawyers must construct coherent and logically structured
arguments to support their clients’ positions, while judges
are responsible for evaluating their validity, identifying
implicit assumptions, and addressing potential exceptions.
Since these tasks are complex and cognitively demanding,
automating parts of the argumentative analysis can help
improve consistency, transparency, and efficiency in legal
decision-making.

Over the past decades, research has explored the
intersection between law and computational argumentation.
Early work by Mochales and Moens [ ()] pioneered the
automatic identification and classification of arguments
in legal texts. Subsequent approaches have incorporated
formal and explainable models of legal reasoning. For
instance, Collenette et al. [! 2] proposed an explainable
Al framework for legal reasoning applied to Article 6 of
the European Court of Human Rights (ECHR), formalizing
legal factors using the ADF for kNowledGe Encapsulation
of Legal Information for Cases (ANGELIC) methodology
within Abstract Dialectical Frameworks (ADFs) [!5] and
evaluating them in PROLOG to predict ECHR decisions.
More recently, the emergence of Large Language Models
(LLMs) has opened new possibilities. Trajano et al. [51]
employed LLMs to translate natural language arguments
into computational representations, while Abdullah et
al. [*] analyzed the performance of LLMs in legal argument
mining tasks, showing that these models can assist in
identifying argumentative components.

However, most existing approaches focus on isolated sub-
tasks and are typically evaluated on a single dataset or
closely related corpora, often centered on ECHR decisions
[+4]. Moreover, many proposals either rely exclusively
on symbolic methods under controlled settings or use
LLMs without integrating them into a structured logical
framework. As a result, there remains a gap between
natural language argument extraction and formal, logic-
based evaluation of argumentative structures.

To address these limitations this research proposes a system
that extracts arguments from legal documents, translates
them into a logic representation, and evaluates their internal
structure and potential contradictions.

The present work describes a research plan, with
preliminary results, that aims at achieving the following

RJCIA@QPFIA 2026



Can LLMs help lawyers ? Argument analysis in legal texts

contributions:

1) the creation of new corpora for argument mining
and NL-Logic translation in the legal domain, and 2)
a practical pipeline combining LLM-based extraction,
structured prompting, and formal reasoning.  These
contributions will provide a methodology for future studies,
enabling specialized datasets and models for fine-grained
legal argument analysis, achieving consistency and fairness
in judicial reasoning.

The paper is organized as follows. Section 2 reviews
related work on legal argument mining, the formalization
of arguments into logic, and the evaluation of argument
strength. Section 3 presents the methodology underlying
each module of the proposed pipeline. Section 4 reports
and analyzes our preliminary results. Finally, the paper is
concluded with a discussion of the findings and directions
for future work.

2 Related Work

This section is divided into three parts: Argument Mining,
Translation of Arguments to Logic, and Argument Strength.
The first two are emphasized, as they constitute the main
focus of this study. The last is for future work in order to
give the completed idea of the work.

2.1 Argument Mining

Argument mining aims to automatically identify and
extract argumentative components and their relations from
natural language texts in order to generate structured,
machine-processable representations for computational
argumentation models [ 0].

Most works rely on argument schemes [*“], which
“represent stereotypical patterns of reasoning that capture
the inferential relationships between premises and
conclusions” [5”]. In particular, in the legal domain,
Atkinson et al. [/] conducted a study on the impact

of Walton’s conception of argumentation schemes
on Al and Law research.  Their work shows that
incorporating argumentation schemes helps address

normative aspects of legal reasoning by operating over a
structured knowledge base, thereby providing richer and
more accurate representations.

In the legal domain, research has mainly focused on
cases from the European Court of Human Rights (ECHR).
Poudyal et al. [///] analyzed 20 Decisions and 22 Judgments
of the ECHR, noting that Decisions are more concise
(~3,500 words) than Judgments (=10,000 words) and
contain, on average, 18 arguments, while Mumford et
al. [+1] compiled legal cases under Article 6. Additional
datasets from related domains have also been introduced,
for example: EthiX [5”], built from ethical debates in
22 ethical topics on the Kialo' platform, contains 686
arguments categorized into eight ethical classes based on
argument schemes. NLAS-multi [/9] is a large corpus
of 3,810 arguments spanning 20 argumentation schemes
and 50 topics, including several legal-related issues, all

Thttps://www.kialo.com/
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generated using GPT-4 and Araucaria [-0], developed at
the Arg-tech Centre, annotates arguments at the level of
claims and premises. It includes texts from newspapers,
parliamentary records, court reports, magazines, and online
sources, covering multiple countries and topics such as
human rights and climate change.

Approaches to legal argument extraction range from
traditional NLP and machine learning methods [¢] to a
growing set of LLM-based techniques. Recent work has
explored how different prompting strategies shape LLM
performance, including studies on clause classification
[55], argument identification [””], relation detection [0],
and automated debate construction [?5]. In parallel,
symbolic systems such as ANGELIC [“], applied to
ECHR outcome prediction [ ! ©], have demonstrated strong
performance relative to purely data-driven approaches.
More recently Kong et al. [77/] proposed to use the LLMs
as annotators, using a third LLM as a mediator.

This study also builds on the modular LLM-based
annotation pipeline introduced by Berghegger et al. [17],
that we describe in Section 3.1.

2.2 Translation of Arguments to Logic

Translating parts of the human thought process, particularly
arguments, into formal representations is a highly
challenging task. Multiple logical formalisms are available,
and a natural question is which of them is most suitable for a
given application. One of the most widely used formalisms
is First-Order Logic (FOL).

Early efforts in Natural Language-First Order Logic (NL-
FOL) translation were rule-based and difficult to scale
[/, 4], whereas modern approaches use LLMs, recent
work has advanced NL-FOL translation [57, 45] through
in-context learning and prompting strategies.

However, FOL presents important limitations in the legal
domain °. In particular, it does not naturally capture
normative notions such as obligations, permissions, and
exceptions. Additionally, reasoning in FOL may raise
computational complexity concerns in practical derivations,
since it is undecidable in general. For these reasons,
alternative approaches have emerged.

Trajano et al. [5!] explore the use of LLMs to translate
natural language arguments into structured computational
representations based on argumentation schemes. Their
approach combines scheme classification with retrieval-
augmented generation to guide the translation process.
Results show that LLMs perform well on simple schemes,
while more complex argumentative structures require
additional contextual guidance. The study demonstrates the
feasibility of leveraging LLLMs to connect natural language
argumentation with formal reasoning frameworks.

Gupta et al. [34] analyze the formalization of human
argumentative reasoning by mapping informal logic into
Answer Set Programming (ASP), showing that ASP
better supports default reasoning and the management of
exceptions. Building on this direction, Governatori [/, 53]

2During the initial stage of this PhD research, the NL—FOL
translation was examined, and this limitations were identified.
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Figure 1: Pipeline from legal text to logical translation and evaluation of arguments strength: (1) argument mining, (2) NL-

Logic translation and alignment, and (3) strength evaluation.

first proposed a logic designed to capture key features of
the legal domain, the Defeasible Deontic Logic (DDL)
which extends Defeasible Logic by incorporating deontic
operators.

A DDL consists of three main components:

1. Facts - indisputable evidence or conditions of a case.

2. Rules - representing legal norms, which can be of three
types:

(a) Constitutive rules: define terms in legal documents.

(b) Prescriptive rules: assert obligations or prohibitions,
potentially organized in compensation chains where
the violation of one obligation triggers the next.

(c) Permissive rules: assert permissions.
3. Superiority relation - resolves conflicts between rules.

DDL employs three deontic operators: O (obligation), F
(prohibition), and P (permission), which function as modal
operators qualifying the truth of propositions. Obligations
require a bearer to perform an act or achieve a state,
with non-compliance resulting in a violation; prohibitions
forbid an act or state, with violations similarly penalized.
Permissions hold when no obligation or prohibition forbids
an action, with weak permission indicating the absence of
restrictions and strong permission representing an explicit
exception.

More recently, an implementation of DDL using Answer
Set Programming (ASP) as a meta-programming
framework has been presented [!’], enabling
formal reasoning over complex normative structures,
employed LLMs to translate arguments into ASP-DDL
representations, demonstrating that LLMs can effectively
support this task [0].

Given the variety of formalisms available for representing
legal norms, Robaldo et al. [//] provide a comparative
study of several reasoning frameworks, including ASP,
SHACL, DLV, Arg2P, PROLEG, and SPINdle. Their
results show that ASP-based reasoners achieve the best
computational performance, while also offering a favorable
balance between expressivity and ease of representation.

21

Although ASP reasoning is exponential in the worst case
[74], modern solvers [’/] are efficient in practice. In
particular, with bounded arities and restricted domains,
we may reduce the problem to propositional ASP where
reasoning reduces to NP-complete problem for non-
disjunctive programs [~].

2.3 Argument Strength

Argument strength has received much attention in the
formal argumentation community [5, “5]. In the field of
abstract argumentation [~ ], arguments strength is usually
associated with the acceptability of arguments that can
be computed via extension-based semantics (as in Dung’s
original approach for assessing collective acceptability
[7=]) or through ranking-based [, | °] or gradual semantics
[17] (when the focus is on individual acceptability). These
approaches mainly focus on the “resulting” strength of
arguments, i.e. how strong they are after facing some
conflicts. Some works introduce also a notion of “intrinsic”
strength of arguments, using weights to represent how
strong are arguments before facing the conflicts. In these
cases, semantics (e.g. extension-based in [ ~] and gradual
in []) are adapted to take into account the initial arguments
strength for determining their acceptability, i.e. their final
strength.

In Value-based Argumentation [°], arguments are
associated with a value (i.e. an abstract label representing a
moral or social value), and a preference relation over values
allows to assign different strengths to the corresponding
argument. The link between Value-based Argumentation
and normative reasoning has been emphasized in [!!].
However, before using any such approaches for legal
reasoning, two challenges must be solved: 1) determining,
among the many different approaches for defining the
semantics of formal argumentation frameworks, which
ones are the best suited for modeling the reasoning
schemes of legal practitioners, and 2) how to extract from
natural language arguments the formal components used
for reasoning (e.g. the weights, or the preference order
over values). All these works assume that arguments and
their relationships have already be obtained (from natural
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language or from logical knowledge) and abstracted away.
However, arguments strength has also received some
attention in structured (logic-based) argumentation and
natural language argumentation.

Within the dialectical dimension, Spaans [50] proposes
a principle-based approach and concrete methods
for computing the intrinsic strength of logic-based
arguments from their internal structure. Macagno et
al. [79] distinguish premise, conclusion, and inferential
(undercutting) attacks, the latter being particularly relevant
in legal reasoning.

Beirlaen et al. [10] formalize argument strength through
three dimensions: support (e.g. premises and inference
rules reliability), dialectical (interactions between
competing arguments), and evaluative (cumulative
support). Approaches for reasoning with abstract
argumentation, mentioned previously, focus on the
dialectical and evaluative aspects, but ignore the support
dimension. For the support dimension, Lenz et al. [7]
propose graph-based models labeling edges as support or
attack relations.

From a procedural perspective, Gordon et al. [*¢] introduce
the Carneades model, which evaluates arguments through
proof standards and dynamically allocated burdens of
proof. In this framework, the acceptability of a claim
depends not only on its supporting and attacking structure
but also on whether it satisfies the applicable proof standard
under the current dialectical stage. By distinguishing
ordinary premises, assumptions, and exceptions, and
by allowing burdens of production and persuasion to
shift between parties, Carneades captures an institutional
dimension of argumentative strength particularly suited to
legal contexts.

Finally, integrating structural and dynamic perspectives,
Obermaier et al. [”] show that multiple weak arguments
can paradoxically strengthen or weaken a stronger one,
highlighting the non-linear dynamics of argumentative
influence (in the same vein as the approach by [ :]).

3 Methodology

This work proposes a three modules: argument extraction,
NL-Logic translation, and strength evaluation. Figure |
shows the complete pipeline.

3.1 Argument mining

Berghegger et al. [ | 7] propose an LLM-based methodology
composed of three pipelines: (1) extracting arguments,
composed by the claim and premise(s), directly from the
text, (2) extracting claims first and then the complete
argument, and (3) extracting the claims, identifying the
paragraphs related to those claims, and subsequently
identifying the premises within those paragraphs. For
evaluation they propose two approaches:

1. Unstructured evaluation: Arguments are compared
as whole units using vector similarity in two directions
(original-to-LLM and LLM-to-original). A match is
defined when similarity exceeds a threshold (t = 0.75),
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and performance is measured using a matching ratio
and mean similarity.

2. Structured evaluation: Arguments are decomposed
into claims and premises. Similarity is computed
separately for each component and combined using a
weighted formula inspired by similarity measures in
logical argumentation [0, 1] (sim_arg(A;, As) =
a x simP(P1,Py) + (1 — a) x simC(Cq,Cy)),
where a parameter « (set to 0.7) balances the relative
importance of claim and premise similarity.

Their experiments use nine short texts and six long texts
from the ECHR dataset tested in meta-llama/Meta-Llama-
3-8B-Instruct[’] and Equall/Saul-7B-Instruct-vI[9]. They
also compare their results with traditional ML approaches
such as ArgueMapper/ArgueBuf [7].

Following this approach, we have run similar experiments
on the whole ECHR corpus (Corpus details are in Section
2.1.). Initial results indicate that while LLMs can identify
arguments, they often miss key elements, especially in
claim detection, and tend to over-generate arguments. As
a post-processing step, we introduce a mechanism to merge
redundant arguments and refine their structure. To this
end, we propose using several LLMs as annotators, and
aggregate their results. The arguments extracted by Llama
and Saul can be interpreted as alternative annotations of the
same legal text. Our objective, in future experiments, is to
establish an agreement mechanism between them in order
to generate a consolidated final annotation.

Following the findings of Berghegger et al. [ ], who report
that Llama achieves higher mean similarity scores, we use
Llama’s arguments as the starting point for the agreement
process. In Figure 2 we can observe the agreement process.

Llama saul
Annotator 1

Agreement = combination

090

I
JJM

|
|

/s

|

I
|

Jlﬂ

/ Rl

Claim selection

C R

Premise consolidation

Figure 2: The automatic agreement process between two
LLM annotators.

The agreement process consists of four stages:



1. Matching. We first matched arguments produced
by Saul and Llama using a unstructured similarity
threshold of 0.8°.  This step follows the same
procedure employed for matching ECHR arguments
with LLM-generated outputs, computing cosine
similarity between argument embeddings.

2. Keep unmatched arguments. The agreement process
is asymmetric, prioritizing LLM1 to preserve its
matching ratio and similarity. Its outputs are retained
to maintain coverage, while agreement is applied
only to matched arguments to reduce redundancy and
improve structure.

3. Make groups. During matching, it is possible for one
Llama argument to match multiple Saul arguments,
and vice versa. This may artificially inflate the
matching ratio due to highly similar or redundant
arguments. To mitigate this effect when multiple
matches occurred, we retained only the pair with the
highest similarity score. After filtering, we created
groups where one Llama argument could correspond
to multiple Saul arguments.

4. Argument combination. For each group, we
constructed a consolidated argument by first
determining the claim and then merging the premises.

(a) Claim selection: all claims within the group were
collected and their frequencies computed. If
frequencies were equal, the Llama claim was
retained (based on prior evidence of higher
similarity performance); otherwise, the most
frequent claim was selected.  Non-selected
claims were moved to the premises set.

(b) Premise consolidation: Similar premises were
clustered using the Python string-matching
method®, and one representative premise per
cluster was selected, the longest premise
containing an article, or otherwise a random one.
We intentionally preserve as much information
as possible rather than applying aggressive
filtering, as providing more context is preferable
to omitting potentially relevant content, allowing
annotators to determine what is relevant for
argument construction.

To enhance the robustness of this module, we evaluated the
agreement mechanism under different similarity thresholds.
We also incorporated additional LLMs as annotators,
such as Qwen/Qwen2.5-7B-Instruct, and introduced lexical
features to strengthen the structured evaluation process.
Future work includes extending the annotation framework
to newly created corpora across different legal domains.
Two validation strategies are planned: (1) expert-based
evaluation of the extracted arguments to assess their
practical relevance, and (2) collaborative refinement aimed
at building larger and more diverse annotated corpora.

3in 4 the results show that this threshold work better that the others
4difflib. get_close_matches (..., cutoff=0.9)
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Argument Translation Attribution
PO - The applicant considers... PO - ... Applicant
P1 - The Government consider... P1 - ... Government
P2 - The Commission finds... P2 - .. Commission
P3 - He refers ... P3- .. Applicant
C - There is no ... C-.. Undefined

Table 1: Scheme for the manual translation of the ECHR
corpus to ASP-DDL.

3.2 Arguments to Logic

The translation methodology presented here is preliminary
and part of ongoing work.

To automate the translation we began by refining
the annotation guidelines.  During this process, we
observed that claims and premises frequently begin with
attribution markers such as The applicant considers
that, The Government submits that, or The Commission
finds that. These recurrent formulations introduce
additional complexity in the translation step, as they mix
argumentative content with speaker attribution.

To address this issue, we separated attribution from
the argumentative content by introducing a dedicated
Attribution attribute and omitting these expressions from
the logical translation. The Attribution field can take the
following values: Applicant, Government, Commission, or
Undefined.

We then proposed a structured annotation scheme to clarify
both the attribution labeling and the subsequent translation
process, as shown in Table 1.

For the translation phase, we adopted the (=~ 30) predicates
proposed by Governatori [”].  Although annotators
were allowed to introduce additional predicates when
necessary to capture specific semantic, the use of ASP-DDL
predefined predicates was encouraged whenever possible to
ensure consistency and formal alignment.

The manual translation process involved two human
annotators. Translator 1 holds degrees in Computer Science
and Law, while Translator 2 has a degree in Mathematics.
This could be interesting for analysing differences between
their background in their translations.

To construct the gold standard for each document in
the corpus, the annotators conducted video meetings
to compare their translations, preserve agreed-upon
arguments, and resolve discrepancies in the remaining cases
through discussion. An example of the argument translation
is provided in Figure 4.

For the automated translation, we adopted a prompt-
based strategy testing a zero-shot and few-shot approaches,
with step-by-step task instructions to guide the model’s
reasoning process. Figure 3 shows the prompt template.
We evaluate the prompt by incorporating an explanation
accompanied by a brief example of the predicates
introduced in ASP to model DDL (<Explanation of DDL
predicates>), as illustrated in the following example:

permissiveRule(r,x): a legal provision grants a
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Template prompt for Argument — ASP-DDL

Your task is to translate the given argument into Defeasible Deontic Logic
(DDL) in Answer Set Programming (ASP) syntax, following the exact
specifications below.

1. Structure of input:

PO - <premise 0>

PN - <premise N>

C - <claim>

Premises (PO...PN) are factual, legal, or argumentative statements
providing support.

The claim (C) is the conclusion supported by the premises.

<Explanation of DDL predicates>
<Argument schemes in ASP-DDL>
<Example(s)>

Now translate the following argument: {}
Output:

Figure 3: Prompt template for translating NL arguments
into ASP-DDL.

permission or exception.

Domestic law allows proceedings without an oral
hearing in minor cases.
permissiveRule(domestic_law, non(oral_hearing)).

We also include argumentation schemes [*9] (<Argument
schemes in ASP-DDL>) such as Position to Know (A claim
is presumptively accepted if it is asserted by a source who
is in a position to know, unless the source is unreliable.),
Verbal Classification (If something has a property that
entails membership in a category, it can be classified under
that category.), Established Rule (If the conditions of a
valid rule are met and no exceptions or higher-priority rules
override it, its conclusion follows.), and Precedent Case (If
two cases are sufficiently similar and a proposition holds
in one, it provides a reason to accept it in the other.). For
instance, in the case of verbal classification:

Individual Premise. a has property f.

Classification Premise. For all x, if x has property f,
then x can be classified as having property g.
Conclusion. a has property g.

constitutiveRule(r_vc, property(a,f)).
applicable(r_vc, property(a,g)) :- property(a,f),
property(x.f), property(x,g).

Additionally, we provide examples of translated arguments
(<Example(s)>). Experiments are conducted under three
conditions: without examples, without explanations, and
with both explanations and examples. Preliminary
results indicate that including examples does not improve
performance, LLMs tend to focus excessively on them.

We propose evaluating the translation from two
complementary perspectives: first, the semantic similarity
between the manual and automated translations, and
second, the preservation of the logical structure. A more
comprehensive investigation and improved metrics are
needed to fully address this goal, but for the present study,
we adopt BERTScore [54] to assess semantic similarity.
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Sim. Gran. Match. Mean
Baselines [ 1 7]
Llama 83.42 67.69 T72.75 74.62
Saul 75.28 63.48 53.43  64.06
Agreement-based approach
Llama 0.6 8424 69.66 82.16 78.69
Llama 0.7 84.15 69.87 81.99 78.67
Llama 0.8 84.00 69.46 84.21 79.23
Approach [ 7] for texts: 33, 35, 38, 40, 41, 42
Llama 8429 61.21 56.09 67.20
Saul 82.28 7043 53.59 68.77
Agreement 0.8 83.24 65.50 7599 7491

Table 2: Evaluation results for Similarity (Sim.), Granular
Similarity (Gran.), Matching Ratio (Match.), and their
average (Mean). Baselines from Berghegger et al. [17]
(including the missing Saul long-text results) are compared
with our agreement-based approach (thresholds 0.6-0.8)
with the generalization of this method to six additional
ECHR texts. Bold indicates the best Mean score,
underlined values denote the best score per metric.

To evaluate logical fidelity, we use a modified version
of LogicSim [’0] adapted to the ASP-DDL syntax. This
metric compares a translation z with its reference y across
multiple logical dimensions:

LogicSim(z,y) = pd + ap + tp + Id + ToU

where pd, ap, tp, and ld denote differences in premises,
predicates, and logical operators, and IoU measures
predicate overlap.

3.3 Arguments strength

Since this research is still in its early stages, we propose
a preliminary notion of argument strength based on
consistency and absence of contradictions, which can be
assessed within an ASP-DDL framework using tools such
as Clingo [ /]. However, this notion is limited, as argument
strength also depends on rule prioritization and contextual
adequacy. Therefore, additional legal knowledge (case
facts, statutes, and precedents) is required, motivating
the use of a RAG-like framework to incorporate external
context.

Challenges mentioned in Section 2.3, regarding the
methods for extracting relative arguments strength in
different legal contexts, as well as the choice of a reasoning
approach for evaluating the final strength of arguments,
remain to be investigated.

4 Results and analysis

In this section, we present the results achieved in the first
steps of this PhD research project, in particular concerning
the first two modules.

4.1 Argument mining

The results of the experiments on the short and long texts

that we mentioned in Section 3.1, including the results



for the long texts with Saul that were missing in [!”],
are presented in the first two rows of Table 2. Overall,
LLama outperforms Saul across all evaluation metrics. This
difference may be partially attributed to model capacity, as
LLama (8B parameters) is larger than Saul (7B).
Introducing  agreement-based filtering  consistently
improves performance across all metrics. In particular,
all agreement thresholds (0.6, 0.7, and 0.8) yield higher
scores than the work of Berghegger et al. [ | ] which shows
an improvement in the methodology. The effect of the
threshold varies depending on the metric: a threshold of
0.6 slightly improves overall similarity (column Sim), 0.7
yields the highest granular similarity (column Gran), and
0.8 achieves the highest matching ratio (column Match).
When averaging across metrics, the 0.8 threshold obtains
the best overall mean score (column Mean).

We also evaluated the agreement-based approach on six
additional ECHR texts, all of which are relatively short
(i.e., containing fewer than ten arguments). These new
experiments showing an increase in the matching ratio
for these texts, while overall similarity decreases slightly.
This suggests that agreement may favor the recovery
arguments maintaining the similarity. Interestingly, for
these shorter documents Saul achieves better results in
granular similarity than LLama, suggesting that future work
could explore the agreement mechanism using Saul as the
base model.

Importantly, we prioritize improvements in matching ratio
over similarity. While similarity measures capture general
semantic closeness, the matching ratio more directly
reflects the recovery of relevant argumentative components.
Therefore, the threshold of 0.8 appears to provide the most
desirable balance between structural precision and content
coverage.

4.2 Arguments to Logic

For our preliminary experiments, we selected Documents
30 and 41 from the ECHR corpus, as both contain only
five arguments. This controlled setting allowed us to
compare annotation strategies and identify an appropriate
methodology before scaling to the full corpus.

As shown in Figure 4, differences between annotators can
be partly explained by their backgrounds: Translator 1
(T1: computer science and law) incorporates more implicit
structure and domain knowledge, whereas Translator 2 (T2:
mathematics) adopts a more minimal formalization.

As illustrated in Figure 4, the annotators produce different
translations of the same argument, which can be partly
explained by their respective backgrounds (Section 3.2).
Translator 1 (T1), with training in law, makes implicit
normative reasoning explicit.  In this example, TI1
interprets the text as expressing a general requirement
of independence and impartiality, together with a special
attention in contexts involving specific vulnerabilities such
as PTSD. This leads to the introduction of two rules
(a general one and a context-sensitive one) and their
prioritization via a superiority relation, as well as the
representation of lack of independence and impartiality.
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The applicant submits that, inter alia, the above factors
demonstrate a lack, or at least a perceived lack,
of independence and impartiality particularly when,
as in his case, an important policy issue in respect
of Post Traumatic Stress Disorder (PTSD) arose for
consideration.

T1
prescriptiveRule

(%,
prescriptiveRule (x,
prescriptiveRule (y,

court-martial (independence)) .
court-martial (imparciality)) .
court-martial (reinforce_imparciality)
prescriptiveRule (y, court-martial (reinforce_independence)
superior(y, x) :— important_policy_issue (ptsd).

non (court-martial (independence)) .

non (court-martial (imparciality)) .

T2

defeasible (non (independence)) .
defeasible (non (impartiality)) .
Gold

prescriptiveRule imparciality) .
prescriptiveRule independence) .

reinforce_imparciality) .

(%,
(%,
prescriptiveRule (y,
(y, reinforce_independence) .

prescriptiveRule

fact (important_policy_issue (ptsd)) .

superior(y, x) :— important_policy_issue (ptsd).
defeasible (non (independence)) .
defeasible (non (impartiality)) .

LLama

fact (applicant_submits_factors_demonstrate
_lack_of_independence),

fact (applicant_submits_factors_demonstrate
_lack_of_impartiality).

GPT

fact (important_policy_issue (post_traumatic_
stress_disorder)) .

) -
) -

defeasible (non (independence_impartiality (court_martial))).

Figure 4: Example of NL — ASP-DDL translations
generated by T1 and T2, compared against the Gold
standard, along with the automatic translations produced by
GPT and Llama.

By contrast, Translator 2 (T2), with a mathematical
background, focuses strictly on explicitly stated content.
As the text does not directly express rules or prioritization,
T2 encodes only the observable propositions, treating
independence and impartiality as defeasible facts and
omitting contextual elements such as PTSD, which are not
directly operational in the argument structure. The Gold
standard aims to balance these approaches by preserving
as much relevant information as possible while avoiding
unsupported assumptions. In particular, elements such as
court-martial are excluded, as they cannot be inferred
from the argument alone, whereas implicit reasoning
structures are retained when sufficiently grounded in the
text.

The second part of Figure 4 shows the translations
produced by LLama and GPT. Both models struggle
to infer implicit implications, tending instead to extract
explicitly stated information, similarly to Translator 2.
This behavior is more pronounced in LLama, which only
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Document 30 Document 41

Model
LogicSim BERTScore LogicSim BERTScore

T1 GPT 0.682 0.858 0.747 0.879
Llama  0.828 0.831 0.736 0.850
™ GPT 0.591 0.825 0.781 0.866
Llama  0.719 0.813 0.791 0.832
Gold GPT 0.708 0.865 0.714 0.881
% Llama  0.809 0.833 0.721 0.843

Table 3: NL—-ASP-DDL translation results for Documents
30 and 41, evaluated using LogicSim and BERTScore.
T1 and 72 denote the two translators, and Gold the gold
standard. Bold indicates the highest score per metric
among T1, T2, and Gold (across GPT and Llama), while
underlined values denote the second-best score.

captures the lack of independence and impartiality as
factual statements. GPT, in contrast, recovers additional
contextual information by referencing PTSD and encodes
uncertainty through a defeasible statement. Nevertheless,
neither model captures the underlying rule structure, as
implications between factors are systematically collapsed
into facts.

These observations highlight that the main discrepancies lie
at the structural level, particularly in the failure to represent
implications. This is further reflected in the evaluation
results (Table 3): while BERTScore and LogicSim indicate
that the models recover key semantic content, they do
not adequately penalize structural or syntactic deviations
in ASP-DDL. This claim is based on the structural
characteristics of the outputs for Texts 30 and 41, which
exhibit patterns similar to those in Figure 4.

This limitation points to two necessary improvements.
First, LogicSim should be extended to explicitly account
for predefined DDL predicates, rather than evaluating
only predicate overlap and logical components. Second,
evaluation should include reasoning evaluation, verifying
whether the generated ASP-DDL programs produce
derivations comparable to those of the Gold standard via
syntactic tree construction and subsequent graph similarity
analysis and comparing the answer sets adapting metrics
like Jaccard. Such an approach would allow us to assess
not only textual and structural similarity, but also functional
equivalence at the reasoning level.

5 Conclusions

This work introduces a novel modular pipeline for
argument analysis in legal texts, offering significant
advancements over existing approaches in several key
ways.  First, it addresses the challenge of limited
resources by providing a new method for (semi-)automatic
annotation, paving the way to the creation of new,
diverse annotated datasets for argument mining. It also
provides new annotated data for NL-Logic translation
in the legal domain. Furthermore this work explores
the connection between LLM-based extraction and formal
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reasoning through structured prompts, alignment strategies,
and argument schemes to test how LLMs can generate
coherent and logical representations. This aspect of
the study directly addresses the question of how far
LLMs can be effectively be applied in law, showing that,
even with limitations, they can still provide meaningful
support to legal professionals in improving the clarity and
transparency of legal arguments.

Finally, the datasets, guidelines, and prompts produced in
this study lay the foundation for training future domain-
specific models that will be better equipped to perform
accurate, explainable, and interpretable legal reasoning.

At this stage, we have presented only the preliminary
results of the complete pipeline. As future work, we
plan to complete the experimental evaluation following
the methodology of [!”] and to extend the agreement
analysis to additional large language models, such as
Qwen (Qwen/Qwen2.5-7B-Instruct). We also intend to
incorporate lexical and semantic features to further improve
performance in granular similarity metric. Regarding the
NL — ASP-DDL translation, we aim to complete the
translation of the datasets and conduct a systematic analysis
of the correspondence between the natural language texts
and their formal semantic representations, in order to
establish a gold standard. Based on these results, we will
refine the prompting strategies for automatic translation. If
performance gains remain limited, we plan to explore the
integration of reinforcement learning techniques to further
enhance the models’ reasoning and translation capabilities.
In conclusion, this work not only offers valuable new
resources but also contributes a comprehensive and
extensible framework for computational legal analysis,
advancing the development of more transparent, reliable,
and semantically grounded Al systems for the legal domain.
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Résumé

Nous nous intéressons a la gestion et [’optimisation de la
consommation électrique dans les avions hybrides. Face
aux dynamiques non-linéaires coiiteuses a simuler, les ap-
proches de controle par correcteur PID (proportionnel, in-
tégral, dérivé) et MPC (model predictive control) ne sont
pas adaptées aux systemes exigeant une grande réactivité.
Nous proposons ici une formulation du probleme comme
un processus de décision markovien (MDP), présentons des
résultats expérimentaux préliminaires obtenus avec une ap-
proche myope, et discutons des pistes envisageables dans le
cadre de ’apprentissage par renforcement.

Mots-clés

Avion hybride, apprentissage par renforcement, stratégie
myope.

1 Introduction

La gestion optimale de la consommation d’énergie est un
objectif technologique majeur pour le développement des
avions hybrides pour lesquels I’énergie électrique est pro-
duite a la fois par des batteries et les moteurs. Elle doit ré-
pondre a la variabilité des phases de vol (décollage, vol de
croisiere, atterrissage) et des états internes de 1’avion.
Cependant, le controle du systeme électrique est régi
par des équations différentielles ordinaires (EDO) non li-
néaires. Ces dynamiques rendent 1’'usage des méthodes de
contrdle classiques, basées sur le calcul de gradients, parti-
culierement ardues, voire impraticables en raison de la na-
ture “boite noire” de la simulation et du bruit numérique
inhérent a la résolution des EDO.

Travaux antérieurs Le contrble de systemes électriques
repose classiquement sur des correcteurs PID (proportion-
nel, intégral, dérivé) ou des méthodes de controle prédic-
tif (MPC). Les correcteurs PID souffrent d’'un manque de
méthode de paramétrage générique face aux fortes non-
linéarités des systemes hybrides d’énergie qui nous in-
téressent. Les approches MPC standard, elles, bien que
performantes pour gérer des contraintes explicites, néces-
sitent généralement une linéarisation locale du modele dy-
namique. Cette simplification entraine souvent une perte de
précision, tandis que la résolution directe du probleme non
linéaire est trop coliteuse pour du temps réel.
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Face a ces limites, nous proposons une formalisation
comme un processus de décision markovien (MDP), I’évo-
lution de I’état du systeme se faisant a temps discret en
simulant numériquement I’EDO sous-jacente. On va ainsi
pouvoir considérer des approches de résolution “boite noi-
re” ne reposant pas sur des calculs de dérivés.

Plan La section suivante présente le formalisme MDP.
Nous formalisons ensuite notre scénario comme un MDP et
proposons une premiere stratégie de contrdle myope, c’est-
a-dire optimale sur un pas de temps. De premiers résultats
expérimentaux sont enfin présentés avant de discuter des li-
mitations de notre approche et des pistes envisagées.

2 Processus de décision markoviens

Le cadre des processus de décision markoviens (MDP)
fournit une formalisation mathématique standard pour les
problemes de contrdle séquentiel [$]. Un MDP, ici déter-
ministe, est défini par un quadruplet (S, A, T, R) ou S est
I’espace des états; A est celui des actions possibles; s’ =
T(s,a), la fonction de transition, indique 1’état s’ atteint
quand P’action a est effectuée dans I’état s; et R(s,a,s’),
la fonction de récompense, associe une récompense scalaire
immédiate a chaque transition.

La stratégie de controle est dictée par une politique w : S —
A, qui associe a chaque état une action. L’ objectif est de
trouver une politique optimale 7, ¢’est-a-dire maximisant
en tout s la fonction de valeur V (s), définie comme I’espé-
rance de la somme cumulée des récompenses actualisées :
Vi(s) = Ex X207 R(se,ae) | so =s], ouy € [0,1],
le facteur d’actualisation, permet de pondérer I’importance
des récompenses futures. Ce formalisme permet d’abor-
der le probleme de la commande optimale comme une re-
cherche de politique 7 dans un espace continu, ici résolue
par optimisation sans dérivée.

3 Approche proposée

Notre scénario Le systeme étudié est un réseau électrique
d’avion hybride composé de deux générateurs associés aux
moteurs (HP et LP), d’une batterie, et d’une charge utile
(CPL).

La dynamique du systeme est gouvernée par un systeme
d’équations différentielles ordinaires (EDO) non linéaires :
x = f(x,u, Pcpr(t)), ot x représente le vecteur des va-



riables d’état internes (ex : tensions des bus, courant batte-
rie); u est le vecteur des variables de contrdle (puissances
fournies par les générateurs); et Popr(t) est la puissance
consommeée par la charge, entrée exogene connue a priori.

Formalisation MDP Le systeme est modélisé comme un
MDP comme suit : on discrétise le temps, en supposant ici
un pas §t = 1 pour pouvoir noter ¢ le temps dans le modele
physique comme dans le modele MDP; I’état est défini par
le vecteur s; = [x¢,t]7, ol x; représente les variables in-
ternes de 1’avion et ¢ I’instant courant ; ’action a; € A cor-
respond aux puissances de commande u; appliquées aux
générateurs pendant 6¢, en imposant un certain ratio entre
ces puissances; la transition s;; = T'(s¢, a;) s’obtient en
résolvant une équation aux dérivées ordinaires (EDO) sur
un pas de temps ; pour ici minimiser I’emploi de la batterie
(donc le courant la traversant), la récompense instantanée
correspond & —||ipq¢ (8¢11)]|%. On notera que la dynamique
de Pcpy est une entrée exogene connue (déterministe), in-
dépendante de I’action ay, et intégrée dans ’EDO.

Algorithme de contréle Les espaces d’états et d’actions
étant continus, un tel MDP serait typiquement abordé par
un algorithme d’apprentissage par renforcement profond
tel que proximal policy optimization [0]. Dans un premier
temps, afin d’obtenir rapidement une premiere solution
pragmatique a notre probléme, nous nous limitons a mettre
en ceuvre une stratégie myope. A chaque pas de temps,
étant donné s;, on cherche I’action a; maximisant la ré-
compense immédiate. On doit donc optimiser une fonction
J(a) = —|Ipat(T (1, a))||? non dérivable, mais simulable
par ’EDO @, dans un espace continu. Nous employons a
cette fin I’algorithme COBYQA (Constrained Optimization
BY Quadratic Approximation) [-].

4 Résultats expérimentaux

L’algorithme de contrdle proposé a été évalué sur un pre-
mier circuit type, permettant de satisfaire la demande de la
charge tout en assurant la stabilité du systeme. La figure 1a
illustre la répartition des puissances entre les générateurs
(courbes Pgp. ey et Prp, ey superposées), démontrant la
capacité du solveur a gérer la dynamique non linéaire. L’in-
tensité batterie 75, est maintenue proche de zéro (figure 1b,
igp et iyp superposées), confirmant que les générateurs
couvrent la demande de la charge.

Réduire le pas de temps conduit toutefois a de fortes os-
cillations de 444, illustrant les limites d’un contréle myope
dans certaines situations.

5 Discussion et Perspectives

Discussion La stratégie proposée permet d’atteindre des
trajectoires de contrdle stables avec une intensité batterie
maintenue proche de zéro dans des situations simples. Tou-
tefois, cette approche comporte des verrous techniques :
1. une vision “myope” qui ne garantit pas une optimalité
globale sur I’horizon temporel, en particulier pour des dy-
namiques rapides de Pcpr,(t), 2. une latence computation-
nelle élevée (30-60s) incompatible avec le temps réel, et
3. une dépendance a une connaissance immédiate des états.
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Perspectives Pour lever ces verrous, nous envisageons plu-
sieurs axes de recherche dans le contexte de 1’apprentissage
par renforcement : se tourner vers le Deep RL en espaces
d’états et d’actions continus (par ex. avec PPO [0]), et éven-
tuellement guider un apprentissage par imitation avec notre
stratégie myope [], [7]; exploiter les Physics-Informed
Neural Networks [] pour intégrer la connaissance du mo-
dele physique dans I’apprentissage ; intégrer la présence de
délais d’observation dans la boucle de contrdle [ |].

Cette approche hybride, combinant la robustesse de 1’opti-
misation sans dérivée et la capacité de généralisation des
modeles neuronaux, constitue une voie prometteuse pour le
contrdle embarqué haute performance des avions hybrides.
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Résumé

Nous proposons dans cet article deux nouveaux modéles
pour la planification multi-agents de tdches simples et com-
plexes. Le premier modeéle s’appuie sur une exploration
gloutonne de I'espace d’états, tandis que le deuxiéme mo-
déle intégre un processus de négociation. Nous avons en-
suite comparé nos deux modeles a un processus décision-
nel markovien décentralisé partiellement observable résolu
a laide de I’algorithme Multi-Agent Value Iteration. Nous
avons principalement montré que nos modeles atteignent
une optimalité comparable avec une résolution plus rapide.

Mots-clés

Systemes multi-agents, Négociation, Allocation de tdches,
Planification

Abstract

In this article, we propose two new models for multi-agent
planning of simple and complex tasks. The first model is
based on greedy exploration of the state space, while the
second model incorporates a negotiation process. We then
compared our two models to a decentralized partially ob-
servable Markov decision process solved using the Multi-
Agent Value Iteration algorithm. We mainly showed that
our models achieve comparable optimality with faster re-
solution.

Keywords

Multi-agent systems, negociation, task allocation, planning

1 Introduction

Les agents autonomes, a ’instar des drones sont utilisés de
maniere croissante dans de nombreux domaines comme le
militaire, la logistique, les réseaux électriques intelligents
ou encore la protection civile [7]. La gestion des interac-
tions entre ceux-ci présente un véritable défi que 1’étude
des systemes multi-agents tente de relever, en particulier
lorsque les agents doivent se coordonner et coopérer [*]. A
titre d’exemple, une des applications critiques des systemes
multi-agents coopératifs est le disaster response (gestion
de catastrophe). Dans un probleme de disaster response,
un ensemble d’agents autonomes, parfois hétérogeénes dans
leurs compétences et dans leur nature (UAV, UAG, parfois
humains), doit coopérer et se coordonner afin de répondre
a une catastrophe, telle que des inondations ou un séisme.
Ce probleme se déroule donc dans un environnement dan-
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gereux et incertain en raison du caractere imprévisible des
catastrophes et de leurs conséquences. Par conséquent, les
taches a réaliser nécessitent souvent plusieurs compétences,
les rendant complexes.

Plusieurs approches existantes permettent de formaliser ces
systemes multi-agents. Parmi elles nous retrouvons les pro-
cessus de décision markoviens (MDP) et leurs extensions
multi-agents [/]. Ces processus présentent de nombreux
avantages, ils sont facilement modélisables et gerent tres
bien la stochasticité de I’environnement. Cependant, ils
sont limités dans la représentation de taiches complexes né-
cessitant la coopération de plusieurs agents.

Nous pouvons également évoquer le formalisme des forma-
tions de coalitions qui propose de regrouper les agents en
sous-groupes nommeés "coalitions", leur permettant ainsi de
mettre en commun leurs compétences afin de coopérer pour
effectuer des taches complexes [5]. Ce formalisme est donc
tout a fait adapté aux environnements complexes. Il existe
déja des méthodes de planification basées sur la formation
de coalitions, mais ces travaux ne prennent en compte au-
cune stochasticité, les taches étant supposées parfaitement
réalisables et les gains obtenus par les agents certains. Or,
si ’on s’intéresse au contexte de la disaster response, I’en-
vironnement est rempli d’incertitudes et il est donc néces-
saire de pouvoir proposer des modeles capables de traiter
des taches complexes dont la réalisation est stochastique,
et ce, de maniere répétée. De plus, la formation de coali-
tions est souvent coliteuse a résoudre en termes de temps et
mémoire.

En prenant en compte ces restrictions, le domaine de
Pallocation de tdches multi-agents (MRTA, multi-robot
task allocation) semble prometteur. En effet, la gestion de
catastrophes implique de devoir assigner dynamiquement
des taches critiques a des agents aux compétences variées,
en tenant compte a la fois des incertitudes liées a I’environ-
nement et des contraintes de coopération, ce qui correspond
trés bien a ce qui est réalisable grace a la MRTA. Les ap-
proches existantes présentent donc des limites : les modeles
de MDP ne prennent pas en compte des taches complexes,
tandis que les modeles de formation de coalitions peinent
a intégrer de I’incertitude [0] et sont coliteux. L’enjeu est
donc de développer un modele ou les agents peuvent plani-
fier la réalisation de tiches complexes, en possible coopé-
ration, dans un contexte distribué ou décentralisé. Dans cet
article, nous nous intéressons a cette notamment a derniére
piste en nous basant sur la MRTA, et nous présenterons des



pistes d’ouvertures vers I’intégration du dynamisme et de la
stochasticité dans nos modeles.

Cet article est structuré comme suit. Dans la section 2,
nous présenterons les différents formalismes de la littéra-
ture sur lesquels nous nous appuyerons, avant de présen-
ter nos contributions en section 3. Des expérimentations se-
ront présentées en section 4 avant de conclure et donner des
perspectives en section 5.

2 Etat de I’art

Dans cette section nous allons présenter les éléments de lit-
térature utiles a la compréhension des modeles développés,
a savoir I’allocation de tiches multi-robots, les processus de
décision markovien, et leur extension décentralisée et par-
tiellement observable qui nous serviront d’élément de com-
paraison.

2.1 Allocation de taches

Dans le cadre des systémes multi-agents, 1’ allocation de
tdches est une catégorie de problemes dans lesquels des
agents doivent réaliser des tiches au sein d’un environne-
ment. Le but de ces problémes est de faire émerger entre
les agents de la coordination voire de la coopération. Cette
coordination peut étre implicite (aussi appelée émergente)
quand elle résulte d’une somme d’interactions locales entre
les agents et I’environnement, mais elle peut aussi étre ex-
plicite (ou intentionnelle) quand les agents sont explicite-
ment assignés a certaines tiches. Ces problémes peuvent
étre catégorisés selon 3 axes [] : le type de tache, le type
d’agent, le type d’allocation. Pour chacun de ces axes, il y
a 2 choix possibles. Respectivement il y a :

— Single-robot Task (ST) ou Multi-robot Task
(MT), Single-robot Task signifie que les tiches
n’ont besoin que d’un seul agent pour étre complé-
tées alors que les Multi-robot Task nécessitent plu-
sieurs agents;

Single-task Robot (SR) ou Multi-task Robot
(MR), Single-task Robot signifie que les agents ne
peuvent exécuter qu’une seule tiche a la fois tan-
dis que Multi-task Robot signifie que certains agents
peuvent faire plusieurs taches a la fois;
Instantaneous assignement (IA) ou Time-
extended assignement (TA), Instantaneous
assignement signifie que le modele ne permet que
I’allocation instantanée des agents sans prévisions
sur de futures allocations, tandis que dans le cas
Time-extended allocation, de la prévision est pos-
sible, par exemple en fournissant 1’ordre d’arrivée
de nouvelles taches.
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FIGURE 1 — Taxonomie de I’allocation de taches [ /]

La figure | résume graphiquement ces axes. Grice a cette
taxonomie, nous pouvons catégoriser des classes de pro-
blemes, par exemple si nous qualifions un probleme de ST-
MR-IA, cela signifie que les tiches ne nécessitent qu’un
agent, que les agents peuvent faire plusieurs taches a la fois
et que I’allocation se fait selon les informations dont nous
disposons sur I’instant.

Un probleme d’allocation de taches multi-robots (MRTA)
est donc un probleme de coordination ol un groupe
d’agents doivent efficacement s’assigner a des taches afin
de les exécuter.

Définition 1 (Probleme de MRTA) Formellement, un
probleme de MRTA est défini par un tuple (R,T,u) tel
que :

— R=r1,719,...,Tp, un ensemble de n robots,

— T =ty,to, ..., t,m, un ensemble de m tdches,

— u: RxT — R, une fonction d’utilité qui associe a
chaque couple (robot, tache) une valeur correspon-
dant au gain du robot si celui-ci effectue la tdche.

Nous notons donc u;; utilité gagnée (ou le coiit infligé
dans le cas d’une utilité négative) par le robot r; réalisant
la tache t;.

Parmi les trés nombreuses manieres de résoudre les pro-
blemes de fask allocation, les algorithmes basés sur le prin-
cipe d’encheres (Auction based algorithms) sont particu-
lierement intéressants [”]. Le principe général est que les
agents peuvent miser sur les tiches a accomplir et s’ils
remportent la mise, ils sont alloués a la tiche. Ces mises
peuvent dépendre de plusieurs parametres, un des plus cou-
rant étant la capacité de I’agent a effectuer la tache, et plus il
est compétent pour une tache, plus il pourra enchérir dessus.
Un autre paramétre commun est la distance a la tache (pou-
vant étre associée a un coiit de déplacement). L’algorithme
CBAA (Consensus-Based Auction Algorithm) se base sur
ce principe. Il se déroule en 2 phases. Premi¢rement, les
agents communiquent une enchere pour la tiche qui est la
plus avantageuse de leur point de vue. Les agents mettent
ensuite a jour une liste associant les tiches avec I’agent qui
a formulé la meilleure enchere. Cette premiere phase est la
phase d’encheres, la deuxieme phase qui la suit est la phase
de consensus. Les agents partagent leur liste avec leurs voi-
sins et pour chaque tiche, ils gardent 1’offre la plus com-
pétitive. Ce processus est répété itérativement et converge
vers un état ou tous les agents ont la méme liste.
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2.2 Processus de Décision Markovien

Un processus de décision markovien (MDP) est un modele
stochastique de la théorie de la décision permettant de mo-
déliser la prise de décision d’un agent dans un environne-
ment incertain [“].

Définition 2 (Processus de Décision Markovien)
Un processus de décision markovien est un tuple
M =(S,A,T,R) avec:
— S un ensemble d’états,
— A un ensemble d’actions réalisables par I’agent,
— T(s'|s, a) une fonction de transition qui renvoie un
état en fonction de ’état courant et de I’action ef-
fectuée par I’agent,
— R une fonction de récompense qui prend en en-
trée I’état courant et une action réalisée par I’agent

R(s,a).

La résolution d’un MDP consiste a déterminer une politique
optimale (i.e. maximisant I’espérance de gains).

Définition 3 (Politique) Une politique décrit I’action a ef-
fectuer par I’agent dans chaque état possible du MDP. Ma-
thématiquement, il s’agit d’une fonction @ : S — A qui a
chaque état associe une action. Une politique peut étre dé-
terministe (m(s) = a) ou stochastique (7(a|s) = P(als)).
La politique optimale T+ est calculée a partir de I’équation
de Bellman :

avec v € [0, 1] un facteur d’atténuation.

Les DEC-POMDP (Decentralized Partially Observable
MDP) sont une extension des MDP permettant de consi-
dérer plusieurs agents évoluant dans un méme environne-
ment partiellement observable [ | ]. Les agents posseédent des
croyances individuelles sur I’environnement, qu’ils affinent
a partir de nouvelles observations, et calculent une politique
individuelle a partir de leurs croyances.

Définition 4 (DEC-POMDP) Un DEC-POMDP est un
tuple

(S, {A1,.., An}, T, R {Q1,..,Q,},{01,..0,}) avec :

S un ensemble d’états,

{A1,.., A} Uensemble des actions de chaque
agent,

T(s'|s, a) une fonction de transition,

R une fonction de récompense,

{4, ..,Qn} un espace d’observation pour chaque
agent,

{01, ..,On} une fonction d’observation propre a
chaque agent.

Ces agents agissent de maniere décentralisée afin de calcu-
ler une politique jointe, c’est-a-dire une politique qui prend
en compte les actions de ’ensemble des agents.
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3 Contributions

Dans cet article, nous proposons deux modeles. Ces deux
modeles partagent certaines caractéristiques : les agents
agissent de maniere coopérative, 1’exécution des actions
des agents se fait de maniere cyclique, et les agents ont
le moins d’informations possible. En effet dans le contexte
du disaster response, les communications sont parfois li-
mitées (les infrastructures de communication peuvent étre
endommagées, ou les services saturés). La coopération est
essentielle car, d’une part tous nos agents poursuivent le
méme but, a savoir la complétion des taches, et d’autre
part, la plupart des situations réelles peuvent nécessiter di-
verses compétences qu’un seul agent ne peut pas toujours
posséder. Le premier modele prend en considération des
taches dites simples (c’est-a-dire qui ne nécessitent qu’une
seule compétence pour étre réalisées), et utilise une mé-
thode d’exploration gloutonne. Pour ces raisons, nous ap-
pellerons ce premier modele le modele simple ou a explo-
ration. Le deuxieme modele quant a lui prend en compte
des taches plus complexes (c’est-a-dire qui nécessitent une
combinaison de compétences pour étre réalisées) et uti-
lise un processus de négociation. Nous 1’appellerons donc
le modele complexe ou le modele a négociation. En utili-
sant la taxonomie des modeles de task allocation, le mo-
dele simple peut se noter ST-SR-IA et le modele complexe
MT-SR-IA. Bien que les contraintes de précédence entre
taches, le dynamisme et la stochasticité sont de fort intérét
dans le contexte du disaster response, les intégrer directe-
ment aux modeles aurait été complexe, ¢’est pourquoi nous
nous sommes concentrés dans cet article sur des versions
statiques, déterministes et sans contraintes de précédence.

3.1 Eléments communs aux deux modéles

Les deux modeles présentés dans cette section utilisent des
mécanismes de décision différents mais sont fondés sur
des caractéristiques et concepts de modélisation similaires.
Dans les deux modeles, nous avons un ensemble d’agents
qui ont pour objectif de réaliser des taches afin de gagner
des récompenses. Pour ce faire, ils peuvent s’associer aux
taches : I’association de tous les agents forme un état.

Définition 5 (Environnement des modéles)
L’environnement de nos modeles est défini par un
tuple (N, J,C,r) tel que :
N ={ni,na,...,n;} : Uensemble des agents,
J ={J1,42, s jm} - U'ensemble des taches,
C ={c1,¢a,...,ck} : Uensemble des compétences,
avecVi € [1,k], ¢; € R
u : J — R :la fonction d’utilité associant a chaque
tdche une utilité réelle.
Les agents du modeles peuvent s’associer a une tdche, nous
pouvons donc définir :

— Jn - la tdche associée a un agent n,

— N = {n|n € N tqj, = j}: Uensemble des

agents associés a la tdche j.

Définition 6 (TAches) Les tdches représentées dans les
modeles doivent étre réalisées par les agents. Elles pos-



sedent des besoins spécifiques :
B; ={c],cb,...,cl.}

A leur réalisation, les taches fournissent donc une utilité
aux agents responsables de leur réalisation, cette utilité est
notée u;.

La fonction de récompense (différente de la fonction d’uti-
lité) est spécifique a chaque modele et sera donc présentée
dans les parties dédiées aux modeles.

Définition 7 (Agent) Chaque agent posséde un certain

nombre de compétences, notées :
C’ﬂ = {0717(? Cga ety (/Z}

Avec C,, C C. Ces compétences permettent de réaliser les

tdches en fonction de leurs besoins.

Définition 8 (Action d’un agent) L’action d’un agent n
est définie comme le fait de se positionner sur une tdche.
Les actions sont définies de la méme maniere dans les deux
modeles. L’ensemble des tdches réalisables par I’agent a se
définit comme :

An = {j |j S JHCZ < C, t.q. Bj(CZ') < Cn(cz)}

S’il existe au moins un besoin d’une compétence dans les
besoins de j ou l’agent n est suffisamment compétent, il
pourra étre alloué a j.

Un agent possede donc autant d’actions possibles que de
taches réalisables en adéquation avec son vecteur de com-
pétences. Pour chaque agent, la taille de I’espace d’action
maximal est |.J|.

Définition 9 (Etat des modeles) Dans les modeéles, un état
est défini par les ensembles d’agents associés a chaque
tdche. Nous avons donc :

s={j:{ni,ne...}, s Jm  {ru—1,m}}

L’espace d’états est constitué de I’ensemble des allocations
entre tiches et agents. Nous pouvons également considérer
un état comme €tant une action jointe de tous les agents,
pour cette raison I’espace d’états est le produit de 1’espace
d’actions de tous les agents.

Exemple 1
— Soit N = {n1} un ensemble d’agents de taille 1,
— Soit An, = {Jj1,J2, .., Jm} U'ensemble des tiches
réalisables par nq,
Ici, il n’y a qu’un seul agent, l'espace d’états se résume
donc a lespace des tdaches auxquelles il peut s’associer.
Nous avons donc |S| = |An| = m.

Nous pouvons en déduire que pour un systéme avec [ agents
dont les actions sont bornées par .J, I’espace d’états est | J|'.

35

J. Dubanet, J. Guéneron

Définition 10 (Social Welfare) Le social welfare, ou bien-
étre social, est une mesure globale de la satisfaction des
agents, c’est une fonction qui prend en entrée les récom-
penses individuelles des agents et retourne un indicateur de
la qualité du systeme. Ici, la fonction d’agrégation utilisée
est la somme. Nous avons donc :

SW(s) = Z R(s,n)

neN

Cette fonction est commune aux deux modeles ou seule la
définition de R(s,n) change. C’est également cette fonc-
tion qui est utilisée dans la formalisation sous forme de
DEC-POMDP pour calculer la récompense de chaque état.

3.2 Modele a exploration

Le premier modele présenté est un modele de task allo-
cation de type ST-SR-TA, c’est-a-dire que les agents ne
peuvent s’associer qu’a une seule tiche et que les tiches
ne nécessitent qu’un agent pour étre réalisées. Les agents
utilisent une exploration et une évaluation gloutonne des
états, par conséquent, ils vont explorer les états qu’ils sont
en mesure d’atteindre selon leurs connaissances de 1’envi-
ronnement. Ils connaissent 1’état actuel, ¢’est-a-dire 1’allo-
cation taches-agents courante, ainsi que leurs propres com-
pétences desquelles ils peuvent déduire les taches sur les-
quelles ils peuvent se positionner. L’exécution du modele
s’articule ainsi :

1. Les agents calculent une politique pour chaque état
qu’ils considerent atteignable et pour 1’état actuel.

2. Les agents appliquent leur politique puis en calcule
une nouvelle pour les nouveaux états atteignables.

Les états que les agents prennent en compte sont unique-
ment ceux ol les autres agents ne bougent pas, puisque les
agents ne considerent que leurs propres compétences. De ce
fait, les agents se retrouvent dans des états qu’ils n’avaient
pas anticipés, étoffant ainsi leurs connaissances des états
possibles. Le calcul d’une politique se fait en regardant tous
les mouvements possibles a partir d’un état (c’est-a-dire en-
visager de se positionner sur toutes les taches réalisables) et
de garder I’action qui meéne a I’état maximisant la récom-
pense.

3.2.1 Fonction de récompense

Les récompenses sont calculées grace a une fonction et per-
mettent d’influencer le comportement des agents. Elle est
définie comme suit :

LT
R(s,n) = 22 T [Ny +4
7 jrea,
Avec :
— sun état,
— n un agent,

7 la tiche a laquelle 1’agent n est associé,

u; I'utilité associée a la tache j,

¢} la compétence de n pour le besoin de j,

N le nombre d’agents associ€s a j (ce nombre vaut
toujours au moins 1 car quand un agent calcule la
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récompense d’un état, il se projette dans celui-ci et
calcule la récompense liée a 1’association avec 7,
donc si personne n’était déja associé a j, N; vau-
dra 1),
— € €]0, 1] un terme évitant la présence de 0 dans le
produit.
Le produit des N;» + € sert a favoriser les cas de répartition
égale entre les tiches et a pénaliser les cas ou une ou plu-
sieurs taches seraient laissées sans agents associés. Puisque
€ est plus petit que 1, si un N;/ est a 0, le produit final sera
impacté et nullifié. La valeur maximale de ce produit est at-
teinte quand la répartition entre les taches est parfaitement
égale. Nous allons démontrer cette affirmation ci-dessous.

Démonstration 1 Prenons un exemple soient deux
tdches, et 2x agents que nous répartissons sur les deux
tdches. Nous souhaitons démontrer qu’en cas de répartition
égale des agents, le produit du nombre d’agents associés a
chaque tdche est supérieur au produit du nombre d’agents
associés a chaque tdche en cas de répartition inégale. Nous
avons donc deux situations :

1. Répartition inégale : respectivement x — y et © +y
pour la premiére et deuxieme tdche.

2. Répartition égale : x pour chaque tdche.

Nous pouvons donc formuler une inéquation dont nous de-
vons vérifier la cohérence, avec a gauche le terme repré-
sentant une répartition inégale, et a droite, une répartition
égale :

(z—y)(z+y <zxzx

Nous avons bien la somme des termes de chaque coté de
I’équation qui est égale a 2x (notre nombre d’agents). Ten-
tons de développer 'inéquation. Selon les identités remar-
quables, nous avons 1’égalité suivante.

(a+b)(a—0b) =a®— b

Nous pouvons donc développer le terme de gauche de notre
inéquation.
2?2 — 42 < 22

L’inéquation est donc correcte. Elle est également géné-
ralisable a davantage de termes de facon similaire. Nous
pouvons donc affirmer que lorsque le nombre de termes est
égal, ainsi que leur somme, le produit des termes lorsque la
répartition est égale est supérieur a celui obtenu avec une
répartition inégale.

Ce produit se fait entre toutes les tiches visibles par a (noté
Ag). Cette restriction permet de diminuer les calculs et ne
change rien quant aux résultats.

Exemple 2 Par exemple, prenons :

— nj un agent,

— J1, Jo et j3 des tdches,

— An = {j1. 42}
L’agent fera en sorte que la répartition entre ji et jo soit
égale, mais l’état de js3 n’influencera pas sa décision. Si
nous prenons en compte toutes les taches, l’état de j3 chan-
gerait la valeur de la récompense, mais pas la dynamique
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entre les états (a savoir est-ce qu’un état a une récompense
plus élevée qu’un autre).

Avec cette fonction de récompense, les agents vont cher-
cher & maximiser leur récompense individuelle, mais elle
est maximale dans un état ou les agents sont bien répartis,
les agents vont donc prioriser ces états au lieu de tous se
positionner sur la tiche ayant la récompense la plus élevée.

La récompense dépend en partie de 1’expertise de 1’agent
pour la tache, ainsi plus un agent est compétent pour une
tache, plus il va préférer celle-ci, comme il peut-&tre ob-
servé sur la figure 2.

job-(0job-f1job-02 job03

job-dajot-$tjon—$2 job—43

(a) Compétences homogenes (b) Expertise des agents

FIGURE 2 — Exemple de répartition apres exécution du mo-
dele simple avec 4 agents et 4 tiches. Dans ces images, les
agents (étoiles vertes) évoluent dans une grille et se placent
au dessus des taches (disques bleus) avec lesquelles ils s’as-
socient. Leur positionnement en vertical est égal a leur in-
dice + 1.

La figure 2a (gauche) présente une répartition des agents ol
leurs compétences sont homogenes et la figure 2b (droite)
ou ils sont experts pour la compétence qui a le méme nom
ou numéro qu’eux. Les agents sont placés de maniere a ce
que leur coordonnée (en ordonnée) est égale a 1’ordonnée
de la tache additionnée a leur numéro (+1 car la numéro-
tation commence a partir de 0, cela empéche donc les che-
vauchements). Nous constatons donc que les agents se posi-
tionnent sur les tdches dont ils sont experts. Il est important
de noter que dans le cas ou les compétences sont homo-
genes, toute configuration ou il n’y a qu’un seul agent par
tache est optimale.

3.3 Modele a négociation

Ce deuxiéme modele permet de pallier une des limites du
premier modele : la non prise en compte de taches plus
complexes. Ces taches sont dites complexes, car leurs be-
soins sont multiples et peuvent donc nécessiter une certaine
diversité de compétences pour étre complétées.

Définition 11 (Tache complexe) Une tdche est complexe
lorsque son vecteur de besoin est de taille supérieur a 1 :

|Bj| >1

Une collaboration des agents est donc nécessaire dans ce
modele. L’ approche gloutonne utilisée dans le premier mo-
dele n’est pas adaptée a de la collaboration, car les agents
doivent se mettre d’accord sur la tache a réaliser 1a ou avec
I’approche gloutonne les agents se déplacent et agissent de
maniere égoiste.



C’est pourquoi nous utiliserons un processus de négocia-
tion entre les agents. Cette négociation se fait grice a un
négociateur, par exemple un agent tiré aléatoirement. Le
seul prérequis du négociateur est d’étre en communication
avec ’ensemble des autres agents, a la fois en réception et
en emission. Cette communication peut-étre directe ou in-
directe. Le but de la négociation est de trouver un état qui
satisfait tous les agents, par conséquent les agents doivent
pouvoir exprimer des préférences sur les états. Cette mé-
thode de négociation n’engendre pas de conflit car 1’état
a atteindre est calculé par le négociateur qui cherche a at-
teindre un consensus, mais en cas d’égalité, la préférence
du négociateur prévaudra sur les autres.

Définition 12 (Vecteur de préférence) Pour  représen-
ter les préférences sur les états des agents, les agents
possédent un vecteur de préférence défini tel que :

Vo,={s€ S |sx=sssi R(s,n) > R(s',n)}

Ce vecteur de préférence est limité en taille par un para-
metre d, lors de la construction de ce vecteur chaque agent
parcourt tous les états possibles et les ajoute au vecteur si
c’est possible (c’est-a-dire si le vecteur est de taille infé-
rieure a d ou si le dernier état du vecteur a une récompense
inférieure ou égale).

3.3.1 Fonction de récompense

La fonction de récompense utilisée pour construire ce vec-
teur est différente de celle utilisée dans le premier modele,
mais s’appuie sur la méme base. Elle est définie comme
suit :

" ugen b ! 1
R(S, n) — ) sat
; N; |Bj| quj |Cn N Cyle

Cette fonction est découpée en 3 grands termes :

n
UjCi

: trés similaire a celui dans la fonction du pre-
mier modele, ou la seule différence est que ¢ qui
était la compétence requise unique de la tache de-
vient ¢’

j f
J
— (lff;”fj‘) : il s’agit du nombre de besoins satisfaits
J

? .+| divisé par 1’ensemble

des besoins | B;|. Ce terme rend donc les états ot les

taches sont satisfaites plus attirants pour les agents.
1 s

-5 =T . rm Iinver la somm

Sic; [CnnCyle ce terme est verse de la somme

par les agents alloués a j |bj

de la taille des intersections des compétences entre
I’agent n et les agents ¢ qui sont également associés
a la tache j. Ce troisieme terme évite la redondance
des taches au sein des agents présents sur j.
La grande différence avec la fonction de récompense du
modele simple est que le comportement des agents que 1’on
veut inciter via la fonction n’est pas le méme. Dans le pre-
mier modele pour les tdches simples, si un agent est asso-
cié a une tache, c’est que celle-ci va pouvoir étre réalisée,
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donc pour maximiser I’efficacité des agents, il faut les in-
citer a se repartir sur I’ensemble des taches. Or ici, la pré-
sence d’un agent sur une tdche ne garantit pas sa faisabi-
lité ; si nous voulons maximiser le nombre de taches faites,
il faut récompenser les agents quand 1’ensemble des be-
soins de la tAche sont satisfaits. C’est exactement ce que fait

o . b’ f BN
le deuxieéme terme de la fonction (w) . Le deuxiéme
J
terme est modulé par f car dans certains cas, les deux pre-

miers termes se compensent.

Exemple 3 Par exemple, si un agent est seul et satisfait la
moitié des besoins de j, nous avons :
— N, =1
|b.Js‘at‘ — 0 5
. . ‘le 7-\ o . 3 .
mais si un deuxiéme agent vient compléter les besoins, nous
aurons
— N; =2
ool _
IB;| —
Or; avec ujj fixe, nous avons :
u; 1
27 X — =
1 2 2 2
Donc les récompenses des deux cas sont équivalentes alors
que le deuxieme cas est préférable car j est pleinement sa-

tisfaite.

u; 2
JX

Afin de pouvoir réaliser une tiche, les agents doivent étre
complémentaires dans leurs compétences et nous voulons
donc encourager cette complémentarité et cela est fait grace
au troisiéme terme : m Le € évite d’avoir une
division par 0 lorsqu’un agent est seul ou parfaitement com-
plémentaire. Grice a ce terme, un comportement intéressant
émerge : imaginons qu’il y ait 2 agents qui partagent une
part de leurs compétences mais qu’ils n’ont pas, méme a
2, les compétences requises pour satisfaire pleinement une
tache, alors ils vont se mettre sur 2 taches différentes, pré-
férant faire chacun une part d’une tiche plutdt que de se
partager une part plus grande mais incomplete d’une seule
tache.

Tous les termes de cette fonction sont encapsulés dans une
somme qui concerne les compétences de I’agent n, c’est-a-
dire que la récompense est la somme pour chaque besoin de
7 qu’il est en mesure de satisfaire.

Comme le modele simple, cette fonction de récompense
dépend en partie des compétences de 1’agent, et il préfé-
rera des tiches qui correspondent plus a son vecteur de
compétences. Cependant, 1’effet produit par I’introduction
d’agents experts dans certaines compétences est moins im-
pactant sur le résultat qu’avec le modele simple, notamment
a cause du fait que certaines taches peuvent partager une
compétence requise et que les tiches ne se résument pas a
une seule compétence. Dans le cadre des taches simples,
quand un agent est expert pour une compétence, il sera ex-
pert pour toutes les tdches nécessitant cette compétence, les
mettant donc largement en priorité face aux autres, alors
que dans le cadre des taches complexes pour qu’un agent
soit expert sur une tiche il faut qu’il soit expert sur I’en-
semble des compétences qui constituent ses besoins.
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3.3.2 Processus de négociation

Le processus de négociation se déroule de la maniere sui-
vante : dans un premier temps, un négociateur initial est
choisi aléatoirement par les agents. Ce négociateur ini-
tial est le point de départ du cycle de négociation (dans
I’ordre des indices des agents par exemple), c’est-a-dire
qu’a chaque nouvel appel du processus de négociation,
c’est ’agent suivant dans le cycle qui sera le nouveau né-
gociateur. Pour une itération de négociation, le négociateur
prend son propre vecteur de préférence comme référence,
et pour chaque état dans ce vecteur de référence, il calcule
I’indice carré moyen de cet état parmi les vecteurs de pré-
férence de chaque agent. Si 1’état n’apparait pas dans un
vecteur de préférence, 1’indice considéré sera d + 1. Une
fois que tous les états du vecteur de référence ont été par-
courus, 1’état dont 1’indice carré moyen est le plus petit est
désigné comme I’état négocié qui sera transmis a tous les
agents. Chaque agent s’associera a la tiche en adéquation
avec cet état. En cas d’égalité entre plusieurs états, c’est
I’état préféré du négociateur parmi ceux-ci qui sera choisi.
L’algorithme | donne sa version en pseudo-code, pour un
appel avec le négociateur courant.

Algorithme 1 : Algorithme de Négociation

Données :

Ensemble des agents N, ensemble des états .S, vecteurs
de préférences V,, pour chaque agentn € N.

Cycle de négociation C = {0, ...,|N| — 1}, indice du
négociateur courant !

Début
n < Cl
Vrgf ~V,
pour chaque état s € V.. faire
sqr_sum(s) < 0
pour chaque agent n € N faire
si s € V,, alors
L i < indice de s dans V,,
sinon
| id+1
sqr_sum(s) < sqr_sum(s) + i?
MSI(s) «

ﬁ sqr_sum(s)

s* < argmingey,,, MSI(s)
| [« (I+1)mod |N|

Transmettre s* a tous les agents n € N
Chaque agent n s’associe a la tiche allouée par s*

L algorithme de négociation a une complexité en O(Nd?).
Le parametre d est donc trés important, car il controle la
difficulté computationnelle, mais également le degré d’op-
timalité de 1’algorithme. En effet, si d est trop petit, il y a
moins de chance que le négociateur trouve un état qui fasse
consensus et il prendra un état du vecteur de référence. A
I’inverse, si d est grand, la négociation sera longue. Il faut
donc trouver un équilibre entre optimalité et rapidité, nous
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suivons donc I’intuition telle que d doit étre strictement su-
périeur au nombre d’états optimaux du systeme, mais des
travaux sont encore nécessaires pour mieux comprendre la
gestion et I’impact de ce parametre.

4 Expérimentations

Nous avons précédemment présenté nos modeles, leurs spé-
cificités et leur fonctionnement. Nous allons maintenant
nous intéresser a leurs performances. Afin d’évaluer les per-
formances de nos modeles, nous allons les comparer aux
DEC-POMDP résolus par 1’algorithme Multi-Agent Value
Iteration (MA-VI), une des approches a I’état de ’art en
planification, assurant des résultats optimaux. La politique
jointe calculée par MA-VI est ensuite utilisée a la place des
états alloués/négociés de nos modeles.

4.1 Résultats

Dans nos expérimentations, les seuls parameétres variants
sont le nombres d’agents et le nombre de taches.

Pour le modele utilisant la négociation, le parametre d a
été fixé a 10 suite a des tests empiriques évaluant son in-
fluence, cette valeur ressortant comme étant pertinente. Les
valeurs présentées dans le tableau | représentent le temps
d’exécution moyen (sur 5 exécutions), en millisecondes,
pour la complétion de toutes les tches, pour chacun de nos
modeles ainsi que MA-VI. La premiere colonne indique la
configuration utilisée respectivement en termes d’agents et
taches. L’abréviation DNF signifie did not finish et indique
que I’exécution n’a pas abouti avant un timeout préconfi-
guré d’une heure.

Config. | Simple | Comp. | MA-VI
2-2 53.5 110.7 138.9
2-4 80.7 234.6 | 7352
4-4 81.5 3902.6 | 68708.1
6-6 136.2 DNF DNF

TABLE 1 — Temps de calculs moyens

Nous constatons que le modele simple, c’est-a-dire celui
qui utilise une exploration gloutonne des états, est beau-
coup plus rapide que le modele complexe et également plus
rapide que MA-VI. De plus, le modele simple est capable
de gérer un nombre de tiches et d’agents plus important,
en témoigne le test sur la configuration 6 agents et 6 tiches
ou seul le modele simple est parvenu a un résultat avant la
fin du timeout. La rapidité du modele simple peut s’expli-
quer facilement car a chaque cycle, chaque agent explore au
plus | J| états, donc la complexité ne dépend pas du nombre
d’agents mais du nombre de taches. La scalabilité de ce
modele sur un systeme distribué est donc tres grande (si
le systéme n’est pas distribué, la complexité dépend quand
méme du nombre d’agents). Le modele complexe, qui uti-
lise 1la négociation, est quant a lui plus lent que le modele
simple (mais plus rapide que MA-VI) et ne parvient pas a
résoudre des problemes ou le nombre d’états est tres grand.
En effet, le modele complexe nécessite un calcul préalable
de tous les états, par conséquent, les calculs des vecteurs de



préférences se complexifient avec le nombre d’états. MA-
VI, qui est plus lent que le modele complexe, doit calculer
une politique jointe sur I’ensemble des états et des agents,
ce qui est extrémement coliteux en termes de calculs, d’ou
sa lenteur.

Dans un second temps nous allons comparer I’optimalité
des trois approches en utilisant 2 métriques : le social wel-
fare et le nombre d’étapes pour réaliser toutes les taches.
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FIGURE 3 — Comparaison entre le modele simple et MA-VI
pour le social welfare et le nombre d’étapes avant complé-
tion
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FIGURE 4 — Comparaison entre le modele complexe et MA-
VI pour le social welfare et le nombre d’étapes avant com-
plétion

La figure 3 présente les résultats d’exprérimentations com-
parant le modele simple avec MA-VI et la figure 4 présente
les résultats d’exprérimentations comparant le modele com-
plexe avec MA-VI. Les 2 modeles ont été lancés sur des
configurations contenant 2 agents et un nombre de tiches
variant entre 2 (carré), 3 (triangle), 4 (losange), 5 (cercle),
6 (losange a moitié plein) et 8 (pentagone). Les résultats
des modeles sont en noir tandis que ceux de MA-VI sont en
vert. Ces résultats présentent le total accumulé de récom-
pense (Social Welfare) en abscisse et le nombre d’étapes
pour satisfaire toutes les tiches en ordonnée. Pour le modele
simple, nous constatons que MA-VI est plus optimal au
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sens du Social Welfare mais est équivalent pour le nombre
d’étapes. De plus, ce gain en optimalité s’aggrandit avec le
nombre de taches disponibles. Pour le modele complexe, les
performances en termes de Social Welfare entre le modele
et MA-VI sont tres similaires et seules les configurations
avec un nombre impair de tiches (3 et 5) présentent une
différence. Cela peut s’expliquer par le fait que lorsqu’il ne
reste qu’une seule tiche, MA-VI va préferer mettre un agent
seul sur la tache. A linverse, les agents vont aller a 2 sur la
tache avec le modele a négociation, ce qui se traduit par un
Social Welfare inférieur.

En résumé, MA-VI dépasse le modele simple en termes
de Social Welfare, mais pour un temps de calcul beaucoup
plus grand. Quant au modele complexe, il est tres similaire
a MA-VI en termes de Social Welfare, toutefois, le mo-
dele complexe est plus rapide, et la différence de rapidité
s’accentue lorsque I’espace d’état grandit. Concernant le
nombre d’étapes pour réaliser I’ensemble des taches, tous
les modeles sont équivalents.

5 Conclusion

Nous avons proposé dans cet article deux modeles pour la
planification multi-agents de taches. Ces modeles, fondés
sur 1’allocation de tiches, s’inscrivent dans un contexte ou
les agents ont des tiches simples ou complexes a accom-
plir au sein d’un environnement. Le premier modele utilise
une exploration gloutonne des états. Ce modele est promet-
teur, toutefois, dii a son caractere glouton, nous supposons
qu’il n’existe pas de garantie théorique de trouver un état
optimal, la recherche pouvant s’arréter sur un optimum lo-
cal. Expérimentalement, 1’optimalité en termes de nombre
d’étapes a été atteinte a chaque fois, cependant, en termes
de Social Welfare, ce modele est 1égerement en dessous. 11
offre cependant une grande scalabilité ainsi qu’une grande
rapidité d’exécution. Ce modele est dédié a la résolution de
problemes ne contenant que des taches simples, cela limite
grandement les possibilités de modélisation, les tiches né-
cessitant I’intervention de plusieurs agents ne sont pas mo-
délisables.

Le second modele est quant a lui pensé pour les tiches
complexes, nécessitant 1’intervention de plusieurs agents. Il
utilise un mécanisme de négociation et permet ainsi la co-
opération entre les agents. Le mécanisme de négociation de
ce modele nécessite de connaitre I’ensemble des états pos-
sibles, et calculer I’ensemble des états est tres vite coliteux,
en témoigne les temps de calculs qui sont plus importants
que ceux du modele simple, mais reste toutefois plus ra-
pide que MA-VI, pour une optimalité en termes de nombre
d’étapes et de Social Welfare similaire. Une limite de ce
modele est liée au parametre d, qui contrdle la taille des
vecteurs de préférences des agents, et qui agit donc sur la
complexité du modele. Plus spécifiquement, la complexité
de I’algorithme de négociation dépend de d, et donc si ce
dernier doit étre grand pour garantir 1’optimalité, 1’algo-
rithme de négociation sera lent.

Les pistes de recherches futures concernent principalement
les extensions a des contextes dynamiques et stochastiques,
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qui nécessiteront d’adapter les modeles a 1’apparition et
disparition des taches, ainsi qu’a I’estimation des récom-
penses désormais stochastiques. Cela nécessitera en parti-
culier d’adapter le processus de négociation afin de mettre
a jour les vecteurs de préférence, mais également de s’ap-
puyer sur des modeles d’apprentissage (en particulier par
renforcement) afin de palier aux aspects stochastiques. L’in-
tegration de tiches temporellement contraintes (durée, ex-
piration) est également une piste de réflexion afin de se rap-
procher d’une situation applicative réelle. De plus, il serait
intéressant de repenser les modeles afin que le mécanisme
de décision ne s’appuie pas uniquement sur la fonction de
récompense.
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Résumé

Cet article court présente nos recherches sur le controle
par Deep Reinforcement Learning (DRL) de surfaces intel-
ligentes reconfigurables (RIS) pour la sécurité physique des
futurs réseaux 6G. Nous mentionnons d’abord notre résul-
tat sur l'intégration de 1’équité dans un controleur DRL-
RIS multi-utilisateur, puis situons nos travaux en cours sur
les backdoors en DRL a partir d’une littérature fonda-
trice encore peu appliquée aux systemes physiques. Nous
soulignons enfin ’intérét de notre environnement de sim-
ulation CTRL_RIS comme ressource open source repro-
ductible pour relier résultats actuels et pistes futures sur
I’équité, la sécurité et la robustesse des controleurs DRL-
RIS pour les réseaux 6G.

Mots-clés

Intelligence Artificielle Physique, Apprentissage par Ren-
forcement, 6G, Cybersécurité, Sécurité de la Couche
Physique, Surfaces Intelligentes Reconfigurables

Abstract

This short paper presents our research on Deep Reinforce-
ment Learning (DRL) control of reconfigurable intelligent
surfaces (RIS) for the physical security of future 6G net-
works. We first mention our results on integrating fairness
into a multi-user DRL-RIS controller, then situate our on-
going work on DRL backdoors based on foundational liter-
ature that has yet to be widely applied to physical systems.
Finally, we highlight the relevance of our CTRL_RIS simu-
lation environment as a reproducible open-source resource
for linking current results and future avenues of research on
fairness, security, and robustness in DRL-RIS controllers
for 6G networks.

Keywords

Physical Al, Reinforcement Learning, 6G, Cybersecurity,
Physical-Layer Security, Reconfigurable Intelligent Sur-
faces

1 Introduction

6G systems are expected to increasingly rely on Recon-
figurable Intelligent Surfaces (RIS), in passive, active, or

hybrid forms, to shape propagation conditions in difficult
environments [/, 2]. Yet RIS remain embedded, hardware-
constrained devices: large arrays of low-cost elements must
be controlled in real time with limited on-board resources,
and the joint optimization of phase shifts, beamforming,
and physical-layer security quickly becomes difficult for
classical iterative methods in dense settings [, <, 5]. This
motivates a Physical Al approach where a policy trained by
Deep Reinforcement Learning (DRL) [0, 7] directly con-
trols the RIS, adapts to radio and security conditions, and
makes fast decisions under physically grounded channel
and control constraints, while also opening a new attack
surface [, 4, 9, 10].

Our recent work addressed one side of this problem, namely
fairness in DRL-driven RIS-assisted physical-layer secu-
rity [!1]. We showed that maximizing aggregate perfor-
mance is not sufficient in multi-user settings, where unfair
allocations may deprive weaker users from service. Using
the Jain Fairness Index [ ] and the broader notions of the
price of fairness developed in [ | ©], we showed a misalign-
ment between the classical Sum Secrecy Rate (SSR) used
generally in multi-user telecommunications systems [<]
and the behaviour obtained once the neural network is
trained. This contribution provides a first step toward trust-
worthy DRL-driven RIS and a concrete baseline for future
robustness studies. The second block concerns backdoors

AI/DRL RECONFIGURABLE RIS-ASSISTED
CONTROLLER INTELLIGENT BUILDING
SURFACE

Figure 1: General DRL-driven RIS-assisted secure commu-
nication setup for 6G networks.

in DRL. While backdoor attacks are now well established
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in supervised learning [!5, 0], their adaptation to rein-
forcement learning is more recent and especially relevant
for controllers deployed in long-lived cyber-physical sys-
tems. In the RIS setting, poisoning can affect training ob-
servations, rewards or environmental dynamics. The attack
surface is also shaped by hardware realities such as imper-
fect channel estimation, finite-resolution phase control, re-
configuration latency, and RF impairments [/, 9]. This
short paper positions our research along three complemen-
tary axes: fairness-aware RIS control, a concise taxonomy
of DRL backdoors, and an open-source experimental basis
through the CTRL_RIS DRL environment." We provide
a reproducible Python environment for secure RIS beam-
forming, configurable multi-user scenarios with eavesdrop-
pers, and DRL baselines for fairness and robustness exper-
iments.

2 Fairness vs. Backdoor-Aware RIS

Figure | summarizes the secure wireless environment con-
sidered in our prior fairness study [! |], with a RIS model
kept consistent with physically grounded formulations [ !].
The main result of that paper is simple but important re-
garding alignment: fairness is not only a side metric but
a structural requirement for reward engineering for DRL-
driven RIS systems.If a reward only encourages global per-
formance, the agent tends to privilege the user with the most
favourable channels; fairness-aware shaping is needed to
maintain acceptable service across users while keeping se-
crecy objectives meaningful [V, | 1].

This observation naturally connects to trustworthiness. A
poisoned DRL policy does not need to produce a spectac-
ular failure to be harmful. An attacker may instead cause
a subtle but targeted degradation of service, for instance by
selectively hurting disadvantaged users, biasing resource al-
location, or weakening the secrecy-fairness trade-off. In a
RIS controller, such effects are further filtered by hardware
limits: coarse phase updates, stale channel estimates, or im-
paired RF chains can hide small policy deviations while still
moving the system toward an unfavourable operating point.
Fairness therefore becomes both a design objective and a
possible indicator of malicious behaviour.

3 Representative DRL Backdoors

Recent DRL backdoor literature assumes two main dimen-
sions [! 7, 15, 19]: the attack loop and the adversarial ac-
cess. Inner-loop attacks poison the training stream step
by step, typically through state and reward manipulations;
outer-loop attacks operate at the trajectory or episode level
and can exploit richer information. A second dimension
concerns the attacker interface: poisoning may alter the
observed state, the reward signal, or part of the environ-
ment itself. Table 1 condenses three selected representative
techniques from the current DRL backdoor literature [! 7/,

, 19]. TroJDRL [!7] first showed that targeted mali-
cious behaviour can be implanted through poisoned train-
ing interactions. BadRL [!%] reduces the amount of poi-

lhftl s://github.com/alex-pierron/CTRL_RIS
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soning required, making the attack more stealthy. Sleeper-
Nets [19] broadens the threat model through trajectory-
level poisoning. However, this literature still mostly re-
lies on benchmark-style RL environments rather than on
Physical Al systems with sensing, actuation, channel, and
hardware constraints. For RIS controllers, this distinction
matters: a backdoor must remain effective despite quan-
tized phase shifts, estimation noise, delayed reconfigura-
tion, and constrained embedded control, while these same
limitations can amplify the impact of small poisoned in-
puts once the policy is deployed [+, ©]. The literature thus
provides a strong vocabulary, but not a complete answer
for dynamic physical systems. The RIS case gives a con-

Table 1: Three representative DRL backdoor techniques.

Method Loop Access Effect

TroJDRL [ 7] Inner State/reward Targeted policy shift
BadRL [ 9] Inner Sparse poisoning Stealthier attack
SleeperNets [ 1] Outer Trajectories Universal behavior

crete physical interpretation. A recent study on pilot back-
door attacks against DRL-empowered RIS control shows
how an adversary-controlled IRS can contaminate channel
state information and implant malicious behaviour in a ra-
dio controller [10]. This result is particularly relevant for
our agenda because it bridges the DRL-backdoor literature
and programmable wireless environments without requir-
ing unrealistic assumptions about the attack outcome. In
practice, the most plausible triggers are those aligned with
the hardware and signal chain itself, such as biased pilots,
corrupted Channel State Information (CSI), or malicious
phase updates, rather than arbitrary perturbations. In such
settings, compromised behaviour may affect secrecy, fair-
ness, or both, which reinforces the need for evaluation pro-
tocols that go beyond average utility and remain compatible
with physically grounded RIS models [ | ]. Itis our primary
goal to find effective detection and mitigation techniques to
prevent problematic behaviours caused by these potential
backdoors in the DRL controller.

4 Conclusion

Our research addresses the challenge of building trustwor-
thy Physical Al for future 6G networks. For DRL-driven
RIS control, fairness, security, and robustness must be
considered jointly. First contribution has established that
fairness-aware reward design is necessary for secure mul-
tiuser RIS control [/ ]. We now extend this perspective
to adversarial training and backdoor-aware threat modeling
for DRL, using our open-source CTRL_RIS > DRL environ-
ment to evaluate poisoned training, triggered behaviour and
robustness under physically grounded constraints.
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Résumé

En apprentissage par renforcement multi-agents (MARL),
lintégration de mécanismes de communication permet aux
agents d’apprendre a coordonner leurs actions et a con-
verger vers leurs objectifs en partageant des informations.
Sur la base d’un graphe d’interaction, une sous-classe
de méthodes utilise des réseaux de neurones de graphes
(GNN) pour apprendre a communiquer, ce qui permet aux
agents d’améliorer leur représentation interne enrichie par
les informations échangées. Avec l’essor récent des travaux
dans ce domaine, nous constatons un manque de visibilité
dans la distinction et la classification des approches MARL
avec communication basée sur les GNNs. Ainsi, cet article
passe en revue les travaux récents dans ce domaine. Nous
proposons ici un processus généralisé de communication
basé sur les GNNs dans le but de rendre plus évidents et
accessibles les concepts sous-jacents a ces approches.

Mots-clés

Apprentissage par renforcement multi-agents, Communica-
tion, Réseau de neurones de graphes.

Abstract

In multi-agent reinforcement learning (MARL), the integra-
tion of a communication mechanism, allowing agents to
better learn to coordinate their actions and converge on
their objectives by sharing information. Based on an in-
teraction graph, a subclass of methods employs graph neu-
ral networks (GNNs) to learn the communication, enabling
agents to improve their internal representations by enrich-
ing them with information exchanged. With growing re-
search, we note a lack of explicit structure and framework
to distinguish and classify MARL approaches with commu-
nication based on GNNs. Thus, this paper surveys recent
works in this field. We propose a generalized GNN-based
communication process with the goal of making the under-
lying concepts behind the methods more obvious and acces-
sible.
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Graph Neural Networks.
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1 Introduction

Multi-Agent Systems (MAS) address a wide range of ap-
plications in robotics, video games, and cybersecurity. The
main difficulty in designing MAS lies in developing the in-
ternal mechanisms that govern agents’ behaviors and inter-
actions. Reinforcement Learning (RL) provides a frame-
work through which an agent can learn to behave effec-
tively through experience. In the Multi-Agent Reinforce-
ment Learning (MARL) setting, agents learn simultane-
ously while attempting to coordinate with one another by
executing local policies. However, each agent typically op-
erates under partial observability of the global state of the
system and must therefore act based on incomplete infor-
mation. Moreover, because all agents update their poli-
cies concurrently, the environment becomes non-stationary
from the point of view of each agent: the transition dynam-
ics depend on the evolving behaviors of the other agents.
This non-stationarity significantly complicates learning in
MAS and may prevent convergence to optimal policies.

To tackle partial observability and non-stationarity in
MARL, we can consider communication between agents.
Indeed, agents can communicate some information, e.g.
their local observation or an internal representation of their
mental state, to obtain a broader view of the environment
and make a well-informed decision. Yet communication
raises additional challenges. It requires specifying how
messages are created, when and with whom communica-
tion should occur, how incoming messages are interpreted
and aggregated, and how communication is integrated into
the learning and execution phases.

Various approaches have been proposed in the literature to
integrate communication into MARL and address its chal-
lenges. A particularly active research direction in recent
years has focused on the use of Graph Neural Networks
(GNNs) [20] for communication in MARL. GNNs have
emerged as a popular solution to learn and extract knowl-
edge from a graph. When data contains relationships be-
tween entities, modeling a graph permits extracting useful
information. In many cases, graphs are used to represent
data such as infrastructure, biological, social, and collabo-
ration networks. In MARL with a communication context,
we can thus represent the state of an environment as a graph
where agents are positioned as nodes, and communication



between them is represented by edges. Zhu et al. cover
MARL with communication [*”] more broadly than our
work, which focuses on a deeper analysis of twelve ma-
jor recent GNN-based communication methods, reflecting
the growing interest in GNNs for communication.

We note a lack of explicit structure and framework to dis-
tinguish and classify MARL approaches with communica-
tion based on GNNSs, as there are many methods, with great
diversity. Hence, this survey analyzes different methods of
communication in MARL based on GNNs. We motivate the
interest in using GNNs, and dive into state-of-the-art meth-
ods, by comparing them, extracting tendencies, and point-
ing out limitations of such approaches. Our study leads us
to derive a generic algorithm which generalizes GNN-based
communication process in MARL.

We first take a step back in the background Section 2 to
present GNNs, RL, MARL, and MARL with communica-
tion. Section 3 presents the generic GNN-based commu-
nication process we propose and a survey of GNN-based
communication MARL methods. This is followed by a spe-
cific focus on how realistic communication constraints are
taken into account in state-of-the-art approaches. Finally,
we conclude with future research directions in Section 4.

2 Background

In this section, we first outline key aspects of GNNS, as they
are widely used for communication. Secondly, we briefly
establish the foundation of RL, then explore MARL, focus-
ing progressively on communication in MARL.

2.1 Graph Neural Networks

Several tasks on graphs, such as node classification, link
prediction, and graph classification leverage machine learn-
ing methods [ |]. A major approach for solving these tasks
is the use of deep learning methods, in particular Graph
Neural Networks (GNNs) [20].

Definition 2.1. A graph at time ¢, denoted G*(V, E), is
defined by a set of n nodes V, and a set of edges F, where
an edge represents the influence of the source over the tar-
get, possibly reciprocal. A/ (i) denotes the set of neighbors
of node 4, as Vj € N(4),3(j,7) € E and N; = deg(i) =
|V (7)|. The graph can potentially admit self-loops such as
Vi € V,(4,1) € E and thus 7 is included in its neighborhood
i € N(i). Wedenote A € R™*™ the adjacency matrix, with
Aji =1 < (j,i) € E,and X € R"*? the node feature
matrix, with X [i] € R being the feature vector of the node
i and d the feature dimension. If edges also have features,
we denote 4, the edge feature matrix, with Eqz[(7, )]
abbreviating e; ; referring to the feature vector of the edge
(j,i). The graph is directed and dynamic as it evolves in
a finite number of steps ¢ € [0, 7], and can be potentially
weighted, with each edge having ew;; the weight of the
edge (j,i) € E.

A GNN is defined as a parameterized function
f(X, A, Eutr;60). In a layered GNN with L layers,
learnable parameters 6 are a set of weight matrices
{V[/(l)}le_o1 shared among all nodes of the graph. The
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GNN learns to compute node representations (or em-
beddings), noted hg” for the representation of the node
¢ at layer [. It does so by applying iteratively (L times)
the layer process. One layer process consists of two
main steps for each node: 1) the aggregation step to
gather representations from its neighbors, defined by the
adjacency matrix; 2) the transformation step to transform
the aggregated information using a weight matrix to obtain
updated node representations. Thus, the edges of the
graph determine which neighboring representations are
aggregated, while the weight matrix controls how this
information is transformed.

Inspired by the Convolutional Neural Network (CNN), one
of the first GNN architectures is the Graph Convolutional
Networks (GCN) [! |], which is applied on non-euclidean
data. Applying a convolution on an image uses a kernel
with a fixed size, which is impossible in a graph, as the
number of neighbors N; of each node ¢ varies. Thus, the
aggregation step of the GCN layer process consists of pool-
ing neighbors’ features, and the transformation step con-
sists of computing the weighted sum of neighbors’ values,
with learnable weights. The updated representation of a
node ¢ at layer [ is:

EW;j 4 h(lfl)W(l_1))

].e%) VVdeg(i)deg(j)

The average is weighted by the degree of nodes prevent-
ing high-degree nodes from dominating the aggregation and
keeping the feature magnitudes stable.

More recently, Graph Attention Networks (GAT) [70] pro-
poses a new model based on attention heads:

hgl): Z Ozjz'h;l_l)W(l_l)
JEN(3)

Y = o ()

(@)

with a;; the attention weights from j to ¢. The use of a
learnable attention vector allows choosing how much atten-
tion to give to each neighbor.

GCN and GAT are two popular architectures among the
many variants of GNNs. Most of them can be instantiated
to a single common framework: Message Passing Neural
Networks (MPNNs) [7]. The layer process with MPNN is:

hgl) — w(l)(hz(_l—l)7 EB ¢(l)(hz('l_1)7hg-l_l),ej,i)) 3)
JEN (@)

with ¢ and ¢ differentiable functions, e.g. Multi Layer
Perceptrons (MLP), and € the aggregator function, (e.g.
mean, add, max). ¢() represents the message construc-
tion, and for GCN and GAT cases, it would contain weights
w.

The main advantage of using MPNN is transmitting in-
formation in the graphs to /-hops by stacking layers, with
nodes communicating only with immediate neighbors. In
Figure 1, the green node aggregates information from its
neighbors (nodes 2,3 and 4) in 1-hop. Repeating the pro-
cess permits accessing information from 2-hop nodes (node
5) as their features were previously aggregated by 1-hop
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Figure 1: An example of MPNN: the green node, aggre-
gates features from its 1-hop neighbors € N'(1)

nodes. Other advantages of GNNs include generalizabil-
ity to unseen nodes (inductive learning), invariance of per-
muting node order during aggregation, handling of non-
Euclidean structure, and capturing local and global infor-
mation to learn complex patterns. All these advantages
have led communication methods to integrate GNNs in
their process. In particular, in distributed communication
using GNNs with [ > 1, agents (considered as nodes) indi-
rectly aggregate information about unreachable agents, ef-
fectively extending information propagation despite limited
communication range.

2.2 Reinforcement Learning

In a sequential decision-making setting, reinforcement
learning (RL) algorithms enable an agent to learn solutions
through repeated experiments with an environment.

The standard model to define the sequential decision pro-
cess is the Markov Decision Process (MDP) defined with S
the set of environment states and g its initial state distribu-
tion such that sy ~ pu, A the set of actions for the agent,
R the reward function and 7 the state transition probabil-
ity function. In a more realistic case, the agent only par-
tially observes the state of the environment. Formally, we
define the Partially Observable Markov Decision Process
(POMDP) as an MDP extended with O, the set of observa-
tions. O defines a probability distribution over possible ob-
servations. The agent interacts with the environment during
a set of episodes (i.e. sequence of states and actions until a
terminal state).

The discounted return from time step ¢ is defined as the sum
of discounted rewards over time, i.e. R; = Zzozo vkr”k
where the discount factor v € [0, 1] ensures finite return
in non-terminating MDPs, and r; is the reward received
at time step t. A policy 7(als) defines a mapping from
states to a probability distribution over actions. The goal of
an agent is to find an optimal policy 7* which maximizes
the expected discounted return from every state s € S, i.e.
7 = argmax, E.[R¢|s; = s]. We can define two useful
functions: the value function V™ (s) = E,[R|s; = s, and
the action-value function Q™ (s,a) = E.[R¢|s; = s,a; =
a] which enable to evaluate the expected return based on a
state s or a couple (s,a). The use of V or () is essential,
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as an action can lead to a high immediate reward, but in the
long term, a poor return.

In RL, a common assumption is that the agent has no a pri-
ori knowledge about the transition and reward functions,
leading to the need to collect experiences to learn a policy
T[]

The use of deep neural networks to parameterize and ap-
proximate value functions and policies over large state and
action spaces has become standard practice, giving rise
to Deep Reinforcement Learning (DRL). We can classify
DRL algorithms into two categories: value-based algo-
rithms, which optimize a value function like DQN [ /]; and
policy-based algorithms, which optimize the policy, like
REINFORCE [’“]. A particular subclass of policy-based
algorithm is the actor-critic algorithm, which combines the
use of a value function as a critic to guide policy learning
such as A2C [6] or PPO [ 1].

2.3 Multi-Agent Reinforcement Learning

In a multi-agent setting, a POMDP extends to a Partially
Observable Stochastic Game (POSG).

Definition 2.2. A POSG [!] is defined by a tuple
(1,8, 1, {0}, {A:}, {R:}, T,{0;}), with I the set of
agents indexed as {1,...,n}', S the set of states and y the
initial state distribution such as s° ~ 1, O; the set of obser-
vations for agent i, A; the set of actions. We denote the joint
action space A = X;crA;. Thus, R; : S x A x S — Ris
the reward function for agenti, 7 : Sx A xS — [0, 1] is the
state transition probability function, and O; : SX A xO; —
[0, 1] is the observation function of agent 3.

At each time step t, each agent ¢ receives a local obser-
vation of the current state of C s given by its observa-
tion function O;(of|s?, a’~1). All the individual observa-
tions give the joint observation of = (o},...,0!), which
approximates the current state o} C o' C s'. In addi-
tion, each agent can memorize its observation-action his-
tory 71 = [(0?,a?), ..., (of, al)] often encoded by a Recur-
rent Neural Network (RNN). Thus, by following its policy
mi(at|r}), each agent i chooses action af, forming the joint
action a® = {(a!, ..., al). The game transitions to the next
state s'*1 € S with T (s'*1|s!, a’) probability, and each
agent 7 receives its reward 7! = R;(s', al, s'*1). We note
R; =72, 7't the discounted return for the agent i.
Depending on the reward structure, POSGs can be classi-
fied as competitive, cooperative, or mixed games. In com-
petitive games, agents are opponents (e.g., Y ,.; Ri(a) =
0,Va € A). In cooperative games, agents aim to maxi-
mize the global expected return of all agents ), ; E, [R;]
(e.g., common-reward: R; = Ro = -+ = R;,). In mixed
games, agents may share partially aligned interests while
still pursuing individual objectives.

Example: Predator-Prey. The Predator-Prey environment
is well-known and massively used to evaluate MARL algo-
rithms. Let n agents (predators) evolve in a square grid by

'In the multi-agent setting, time steps are denoted using superscripts
rather than subscripts to avoid confusion with agent indices.



choosing a movement action {up, down, left, right, stay}.
Their objective is to catch a stationary prey while con-
strained by a limited vision range. Once a predator reaches
the prey, it stays there and always gets a positive reward un-
til the end of the episode (reaching the time step limit or all
predators have reached the prey). The environment is co-
operative: agents obtain a better reward when more agents
reach the prey.

Multi-Agent DRL (MADRL) algorithms fall into two
paradigms.

Decentralized Training and Execution (DTDE). DTDE
addresses the problem independently for each agent. Each
agent uses its own local information to choose its own be-
havior. This learning framework permits both training and
execution in a physically distributed setting, such as robotic
scenarios. All RL algorithms can be adapted to DTDE, e.g.
IDQN [”5] and IPPO [?]. However, the main problem re-
sides in the non-stationarity of the environment, as many
agents learn simultaneously. From the point of view of one
agent, all other agents are part of the environment, so the
environment always changes even without its action.

Centralized Training and Decentralized Execution
(CTDE). In the CTDE setting, additional global informa-
tion can be centralized and exploited during training to sta-
bilize and improve learning. However, at execution time,
each agent follows a decentralized policy using only its
own local observations, ensuring fully decentralized exe-
cution. The use of centralized information during training
helps to reduce the non-stationarity environment problem.
In most environments, centralized information is accessi-
ble only during training, as the training process is typically
simulated. This is the reason why many popular algorithms
follow the CTDE paradigm. Some use value decomposi-
tion to centrally combine individual utility functions during
training, like VDN [24] or QMIX [!9], while others use a
centralized critic and decentralized policies like MADDPG
[ 5] and MAPPO [30].

Whatever the paradigm is, agents can either share the same
set of network parameters or not. If agents share their pa-
rameters, only one set of parameters is learned and then du-
plicated into each agent, for the decentralized execution. In
common-reward cooperative games, sharing weights of the
model during learning permits converging faster, but at the
cost of having less chance to develop diversity in behaviors
between policies [ |, ”].

2.4 MARL with Communication

Classical CTDE settings assume no communication be-
tween agents during execution. However, the centralization
of information during training can be seen as an implicit
communication process: all agents send their local obser-
vation to a centralized node that aggregates information to
form the joint observation. Indeed, the messages exchanged
during the training phase are not formally specified. In con-
trast, the explicit communication process that we refer here
is learnable, where information is explicitly communicated
between agents. This grant a broader representation of the
global state for each agent, while remaining in a decentral-
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ized execution setting.

Most methods use communication during execution to bal-
ance the partial observability while enabling better coor-
dination strategies. The communication process can also
be used only during training, for instance to learn a more
effective information combination than predefined CTDE
schemes. The positive impact of communication on coor-
dination explains why cooperative scenarios are the most
relevant setting for its use.

Incorporating explicit communication in MARL requires
extending the joint action space to include communication
actions. Zhu et al. extend POSG with M, the shared mes-
sage space, leading to POSG-Comm [3”].

Learning to communicate brings some new challenges:

1. Generating the content of the message to be sent.
2. Choosing when and with whom to communicate.
3. Interpreting/combining received messages.

4. Leveraging the acquired knowledge.

Many methods have been proposed to solve these new chal-
lenges [7”]. Each of these issues can be resolved either
through learning or by relying on a fixed, manually de-
signed solution. Most state-of-the-art approaches incorpo-
rate learning to handle at least one of these challenges. The
communication is often learned in an end-to-end fashion
(with backpropagation flow for all differentiable functions),
so agents communicate directly to improve the global re-
turn.

A key distinction between MARL methods with commu-
nication is whether the communication requires a central
control node or not. This means that some methods need
a centralized data structure to control the communication
policy. This is endorsed by the proxy, an agent that can-
not directly interact with the environment but is responsible
for the communication policy, e.g. learning to aggregate
observations for a centralized critic. The use of a proxy
during the training phase is a soft constraint, as it is of-
ten implemented within a simulator and centralized. Yet
during execution it is a harder constraint, as it requires per-
fect communication between all the agents and the proxy.
While this constraint may be realistic in some settings, such
as warehouse environments, it restricts the applicability to
other contexts, e.g. fleet of drones. In methods without a
proxy, each agent communicates in a distributed manner,
within a communication-range, which makes the approach
more flexible and applicable to a wider set of scenarios.
Algorithm | summarizes the process for the training and the
execution phases. Parametric functions are any common
learnable function f(-; #) with associated weight 6. For ex-
ample, it can be used to compute action probabilities for the
policy or to serve a critic in actor-critic methods. The com-
munication process permits obtaining relevant information
by exchanging messages between agents, which influences
the policy of agents. Agents are either fully connected, or
constrained by the communication range. Various mech-
anisms using GNNs to address communication challenges
will be explored in the following section.
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Algorithm 1: General Pipeline for MARL with
communication

Input: The environment env
1 Initialize all parametric functions f;(-; 6;) with their
associated weights 6, ;
2 for every episode do

3 | Observeato?,..., o2 fromenvatt=0;
4 for time stept =1,2,...,T — 1do
> Create representations with
Algo. 2
5 Ry, ... hl = Communicate(ot,...,0%);
6 Sample actions a!, . .., al, ~
T ([h15601), - 7 (LR 0n) 5
7 Perform actions in env ;
8 Collect rewards rt, ..., rt from env ;
9 Observe 0!t ... o+ from enw ;
10 if in Training phase then
11 Compute losses for parametric functions,
based on agents’ interactions with env ;
12 Update 6; by backpropagating gradients ;

3 MADRL with GNN-Based Com-
munication

GNNs excel at propagating information between nodes and
at modeling structured and dynamic interactions among
agents [0, 12, 1 5]. In this section, we first abstract and gen-
eralize the communication process used in existing state-of-
the-art approaches to design a generic algorithm for com-
munication in MADRL. Secondly, we survey GNN-based
communication methods, their advances, and limitations,
including the widespread neglect of communication con-
straints.

3.1 Communication Model with GNNs

Introducing GNNSs in the communication process can help
to solve challenges. Creating messages through GNNs per-
mits communication in multiple rounds. Building a graph at
each timestep and designing an MPNN determines when’
and with whom to communicate, and how to create mes-
sages and interpret received messages. The last aggregation
and transformation made by the MPNN gives a final repre-
sentation (i.e., communication-aware representation) that is
integrated in the learning process, and optionally in the ex-
ecution.

To aggregate many GNN-based methods within a high-level
framework, we propose a generic communication process
using GNNs in MADRL, presented in Algorithm 2. We
distinguish between two cases: the use of a proxy or dis-
tributed communication without a proxy. The associated
proxy part is detailed in Algorithm 3.

The algorithm can be unfolded into four main parts:

2At each timestep, the agent decides whom to communicate with, so
agents implicitly learn when to communicate.
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Algorithm 2: Generic communication process in
MADRL with GNNss at time ¢ for agent ¢

Input: of: the local observation

> Encode the message to send
1 Encode current representation: z} < F(of) ;

> Decide with whom to communicate
2 if exists a proxy P then
3 Send zt to P ;
> Execute Algo. 3

4 Receive thLZ from P;

if exists a distributed comm then
6 | Sendzlto{jeNii)};
7 | Xf{ahli e NY(5), Vi e},

wn

> Combine received msg

8 GLVE, EY) <+ Gpuua(XY}): the local graph ;
o | H=X!:

10 for/=1...Ldo

> Aggregate msg
1 Wt GNNHH Y BN
12 if multi-round comm. and [ > 1 then
> Exchange updated
representation
13 Send h'' to {j € N(i)} ;
14 HP'  {h5i e NE(j),Vj € I}
15 if evolution of relation then
Ly .
16 L GL(V Bl « G a(H) 5

QOutput: The final representation hZ’L, Possibly final
representation from the proxy h’;;ﬁ

> Inner integration to
policy/value-level

1. Encode the message to send. To generate the first mes-
sage to send at time ¢, we use F(-), the message encoder: it
maps local observation of the agent o! to encoded message
x! (line 1). It can be implemented as any parametric func-
tion (e.g., MLP, RNN, CNN), or as a predefined mapping,
such as the identity function, which preserves the raw input.
Using an RNN introduces a hidden state to capture history.

2. Decide with whom to communicate. In proxy commu-
nication settings, all agents send their local representations
to the proxy (line 3). In distributed settings, each agent %
sends its representation to agents j € N{(i) with N!(4)
containing the set of reachable neighbors from ¢, at time
t (line 6). Each agent 4, received messages from every
agent j € I, that considers i € NI(j) (line 7). Ni(k) is
determined by potential communication range or learnable
choices to decide with whom it is possible or beneficial to
communicate.

3a. Combine received messages with distributed
communication. Following the previous message-sending
phase at time ¢, each agent i receives a set of messages X!



from the others (line 7). A local graph for agent ¢ at time
t, noted GY, is constructed by Gypyiia(+) function, with all
previous received messages X! (line 8). This local graph
G represents all reachable agents from i (all j € N!(i))
as nodes, their communication as edges, and message con-
tents as node feature X?![j] : Vj € N}(i) (see Def. 2.1). Gt
is then used to aggregate messages with GNNs. Combin-
ing messages until the last layer L of GNNs leads the agent
to obtain a final representation for its corresponding node
in the graph, hZ’L, which is intended to be a broader repre-
sentation of the current global state of the world. If | = 1,
information is aggregated only with the 1-hop neighbor, but
if [ > 1, two possible cases occur. In the multi-round com-
munication case, at each layer of GNNs, each agent com-
municates with its neighbors, and its intern representation
hf’l is updated at layer [ (line 13). The multi-round com-
munication leverages the diffusion/propagation mechanism
of MPNN (see Fig. 1). Otherwise, each agent ¢ computes
representations [ times, for all reachable nodes, which im-
plies that the i’s representation of agent j may differ from
J’s self-representation (i.e., they do not have the same lo-
cal graph). The multi-round communication ensures con-
struction of more globally consistent representations, but
demands more messages. Whereas without multi-round
communication, agents communicate only once, but rep-
resentations have limited global consistency and may be bi-
ased. Furthermore, with the evolution of relation enabled,
G! can be updated at each layer via G} () to learn a dif-
ferent communication structure within the same timestep
(line 16). The final representation hfL is integrated in the
MADRL pipeline in the next phase. The final representa-
tion replaces the usage of raw observation o!.

Algorithm 3: Proxy’ communication process at
time ¢
1 Receive X4 + {zt|Vi e I};
2 GL(VE,EL) + Gpuia(X5): the graph of Proxy ;
t,0 i
3 Hp =X,
4forl=1...Ldo
t,l l tl=1 1o\ .
5 Hp <~ GNNp(Hp ™ ,EL)
6 if evolution of relation then
7| | GH(VE Eb) < Gouita' (HE') 5

s Vi I,send Hs"[i];

3b. Combine received messages with the proxy (Algo.
3). In proxy communication, the construction of the graph
is centralized. The proxy receives messages from all agents
Xf; (line 1). This global view allows to build a more glob-
ally consistent graph than the distributed communication,
where all nodes are represented, and edges are not restricted
by a communication range (line 2). Communication is es-
tablished once, with the strong requirement that all agents
are connected to the proxy. Information of nodes are aggre-
gated through successive layers via the GNN. The final joint
representation of all nodes H ;L can be used directly as cen-
tralized information (replacing the joint observation), and
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the proxy sends back to each agent its self-representation
hpl= Hp"i).

4. Inner integration to policy/value-level. The obtained
final representation hE’L is leveraged in training, execu-
tion, or both, depending on the MADRL method (value-
based, value-decomposition, or actor-critic). If a proxy ex-
ists, each agent retrieves its final representation made by
the proxy hﬁDLZ and can potentially use its. We note that the
full representation H% % can serve for centralized training.
The final representation can be combined with other knowl-
edge of the agent before any usage, e.g. the concatenation
with raw observation h"'" « [of @ hl'"]. The commu-
nication is often learned in an end-to-end manner, but in
specific methods, an additional objective function can up-
date communication-dependent weights during supervised,
self-supervised, or reinforcement learning.

Example: Predator-Prey with distributed communica-
tion. We assume that three agents are in range at time ¢.
If agents communicate their local observations, they can
cover a broad search space. By sharing information about
previously explored areas where the prey was not observed,
agents can take more informed actions. If agent ¢ finds the
prey, its message will inform its two neighbors. With multi-
round communication, the information can propagate be-
yond the communication range limit of the agent, similarly
to Figure 1. Any agent connected to the real communica-
tion graph, and at . — hop from agent ¢, can obtain the
prey’s position.

3.2 GNN for communication

Building upon the generic algorithm introduced earlier, we
provide in this section a survey of GNN-based communica-
tion MADRL methods by instantiating each component of
our generic algorithm (cf. Table 1). The proposed generic
algorithm facilitates comparative analysis, reveals common
tendencies and structural patterns, and enables the classifi-
cation of existing methods.

Proxy-Communication Methods. Many methods are
based on a proxy to handle all communications. One of the
first methods to use a proxy is Deep Implicit Coordination
Graphs (DICG) [ ! 7], which extends MAPPO [3()] and uses
communication for the centralized critic only. This permits
fully decentralized execution since the critic is used only
during training. DICG uses the proxy to compute a com-
plete weighted graph called Implicit Coordination Graph.
Each edge obtains a weight computed by a self-attention
mechanism. The proxy then applies a GCN (Eq. 1) on the
entire graph to obtain the final joint representation matrix,
which feeds the centralized critic. Basically, DICG aggre-
gates observations instead of using a concatenation of local
observations to create the joint observation.

Unlike DICG, Game Abstraction Communication (GA-
Comm) [!7] uses a proxy for both training and execu-
tion. The graph is built in two phases: hard attention
(dropping edge) and soft attention (weighting all remain
edges via self-attention). This process is called the game
abstraction of agents’ interactions. The GNN used is a
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Table 1: Taxonomy of GNN-based communication methods, organized in two categories:

proxy-based (upper part) and

distributed-based (lower part) according to the generic Algorithm 2. E(-) encodes the local representation, N!(-) defines
reachable agents, Gpyi14(-) builds a graph, GN N is the architecture used, and Inner integration shows how to leverage the

final representation.

Methods E() N Gouita(*) GNN Inner integration
DICG [ ] {LSTM, MLP} (o) All agents G, : complete, weighted L=2,GCN V(HE")
GA-Comm [/ /] LSTM(MLP(0})) All agents G, : sparse, weighted L =1, MPNN with attention mi(-|hE)
GAAC[ 7] LSTM(MLP(o!)) All agents G, : sparse, weighted L =1, MPNN with attention Qi(htpf)
MAGIC [ ] MLP(LSTM(MLP(o!))) All agents GY' - sparse, dynamic L =2/3, GAT (- ‘hm) Vi(hls )
GACG [] MLP(of) All agents G', : sparse, weighted, group L=2,GCN (hp l)
LTS-CG['] MLP(of) All agents G, : sparse, weighted, temporal learned L=2,GCN Ql(hp )
DGN [10] MLP(o) near agents G : sparse L =2, MPNN with attention Qi(hl")
LSC[!1] MLP(o) near hierarchic agents G : sparse, hierarchic, heterogeneous L=3, MPNN Ql(ht L)
MAGE-X [2V] MLP(o) near agents G : sparse L=2,GCN mi(-|hl
MAGEC [ ] Identity(ot) near agents G! : sparse, heterogeneous L =10, GraphSAGE mi(-|R D), V,;(h:'[‘)
(Het)GPPO [] Identity(ot) near agents G : sparse, undirected L=1,MPNN ([, ViRt ")
HetNet [ ] MLP;(LSTM(MLP(0!))) near agents G" : sparse, undirected L =3, HetGAT mi(-[h D), V(H}f)
custom one (Eq. 3), resulting from aggregation weighted Latent Temporal Sparse Coordination Graph (LTS-CG) [7]
by both hard and soft attention computed weights: h; = is another proxy method, focusing on building graphs by
> ki W, ?Wkhih;. The final representation is then used leveraging temporal information. First, the method creates
for the policy trained with an independent multi-agent ver- an agent-pair matrix as GACG, from correlations between
sion of the REINFORCE algorithm [”¢]. A second imple- previous trajectories of agents. Then, a graph is sampled on
mentation called Game Abstraction Actor-Critic (GAAC) is a Bernoulli distribution with probabilities from the agent-
used to compute the local ); critic, thus, execution remains group matrix. The key contribution comes from two pretext
totally decentralized, without communication [ ! 5]. tasks used during the learning: predict-future observation
Multi-Agent Graph-attention Communication (MAGIC) a.nd infer-present states. These tasks guide graph .construc-
[19] can be seen as an upgrade of GA-Comm, as it keeps tion towa.rd a latept tf:mporal sparse graph that integrates
the principle of hard and soft attention. The hard attention temporal mforma.tlon n the structure of the graph. Further-
is handled here by a “sub-scheduler* process, while soft at- more, the graph 1s.we1ghted 'fmd uses GCN (Eq. 1) to ag-
tention is directly learn through GAT (Eq. 2). The first sub- gregate messages, integrated in the individual @; value for
scheduler uses a GAT in the complete graph to compute the QMIX framework [1].
the first node feature matrix X4, then it processes through Using a proxy during the execution requires all agents to
a sample of effective edges (probabilities to binary). Any have perfect communication with the proxy. Even under
additional sub-scheduler reuses X% and samples a new ad- decentralized execution, the proxy centralizes the commu-
jacency matrix, updating the graph. The key contribution is nication policy. So the proxy is a very strong constraint, and
the possibility of stacking several sub-schedulers followed proxy-methods can not adapt to fully decentralized execu-
by GAT aggregation. Thus, the graph is rebuilt between tion. It is worth noting that among proxy-based methods,
each aggregation of messages, (Cf line 6 of A]go 3) Sev- only DICG and GAAC assume a flllly decentralized execu-
eral layers of GNNs with evolving structure permit learning tion, as they use the proxy only during training and do not
different kinds of relationships at each timestep. All created communicate during execution.
representations of an agent are concatenated and used for Distributed Communication Methods. As discussed pre-
critic durlgg training, and for policy during both training viously, using a proxy is a strong constraint on the envi-
and execution. ronment, and establishing communication in a distributed
Group Aware Coordination Graph (GACG) [“] builds a manner among agents enables a wider range of applica-
graph by enforcing the group structure to help agents co- tions. Moreover, communications between nearby agents
hesion. First, groups are formed with a classifier looking at are often more relevant than those between distant agents,
a temporal window in the joint-observation history: if two because distant agents’ observations are often not useful to
agents have similar representations, they are in the same others and can introduce irrelevant context. For this pur-
group. Then, the proxy computes the agent-pair matrix, pose, Graph Convolutional Reinforcement Learning (DGN)
which encode weight of relation between all agents, and extends IDQN with GNNs for communication [!(/]. Each
besides it computes the edge-group matrix, which encodes agent exchange its encoded message to reachable neighbors
if edges belong or not to the same group. A weighted ad- (cf. lines 6-7 of Algo. 2). A custom MPNN (Eq. 3) ag-
jacency matrix is then sample from a Gaussian distribution gregates messages using self-attention weights during aver-
based on the agent-pair matrix as mean and the edge-group aging. DGN enable multi-round communication (cf. lines
matrix as covariance. The method, which is built on top 12-14 of Algo. 2), so each agent re-sends its updated rep-
of QMIX [1Y], uses a GCN to aggregate messages, and the resentation hf’l to its neighbors. As explained in Example
final representation is integrated into individual ); values. 2.3, this leverages the MPNN propagation mechanism (as
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in Fig. 1). The inner integration plays a role in training and
execution as (); is conditioned on the concatenation of hfl
and h§’2 for helping the model to understand different kinds
of relationships.

Scaling to larger number of agents is challenging in MARL.
Using a hierarchical structure leverage more sparse com-
munication topology. Learning Structured Communication
(LSC) exploit a two-level hierarchical structure, with two
agent types: low and high [73]. All low agents can com-
municate only with high-level neighbors. High agents are
elected depending on a computed weight attribute based on
local observations. If in the agent ¢ range there is no high
agent, and the ¢’s weight is bigger than neighbors’ weight,
i becomes the new high agent. Agents do not aggregate
information in the same ways, and thus, the behavior is
not the same for all agents. Integrating this approach into
our generic algorithm implies that high-level agent receive
information, build a local graph G;, and aggregate infor-
mation at [ = 1 with a GNN. Then, they exchange with
high-level agents only, updating topology of G; (cf. lines
15-16 of Algo. 2), and perform a second aggregation at
[ = 2. Finally, they send back final representations to each
reachable low-level agent. A low-level agent, just sends in-
formation to high-level agents and receives an answer from
them, which will be aggregated only once with L;o,, = 1.
Their custom GNN sums received features and updates via
a MLP (like a GCN without degree-normalization). The in-
ner integration is on computing local @); values, during both
training and execution, as LSC extends IDQN [”5].
Although Multi-Agent Graph-Enhanced Commander-
Executor (MAGE-X) [79] is presented as a distributed
communication method, it still requires centralization at
execution time. A supervising agent first assigns a goal to
each agent in navigation tasks. Then, each agent constructs
a local complete subgraph that includes all reachable neigh-
bors. A first GCN is applied to this subgraph to compute
node attributes, after which an adjacency sampling process
is performed to obtain the graph Gi. A second GCN is
then applied to G% to produce the final representation.
This representation is combined with the encoded goal
assignment and integrated into both the policy and value
functions within an IPPO-based framework [*].
Multi-Agent Graph Embedding-based Coordination
(MAGEC) [¢] addresses the patrolling problem, where
agents navigate a graph to minimize the node idleness.
This method builds a heterogeneous graph that includes
both game’s nodes and neighboring agents. An agent
builds first a sub-graph with its limited observation: each
node contains the type of node (agent/game node), the
idleness time, and the degree of the node. Edges include
a relative-position attribute. Agents communicate their
position, goal-reached notifications, and attribution no-
tifications (i.e. if the agent dies) to others. All received
communication extends the graph with new agent node.
The GNN used is GraphSAGE [”], with ten layers and
a single-round communication, so many aggregations
happen to enrich the final representation. GraphSAGE
was designed for inductive learning and generalizes well
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to unseen nodes. The final representation is passed to the
policy, which chooses the next node to visit. The main
advantage is that the method shows resilience against noisy
communication and agent attributions, compared to other
patrolling algorithms.

Graph Proximal Policy Optimization (GPPO) and Hetero-
geneous GPPO (HetGPPO) [] are two models of commu-
nication extending IPPO [*] with GNNs. GPPO uses pa-
rameter sharing while HetGPPO uses independent param-
eters. In detail, the local sub-graph is built in a predefined
manner: bidirectional edges appear if nodes are in range of
communication. Then, any MPNN (Eq. 3) process only
once to aggregate received messages. Finally, [o! @ hfl]
are fed into an MLP, and the output serves both policy and
critic. The authors argue that HetGPPO leads to better het-
erogeneous behaviors, while being more resilient in noisy
environments.

Heterogeneous Policy Networks (HetNet) studies commu-
nication between physically heterogeneous agents [”7].
The method posits that agents needs to learn different type
of communication, depending on the class of agents. The
graph is built in a predefined manner, like GPPO. Then,
a custom MPNN called HetGAT learns different sets of
weights for each class received messages. Concretely, if
agent ¢ receives a message x§ from an agent of a differ-
ent class, it uses a dedicated attention weight /2%, If it
receives a message z% from an agent of the same class,
it instead uses the attention weight a?*. Moreover, Het-
GAT accounts for bandwidth by learning to sample fixed
bit size messages. HetNet stacks several HetGAT layers,
with multi-round communication at each layer (cf. lines
12-14 of Algo. 2). Extending MAPPO, the final represen-
tation serves the policy during training and execution. For
the centralized critic, the method uses a proxy as DICG to
learn with a HetGAT on a complete graph. This method
uses both a proxy and distributed communication (cf. lines
2 and 5 of Algo. 2), but the proxy is used only during the
centralized training.

3.3 Communication constraints

To deploy MADRL with communication in real-world ap-
plications, several other constraints come into play, in par-
ticular concerning the communication. Indeed, in realistic
scenarios, communication is subject to constraints and as-
sociated costs. Table 2 provides a summary of the com-
munication constraints evaluated during execution and/or
accounted for in state-of-the-art methods. The first con-
straint relates to connectivity, characterized by a limited
communication range (CR) among agents. While this con-
straint is not compatible with proxy-based architectures,
it is naturally incorporated in distributed communication
methods, especially, multi-round communication provides
a solution to overcome this limitation. Another constraint is
the scalability of the method in terms of number of agents.
Scaling to larger number of agents is easier in distributed
communication, while a proxy communication suffers from
greater complexity due to the size of the joint observation
space. Another important aspect of realistic communica-
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tion is the limited bandwidth (LB), which requires to opti-
mally encode information when communication capacity is
limited. Few works begin to focus on this, as does HetNet
[2~] or Bandwidth-constrained Variational Message Encod-
ing (BVME) [0] very recently. Moreover, noisy messages
(NM) and communication loss (CL) are yet to be fully taken
into account. Few methods are resilient to noisy messages

[2, €].

Table 2: Tested communication constraints during execu-
tion

Methods CR max(n) LB NM CL
GA-Comm [ | ?] 20

MAGIC [ 7] 20

GACG [“] 10

LTS-CG [ ] 27

DGN [10] X 60

LSC [ ] X 60

MAGE-X [9] X 50

MAGEC ["] X 6 X X
GPPO [] X 2

HetGPPO [ '] X 2 X
HetNet [~ ] X 10 X

To deploy communicating learning agents in real-world en-
vironment, integrating directly these constraints into the
learning process of communication will enable the handling
of more complex and realistic scenarios.

4 Conclusion

Communication has emerged as a major solution to over-
come partial observability and non-stationarity problems of
Multi-Agent Deep Reinforcement Learning (MADRL) al-
gorithms. Nevertheless, communication methods must ad-
dress several key design challenges to be effective: deter-
mining the content of transmitted messages, selecting ap-
propriate recipients, interpreting and combining received
information, and leveraging communication-aware repre-
sentations for decision-making. Our survey highlights the
use of Graph Neural Networks (GNNs) in the Multi-Agent
Deep Reinforcement Learning (MADRL) literature as a
principled approach to partially address these four chal-
lenges.

We propose a generic algorithm that generalizes the
GNN-based communication processes, which presents how
GNNs handle communication challenges. Our algorithm
captures the diversity in methods using GNNs and permits
a comparative study of existing approaches, emphasizing
common and different structural elements and limitations.
We have classified existing methods from two complemen-
tary perspectives: proxy communication and distributed
communication. The proxy assumption enables the con-
struction of a global graph, facilitating stronger coordina-
tion among agents. However, it relies on the assumption
of perfect communication. In contrast, distributed commu-
nication supports local coordination within communication
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range, reflecting common practical constraints. In addi-
tion, we show the limitations of GNN-based communica-
tion methods in communication-constrained environments.
Lastly, we observe that taking into account the temporal in-
formation and the structural information is a key point for
better communication between agents. Encoding messages
often uses an RNN to aggregate observations from the past,
and its help to converge in a partially observable environ-
ment. However, the correlation of temporal and structural
information, as LTS-CG leverages [°], can be a potential
research direction.

The validation of the proposed generalization is intended to
rely on the design of a unified framework enabling system-
atic comparison, reproducibility and empirical verification
across existing and future methods.

Finally, future research should more explicitly address re-
alistic constraints, as summarized in Table 2, to bridge the
gap between theoretical communication models and practi-
cal applications of multi-agent systems.
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Résumé

L’air que nous respirons provient majoritairement de 1’en-
vironement intérieur (estimé a 90% de notre temps). Or
la qualité de 'air étant un enjeu de santé publique, de
nombreuses études ont mis en évidence des liens signifi-
catifs entre exposition a différents polluants et santé hu-
maine. Dans ce contexte, nos travaux visent a intégrer des
données hétérogenes environnementales temporelles, issues
des batiments, de la toxicogénomique et de données agré-
gées de santé (prévalence de pathologies, causes de déces)
avec une approche a base de Graphes de Connaissances
et de Graph Neural Networks (GNN) afin de caractériser
et prédire les associations possibles entre polluants et pa-
thologies. Les résultats préliminaires ont montré qu’il était
possible d’obtenir une perte d’entrainement (train loss) de
0.0942 et une AUC (Area Under the Curve) sur les données
de validation de 0.8473.

Mots-clés

Qualité de I’Air Intérieur, Santé environnementale, Prédic-
tion de liens, Graphes de Connaissances, GNN

Abstract

The air we breathe comes predominantly from indoor envi-
ronments, where we spend an estimated 90% of our time. As
indoor air quality represents a major public health concern,
numerous studies have established significant links between
exposure to various pollutants and human health. In this
context, our research aims to integrate heterogeneous tem-
poral environmental, from buildings, toxicogenomics, and
aggregated health records (such as disease prevalence and
causes of death). By employing an approach based on
Knowledge Graphs and Graph Neural Networks (GNN),
we seek to characterize and predict potential associations
between pollutants and pathologies. Preliminary results de-
monstrate the ability to achieve a training loss of 0.0942
and a validation AUC (Area Under the Curve) of 0.8473.

Keywords

Indoor Air quality, Environmental Health, Link Prediction,
Knowledge Graph, GNN
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1 Introduction

According to the State of Global Air (SOoGA) report publi-
shed by the Health Effects Institute (HEI), air pollution is
the second leading cause of death worldwide, responsible
for 8.1 million deaths globally in 2021. More precisely,
38% of these deaths are attributed to household air pol-
lution [©]. Indoor pollutant concentrations depend heavily
on occupant behavior and building characteristics, such as
construction materials and ventilation systems [V]. A major
challenge in linking indoor air pollution to health outcomes
lies in the vast diversity of both pollutants and their asso-
ciated diseases. Consequently, most studies tend to focus
either on a single disease, such as acute lower respiratory
infections [ |], or on a single pollutant [*].

As a result, comprehensively linking building parameters
and indoor pollutant concentrations to specific pathologies
remains a complex endeavor. The availability of large, hete-
rogeneous, and evolving datasets makes computational ap-
proaches highly relevant for addressing this gap. For ins-
tance, machine learning models have been employed to pre-
dict associations between respiratory diseases, air pollution,
and climatic factors [“]. In the domain of health-related link
prediction, Knowledge Graphs [5] have emerged as a com-
monly used and powerful tool ; for example, they have been
successfully utilized to map connections between pesticides
and diseases [/0] or outdoor pollutants and diseases [/].
Applying Graph Neural Networks (GNNs) to these know-
ledge structures represents a highly promising avenue for
discovering complex associations. Although GNN-based
methods have already been introduced in the field of air
pollution, their applications have primarily been restricted
to air quality forecasting rather than health outcome predic-
tion [ 4].

2 Methodology

2.1 Selecting and Cross-linking Relevant
Data Sources
2.1.1 Data Sources Used

To effectively capture and model the complex relationships
between pollutant exposure and health outcomes, three dis-
tinct databases were integrated into our study :
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— Clinical Data from the French National Health
Data System (SNDS) : Sourced from the open-
access portal, this aggregated dataset contains pa-
tient counts, reference populations, and prevalence
rates for 79 distinct pathological categories. The
data is rigorously stratified by biological sex, five-
year age cohorts, and administrative departments.
The Comparative Toxicogenomics Database
(CTD) : A robust resource linking chemical expo-
sures to biological outcomes [’]. It provides both
direct and inferred chemical-disease associations,
with the latter being deduced from complex inter-
actions involving genes, phenotypes, and biological
pathways.

Residential Exposure and Building Characteris-
tics : Detailed building-specific data and simulated
indoor residential exposures were provided by the
French Scientific and Technical Centre for Building
(CSTB).

2.1.2 Mapping

A primary technical challenge involved harmonizing the
health nomenclature systems between the CTD and the
SNDS datasets through an integration process [/”]. The
CTD database relies on the Medical Subject Headings
(MeSH) thesaurus—a hierarchically organized controlled
vocabulary maintained by the U.S. National Library of Me-
dicine—and occasionally employs the Online Mendelian
Inheritance in Man (OMIM) coding system. In contrast,
the SNDS classifies health outcomes into 79 distinct ca-
tegories defined by ICD-10 (International Classification of
Diseases, version 10), CCAM (Common Classification of
Medical Acts), and GHM (Homogeneous Patient Groups)
codes. To perform the cross-dataset mapping, the Unified
Medical Language System (UMLS) Metathesaurus browser
[ Jfacilitated the alignment of ICD-10 codes with their cor-
responding MeSH terms. To preserve the clinical semantic
context, the hierarchical tree structure of MeSH was main-
tained, ensuring that each disease node remained accurately
linked to its parent concept.

2.2 Knowledge Graph Construction

A Knowledge Graph (KG) [°] was designed and deve-
loped to integrate the three aforementioned datasets. Wi-
thin this architecture, nodes are assigned explicit seman-
tic classes—such as Pollutant, Gene, Disease, and Housing
Unit—thereby preserving the inherent heterogeneity of the
underlying data. The edges represent directed, typed rela-
tionships that encode specific biological or environmental
mechanisms, rather than mere co-occurrences. A defining
characteristic of this model is that relationships between
identical node types can vary significantly ; for instance, a
pollutant may exhibit an up-regulation (increased expres-
sion) relationship with a specific gene, while also poten-
tially exhibiting a down-regulation (decreased expression)
association under different conditions.

A central challenge in this framework is establishing a bio-
logically and environmentally plausible link between simu-
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FIGURE 1 — Framework for link prediction integrating dif-
ferent data sources

lated indoor pollutant concentrations and observed hospi-
talization trends. To bridge this gap, a mediator node de-
signated as "Exposure Effect” was introduced. This node
functions as a logical trigger : an association is only activa-
ted when the simulated residential pollutant concentration
exceeds the critical threshold reported in the corresponding
toxicological literature.

An additional complexity involves the temporal constraints
governing pollutant exposure and subsequent hospital ad-
mission. To resolve this limitation, a directed relationship
was established between the Exposure Effect node and
Hospitalization events, strictly conditioned on the exposure
chronologically preceding the hospital admission. To better
understand temporal constraints, one perspective is to use a
temporal graph neural network [ 0].

2.3 Learning Over the Knowledge Graph

Given that the developed knowledge graph contains mul-
tiple node and edge types encoding rich semantic infor-
mation, it is formally modeled as a heterogeneous graph.
It is then required to translate this graph into a set of
dense vectors that could then be used for the learning
process. Therefore, node embeddings are first initialized
as 64-dimensional vectors, without incorporating external
node features. A single layer of a Heterogeneous Graph
Neural Network (HeteroGNN) is then applied to learn
node representations. This layer is implemented via Py-
Torch Geometric (PyG), an advanced graph learning library
built upon the PyTorch framework. The network utilizes
relation-specific message passing facilitated by a Hetero-




Conv layer. This architecture allows each distinct relation
type within the heterogeneous graph to be processed inde-
pendently, subsequently aggregating the extracted features
to generate enriched node representations [ | ~]. The convo-
lutional operations are grounded in the GraphSAGE frame-
work, which iteratively updates node embeddings by aggre-
gating features from local neighborhoods, thereby effecti-
vely leveraging the structural topology of the graph for ro-
bust representation learning [']. Negative sampling [ 5] is
performed uniformly at random, which is suboptimal for
Knowledge Graphs. This opens avenues for improvement,
such as hard negative sampling techniques.For evaluation,
edge scores are computed via a dot product between source
and destination node embeddings, and optimized using bi-
nary cross-entropy with logits against the true labels.

3 Preliminary Results

The constructed knowledge graph comprises 3,462,139
edge instances and 536,924 nodes.

The GNN model was trained for 200 epochs, focusing ex-
clusively on a specific edge type : the associatedPollutant
relationship, which connects DiseasePollutantAssociation
nodes to Pollutant nodes. This relationship was the only
one using during training due to computational resources
and time constraints.

The edges are split into training, validation, and test sets
with proportions of 80%, 10%, and 10%, respectively. The
model converged to a low training loss of 0.0857, indica-
ting an effective extraction and learning of structural pat-
terns within the training data. The validation loss stabilized
at 0.5364, showing that there is gap between training and
validation performance that may indicate a lack of ability
to generalize. Furthermore, the model achieved a validation
AUC (Area Under the Receiver Operating Characteristic
Curve) of 0.8473 . This metric demonstrates a strong discri-
minative capability in binary edge classification, effectively
distinguishing between positive and negative edges (i.e., the
presence or absence of a valid link within the knowledge

graph).

Training & Validation Loss

—_— — Train Loss
- —— Val Loss

o 25 50 75 100 125 150 175 200
Epoch

FIGURE 2 — Training and validation loss performance of
the graph neural network model across epochs
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FIGURE 3 — Validation Area Under the Curve across epochs

4 Conclusion and Future Directions

Through the integration of heterogeneous data from envi-
ronmental, toxicogenic, and clinical sources into a unified
Knowledge Graph, the current work enables a comprehen-
sive exploration of the relationships between these interlin-
ked domains. The data used present certain limitations, as
they do not provide a complete representation. For instance,
the building data only include residential buildings. Howe-
ver, the proposed method, based on a GNN approach, en-
ables effective link prediction within the knowledge graph.
Preliminary results demonstrate an ability to identify exis-
ting links, as shown by a validation AUC of 0.8473. Ho-
wever, the comparison between the training loss (0.0857)
and validation loss (0.5364) suggests that while the GNN
successfully learns structural information, its capacity for
generalization remains limited. To improve the generaliza-
tion capability of the GNN model, several strategies can be
employed, including dropout techniques such as DropEdge,
which randomly removes edges instead of nodes, as well as
regularization methods such as weight decay.

Future work will focus on improving both the embeddings
and the GNN architecture. Additionally, the environmen-
tal dataset will be expanded to include thermal comfort pa-
rameters. Another avenue of interest is the creation of a
baseline, by comparing GNN to other models such as re-
gression models, other Knowledge Graph embedding (i.e.,
TransE, RotatE), or other Neural Networks models (like R-
CGN and Edge Transformers).
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Résumé

Les lésions cérébrales, comme les AVC, perturbent 1’acti-
vité neuromusculaire et entrainent des déficits moteurs ma-
Jjeurs. Nous évaluons plusieurs méthodes d’apprentissage
automatique appliquées sur les potentiels de champ locaux
(LFP) chez le macaque aux stades trés précoces d’une in-
activation cérébrale focale et réversible. L’apprentissage
automatique permet de distinguer les essais avec et sans
inactivation a partir des amplitudes spectrales et des déca-
lages spectraux. Ces résultats, obtenus alors que 1I’animal
pouvait encore saisir des objets, suggerent une détection
tres précoce de l'inactivation neuronale grdce aux enregis-
trements extracellulaires.

Mots-clés

Intelligence artificielle, tache d’atteindre et de saisir; po-
tentiel de champ local multielectrode; systéme neuromus-
culaire ; singe macaque

Abstract

Brain injuries such as stroke disrupt neuromuscular acti-
vity and cause significant motor impairments. In this study,
we evaluate several machine learning methods using local
field potentials (LFPs) in macaques at very early stages af-
ter focal, reversible brain inactivation. Machine learning
was used to distinguish trials with and without inactiva-
tion using power spectral density amplitudes and spectral
shifts. Because predictions were made shortly after inacti-
vation—while the monkeys could still perform reach-and-
grasp tasks—these results suggest the potential for very
early detection of neuronal inactivation from extracellular
field recordings.

Keywords

Artificial Intelligence; Reach-and-Grasp Task; Multielec-
trode Local Field Potential; Neuromuscular System; Ma-
caque Monkey
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1 Introduction

Les 1ésions cérébrales, telles que les accidents vasculaires
cérébraux (AVC) ou les infarctus cérébraux, représentent
aujourd’hui 1'une des principales causes de mortalité
dans le monde. Selon 1’Organisation mondiale de la santé
(OMS), en 2021, les 1ésions cérébrales figuraient parmi
les principales causes de déces et d’invalidité a 1’échelle
mondiale, avec 11,9 millions de nouveaux cas d’AVC.
Ces affections entralnent des altérations des capacités
cognitives, telles que la prise de décision, la planification
ou I’organisation, ainsi que des déficits moteurs, avec une
démarche ralentie et des troubles de I’équilibre.

Sur le plan moteur, les muscles post-lésionnels présentent
une capacité réduite a se contracter de manicre isolée,
ce qui favorise 1’apparition de synergies anormales entre
fléchisseurs et extenseurs [| |, 7]. Au niveau de la main, les
prises puissantes, nécessitant peu d’individualisation des
doigts, sont privilégiées [/, | 7], tandis que les mouvements
nécessitant une coordination interarticulaire fine sont

souvent altérés [/, 0].

Dans des études précédemment réalisées, comme celle
de [“], I’analyse des variations des corrélations des acti-
vités neuronales des LFP montrait une concentration de
I’activité dans la bande de fréquence Delta. Ces études
ont également mis en évidence des changements dans les
corrélations lors des différentes phases du mouvement.
De plus, ces variations étaient également visibles lorsque
I’on identifiait les groupes de neurones a 1’aide d’un
hierarchical clustering, permettant d’observer 1’évolution
de D’activité neuronale au fil des différentes étapes du
mouvement. Cette étude a appliqué donc des méthodes
d’intelligence artificielle a des cerveaux de singes sains
pour regarder 1’évolution ; une question demeure toutefois
quant a la possibilité d’étendre ces approches a d’autres
méthodes plus avancées comme 1’apprentissage profond a
des cerveaux de singes présentant des déficits.
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Cette étude vise donc a évaluer des méthodes récentes d’ap-
prentissage automatique pour détecter les altérations de
I’activité neuronale consécutives a une lésion cérébrale. La
détection repose sur la classification de I’activité neuronale
enregistrée lors d’une tiche de Reach-and-Grasp chez le
singe, comparée a celle mesurée 30 minutes apres I’injec-
tion d’un agent pharmacologique simulant une 1ésion céré-
brale. Différents modeles, allant des SVM a I’apprentissage
profond, ont été entrainés sur plusieurs phases de la tiche
et selon diverses méthodes de traitement, montrant des per-
formances satisfaisantes selon plusieurs métriques.

2  Setup

2.1 Modéele expérimental

Les données ont été enregistrées chez deux macaques rhé-
sus femelles (Macaca mulatta), le singe M (5,5 kg) et
le singe S (5,7 kg), selon des procédures chirurgicales et
comportementales déja décrites []. Des réseaux multielec-
trodes ont été implantés dans les régions prémotrices ven-
trale (PMv) et dorsale (PMd) des deux hémispheres, ainsi
que dans le cortex moteur primaire (M1) de I’hémisphere
droit. Les signaux LFP ont été échantillonnés a 2035 Hz.
Les LFP ont été extraits par filtrage entre 0 et 500 Hz, tan-
dis que les potentiels d’action ont été filtrés entre 100 et
5000 Hz.

2.2 Tache expérimentale

&

=

Hand exit Start of grasp

®» @

Trial start Pellet drop

End of grasp
| |
I I I I T

I

I I I
Observation Reaction Reach Grasp

FIGURE 1 — Configuration expérimentale (image adaptée
de []) illustrant les différentes étapes de 1’essai : commen-
cement de I’essai (Trial Start), dépdt de la boulette (Pel-
let Drop), sortie de la main (Hand Exit), début de la saisie
(Start of Grasp) et fin de la saisie (End of Grasp).

Les singes étaient assis sur une chaise expérimentale adap-
tée aux primates, placée face a un distributeur de granu-
1és alimentaires. Selon le bloc expérimental, une ouverture
gauche ou droite était ouverte afin que le singe récupere
une boulette de nourriture tombant dans un puits situé der-
riere une fente. La fente pourra s’orienter horizontalement
ou verticalement, cette orientation variant selon les blocs,
imposant une supination ou une pronation de la main a 90°
(voir la Figure | avec la fente verticale).

Un essai commengait lorsque 1’animal posait sa main sur la
plaque d’accueil, située a 15 cm sous la fente a granulés.

RJCIA@PFTIA 2026
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Apres un intervalle aléatoire de 800 ms a 2 s, une boulette
de nourriture (Pellet Drop) était déposée automatiquement
dans le puits. Le bruit associé a cette déposition constituait
le signal de départ, apres lequel I’animal disposait de 2 s
pour retirer sa main de la plaque d’accueil (Hand Exit) et
prendre la boulette. Ce positionnement de la main au dé-
part et a la sortie était détecté par un premier capteur laser
infrarouge.

Le moment ol 1’animal introduisait sa main dans la fente
pour saisir la boulette (Start of Grasp) et celui ou il retirait
sa main de la fente (End of Grasp) étaient détectés par un
deuxieme capteur laser infrarouge. Le singe portait la bou-
lette a sa bouche et replacait sa main sur la plaque d’accueil,
avec un intervalle de trois secondes entre chaque essai. Les
animaux répétaient la tdche 25 fois pour chaque main et
chaque orientation de la fente (blocs randomisés).

A Tissue de cette phase, un agent pharmacologique, le
muscimol, simulant une 1ésion cérébrale, était injecté dans
le cortex moteur primaire (M1) de 1’hémisphere gauche.
Apres I’injection, le singe réalisait & nouveau 100 essais se-
lon le méme protocole qu’avant I’injection. Chaque singe a
répété ce protocole a plusieurs reprises. Apres le prétraite-
ment, nous avons obtenu environ 1 200 essais répartis entre
les deux classes.

2.3 Prétraitement

Les données ont été traitées a 1’aide de scripts Matlab ([ 1 (/])
et de FieldTrip ([V]). Les essais incorrects ont été exclus
lorsque le temps de réaction était inférieur a 200 ms, la du-
rée de I’atteinte supérieure a 350 ms ou la saisie inférieure
a 200 ms. Les signaux LFP ont ensuite été filtrés par un
filtre Butterworth passe-bas (200 Hz, ordre 6), puis le bruit
a 60 Hz a été supprimé par un filtre coupe-bande (59-61
Hz). Les artefacts, avec des rafales irrégulieres et des oscil-
lations anormales de basse fréquence, qui ont été retirés a
I’aide d’une analyse en composantes indépendantes (ICA)

[3, 12].

3 Methodology
3.1 Modéeles

Decision Tree . Un « Decision Tree » est un modele d’ap-
prentissage automatique supervisé, utilisé pour la classifi-
cation ou la régression. Il prédit les résultats en divisant les
données de maniere récursive selon les valeurs de leurs va-
riables, créant ainsi une structure en arbre de regles de dé-
cision : chaque nceud interne correspond a une condition
sur une caractéristique, chaque branche représente 1’issue
de cette condition, et chaque feuille fournit la prédiction fi-
nale.

SVM . Une Machine a Vecteurs de Support (SVM) est un
algorithme d’apprentissage supervisé utilisé pour la classi-
fication. Elle fonctionne en trouvant un hyperplan qui sé-
pare les classes de données et en choisissant cet hyperplan
pour maximiser la marge, c’est-a-dire la distance entre 1’hy-
perplan et les points les plus proches de chaque classe, ap-
pelés vecteurs de support.
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Random Forest . Random Forest est un algorithme d’ap-
prentissage automatique supervisé qui construit une collec-
tion d’arbres de décision a I’aide de données d’entraine-
ment rééchantillonnées de manicre aléatoire et de caracté-
ristiques sélectionnées de maniere aléatoire, puis combine
leurs prédictions individuelles pour produire un résultat fi-
nal.

Modele KNN . L’algorithme K-Nearest Neighbors (KNN)
est une méthode de classification supervisée basée sur
I’idée que les points de données similaires ont tendance a
appartenir a la méme classe (« qui se ressemble s’assemble
»). Il prédit la classe de nouvelles données en examinant les
classes des K points de données les plus proches dans 1’es-
pace des caractéristiques et en attribuant la classe la plus
courante parmi celles-ci.

Modele CNN . Un réseau neuronal convolutif (CNN) est
un type de réseau neuronal a propagation directe concu
pour apprendre et extraire automatiquement des caractéris-
tiques hiérarchiques a partir de données, généralement des
images, en appliquant des filtres convolutifs (ou noyaux)
qui glissent sur I’entrée pour capturer des motifs tels que
les contours, les textures et les formes, les filtres appris étant
optimisés pendant I’entrainement afin d’améliorer les per-
formances spécifiques a la tache.

Vision Transformer . Vision Transformer (ViT) sont un
type d’architecture de réseau neuronal pour la vision par
ordinateur qui adapte le modele des transformers, initiale-
ment développé pour le traitement du langage naturel, aux
données d’images. Plutot que de traiter 1’image dans son
ensemble, les ViT la divisent en patchs de taille fixe, trans-
forment chaque patch en vecteur (embedding) et traitent
ensuite la séquence de ces vecteurs a 1’aide de méca-
nismes d’auto-attention. L’auto-attention permet au modele
de pondérer I’importance relative de chaque patch par rap-
port aux autres, en capturant les relations et dépendances a
longue portée entre différentes parties de I’image. Cette ap-
proche permet au modele d’apprendre des représentations
riches et globales, utiles pour des taches telles que la classi-
fication d’images, la détection d’objets ou la segmentation.

3.2 Metrics

Pour évaluer la capacité des modeles a détecter la désacti-
vation, nous avons utilisé plusieurs indicateurs de perfor-
mance, notamment la précision, le recall, le Fl-score et
I’accuracy. Ces indicateurs ont été choisis en raison du léger
déséquilibre entre les deux classes (55% pour la classe non
désactivée et 45% pour la classe désactivée) et afin d’obte-
nir une vision globale des performances. Ils sont dérivés de
la matrice de confusion, qui résume les résultats d’une tiche
de classification binaire comportant deux classes : positive
et négative.

Précision . La précision quantifie la fiabilité des prédictions
d’une classe donnée, en mesurant la proportion de vrais po-
sitifs parmi tous les positifs prédits. Elle est définie comme
suit :

TP

P . . _
Trecision 7TP T FP
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Recall . Recall quantifie la capacité d’un modele a identi-
fier toutes les instances d’une classe donnée, en mesurant la
proportion d’instances positives réelles qui ont été correc-
tement prédites. Il peut étre exprimé comme suit :

TP
TP+ FN
F1-score . Le Fl-score représente la moyenne de la préci-
sion et du rappel, fournissant ainsi une mesure unique qui
équilibre les deux. Il est calculé comme suit :

Recall =

2+xTP
2xTP+FP+ FN
Accuracy .Accuracy mesure 1’exactitude des prédictions
du modele en calculant la proportion de résultats corrects
parmi le nombre total de résultats.

F1-score =

TP+TN
TP+TN+FP+FN

3.3 Configuration d’entrainement

Dans I’ensemble de nos modeles classiques, les données
ont été réparties en 80% pour I’entrainement et 20% pour
le test. Les procédures d’entrainement variaient selon les
modeles. Pour les modeles KNN, SVM et Random Forest,
I’entrainement a été réalisé avec une validation croisée
et une optimisation des hyperparametres, en choisissant
le Fl-score comme critere pour déterminer les meilleurs
parametres.

Accuracy =

Pour la premiere approche de classification, nous avons
entrainé des modeles d’apprentissage profond, 1’ensemble
d’entrainement a été subdivisé en 60% pour I’entrainement,
20% pour la validation et 20% pour le test. Cette répartition
offre un équilibre classique entre capacité d’apprentissage
et robustesse de 1’évaluation. Le modele a été¢ sauvegardé
durant I’entrainement chaque fois que la validation loss
diminuait. Le taux d’apprentissage initial était fixé a le-3.
Dans I’ensemble des différentes périodes étudiées, nous
avons observé une convergence de la loss d’entrainement
et de validation apres environ une quinzaine d’epochs.
Pour interpréter ces prédictions, nous avons utilisé la
méthode Grad-CAM (Gradient-weighted Class Activation
Mapping), une technique d’interprétabilité adaptée aux
réseaux de neurones convolutionnels, qui permet de
visualiser les régions de I’image ayant le plus d’influence
sur la prédiction d’une classe donnée. Grad-CAM calcule
le gradient de la sortie associée a la classe d’intérét par
rapport aux cartes d’activation d’une couche convolution-
nelle, puis utilise ces gradients pour pondérer et combiner
les cartes d’activation, produisant ainsi une carte de
chaleur mettant en évidence les zones déterminantes. Cette
approche rend les décisions des CNN plus transparentes,
permet de vérifier que le modele se concentre sur des
caractéristiques pertinentes, de détecter d’éventuels biais
ou erreurs, et de communiquer les résultats de maniere
visuelle et intuitive, ce qui est essentiel dans un contexte
scientifique ou biomédical.
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Pour la seconde approche de classification, basée sur les
spectrogrammes, nous avons calculé la densité spectrale
de puissance (PSD) et extrait le classement des ampli-
tudes maximales pour les cinq bandes de fréquences (Delta,
Theta, Alpha, Beta et Gamma). Ce classement a ensuite
servi a entrainer un Decision Tree et une Random Forest
afin d’évaluer si la désactivation neuronale entrainait des
modifications dans la hiérarchie des bandes de fréquences.

4 Résultats

Pour détecter la désactivation neuronale, nous avons testé
deux approches basées sur les spectrogrammes : I’utilisa-
tion directe des spectrogrammes et 1’exploitation du classe-
ment des amplitudes maximales.

4.1 Détection avec les spectrogrammes nor-
malisés des LFP

Afin d’identifier la désactivation neuronale, les signaux
LFP ont été transformés en spectrogrammes couvrant
une bande de fréquences de 0,5 a 100,5 Hz, avec un pas
de 2 Hz (2,5; 4,5, etc.), puis normalisés par rapport a
la période d’observation. Les données ont été sélection-
nées sur I’ensemble des fréquences et sur des fenétres
temporelles de 500 ms, a différents moments décrits plus
loin dans D’article. Les signaux ont ensuite ét€é moyennés
par zone d’enregistrement (IPMv, rPMyv, IPMd, rPMd, M1).

Les données obtenues étaient ainsi organisées sous forme
de tenseurs tridimensionnels, comprenant 5 régions, 51
bandes de fréquences et 50 pas de temps. Différentes phases
des essais ont été analysées afin d’évaluer la capacité a dé-
tecter la désactivation neuronale a différents moments du
comportement : avant la reaction du singe (500 ms avant
le Pellet Drop), au début du mouvement (250 ms avant et
apres la sortie de la main), et avant le début de la prise (500
ms avant le début de la saisie).

4.1.1 Période d’observation

Les résultats présentés dans le tableau | indiquent que,
pour cette période, les meilleurs scores sont ex &quo pour
le modele CNN et le ViT, avec une accuracy et un Fl-score
de 77%. On observe par ailleurs qu’il n’existe pas de
différence notable entre les valeurs de 1’accuracy et du
Fl-score. A I'inverse, les performances les plus faibles sont
obtenues avec le modele le plus simple, le KNN.

Modéles Precision Recall Fl-score Accuracy
SVM 64% 64% 64% 64%
Random Forest 78% 69% 72% 72%
KNN 52% 52% 52% 53%
Dense Model 53% 53% 52% 52%
CNN Model 77% 76% 77% 77%
ViT T7% 76% T7% 77%

TABLE 1 — Performances de classification des différents
modeles pour distinguer I’activation et la désactivation neu-
ronales pour la période d’observation
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L’analyse de la matrice de confusion du modele CNN
montre que les erreurs se produisaient surtout lorsque
le modele prédisait qu’il n’y avait pas de désactivation,
alors qu’en réalité I’activité neuronale était désactivée. Par
ailleurs, I’examen de la dernieére couche convolutionnelle
du modele CNN (voir la Figure 2) révele que les informa-
tions les plus discriminantes pour déterminer la désactiva-
tion sont localisées juste avant le Pallet Drop entre -125ms
et Oms, et concernent principalement les bandes de fré-
quences Delta (0,5-4Hz), Theta (4-7Hz), Alpha (7-12Hz),
Beta (12-16.5Hz) et Gamma (36.5-42.5Hz et 94.5-100.5
Hz).

100.5

60.5

40.5

Fréquence (en Hz)

205

0.5
-500 -250 0

(Chute de la boulette)

Temps (en s)

FIGURE 2 — Grad-CAM du modele CNN pour la classe
désactivée, 500 ms avant le dépdt de la boulette

4.1.2 Période de la sortie de la main

Les résultats présentés dans le tableau 2 montrent que, pour
cette période, le modele CNN obtient les meilleures perfor-
mances, avec une accuracy et un Fl-score de 78%.

Models Precision Recall Fl-score Accuracy
SVM 72% 72% 72% 72%
Random Forest 78% 76% 77% 78%
KNN 53% 53% 53% 54%
Dense Model 68% 68% 68% 68%
CNN Model 78% 78% 78% 78%
ViT 76% 76% 76% 76%

TABLE 2 — Performances de classification des différents
modeles pour distinguer 1’activation et la désactivation neu-
ronales au début de la prise

L’analyse de la derniere couche convolutionnelle du CNN
modele révele que la période précédant la sortie de la
main est la plus informative, principalement dans les basses
bandes de fréquences : Delta, Theta et Alpha.

4.1.3 Période du début de la prise

Ici, en considérant les 500 ms précédant le début de la prise,
nous observons de meilleurs résultats pour I’ensemble des
modeles. Toutefois, ces performances ne dépassent pas
celles obtenues sur d’autres périodes. Le meilleur modele
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FIGURE 3 — Grad-CAM du modele CNN pour la classe
désactivée, 250ms avant et apres la sortie de la main

reste le Random Forest, avec un Fl-score de 76% et une
accuracy de 78%.

Models Precision Recall F1l-score Accuracy
SVM 69% 69% 69% 69%
Random Forest 79% 76% 76% 78%
KNN 50% 50% 50% 51%
Dense Model 73% 73% 73% 73%
CNN Model 74% 74% 74% 74%
ViT 76% 77% 76% 76%

TABLE 3 — Performances de classification des différents
modeles pour distinguer 1’activation et la désactivation neu-
ronales pour la période du début de la prise

Si nous analysons la derniére couche convolutionnelle du
CNN modele, nous trouvons que les informations les plus
importantes pour déterminer les classes se trouvent dans
les basses fréquences de Delta, Theta et Alpha. Et, elles se
concentrent surtout entre -375ms et -250ms avant le début
de la saisie.

100.5
80.5
60.5

40.5
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FIGURE 4 — Grad-CAM du modeéle CNN pour la classe
désactivée, 500ms avant le début de la saisie
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4.2 Détection avec le '""Power Density Spec-
tral' des LFP

Dans cette partie, nous avons choisi de nous concentrer sur
les régions IPMv et IPMd, car elles sont situées a proxi-
mité du site d’injection du muscimol. Nous avons analysé
la classification selon les différentes phases de 1’essai (Ob-
servation, Reaction, Reach and Grasp). Pour ces données,
seuls des modeles interprétables pour ces données ont été
utilisés, a savoir Decision Tree et Random Forest.

Models Precision Recall Fl-score Accuracy
Decision Tree OBS 75% T4% 75% 75%
Decision Tree REACT 64% 64% 63% 63%
Decision Tree REACH 67% 66% 66% 68%
Decision Tree GRASP 65% 65% 65% 66%
Random Forest OBS 75% 75% 75% 76%
Random Forest REACT T1% T1% 71% 72%
Random Forest REACH 69% 68% 69% 70%
Random Forest GRASP 67% 67% 67% 68%

TABLE 4 — Performances des différents modeles utilisant
les densités spectrales de puissance (PSD)

En analysant I’ensemble des résultats, on observe que les
meilleures performances sont obtenues durant la période
d’observation. Les scores se situent entre 65% et 75%, ce
qui indique que les PSD présentent des changements no-
tables suite a la désactivation neuronale.
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FIGURE 5 — Decision Tree : importance des positions dans
les deux classements des zones

Dans la Figure 5, on peut identifier quelles positions dans
le classement des bandes de fréquences, établi a partir des
amplitudes maximales, influencent le plus la classification.
Pour la zone IPMy, les rangs extrémes — la bande pré-
sentant I’amplitude la plus élevée et celle présentant I’am-
plitude la plus faible — sont les plus déterminants. Pour
la zone IPMd, les contributions majeures proviennent des
troisieme et quatrieme bandes de fréquences. Un phéno-
mene similaire est observé avec le modele Random Forest,
comme illustré dans la Figure 6.
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FIGURE 6 — Random forest : importance des positions dans
les deux classements des zones

5 Conclusion

Cette étude montre que les méthodes d’apprentissage
automatique appliquées aux spectrogrammes de LFP
permettent de détecter automatiquement les activités
neuronales associées a une inactivation cérébrale focale
et réversible. Des informations discriminantes émergent
dans les spectrogrammes pour identifier la désactivation,
en particulier autour du début du mouvement, et se situent
principalement dans les bandes de basses fréquences, telles
que delta, theta et alpha. Ces observations sont cohérentes
avec les études antérieures de [, 5], qui indiquaient que
I’essentiel de I’activité lors des mouvements de Reach-
and-Grasp se concentre dans la bande Delta. D’autres
signatures sont également mises en évidence dans les PSD,
a travers des variations des amplitudes maximales sur les
cinq bandes de fréquences. Ces différences sont particulie-
rement marquées dans la région IPMyv, notamment pour les
bandes de fréquences extrémes (les plus basses et les plus
hautes).

Par ailleurs, nous supposons que cette désactivation pour-
rait aussi étre mise en évidence en comparant 1’activité neu-
ronale entre les deux hémispheres. Dans le méme objectif
d’affiner I’analyse, nous prévoyons également d’examiner
I’évolution de nos prédictions en nous concentrant sur un
seul type de mouvement plutdt que sur I’ensemble des es-
sais; par exemple, en focalisant 1’analyse sur le bras droit,
nous nous attendons a observer des différences plus pro-
noncées qu’avec le bras gauche.
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Résumé

Cette étude évalue les performances d’un modeéle pluie-
débit basé sur un Multilayer Perceptron (MLP), complétée
par une analyse d’eXplainable Artificial Intelligence (XAI)
une approche fondée par la perturbation. Le modele MLP
prédit le débit instantanné horaire de la riviere Sisaony,
Madagascar . Les résultats d’évaluation montrent que le
MLP est performant, en particulier pour les horizons longs.
L’analyse du modele par perturbation montre également
que le comportement du modéle est cohérent avec les prin-
cipes physiques de la relation hydrologique pluie—débit.

Mots-clés

MLP, XAl approche de perturbation, pluie-débit, riviére Si-
saony.

Abstract

This study evaluates the performance of a rainfall-runoff
model based on a Multilayer Perceptron (MLP), supple-
mented by an Explainable Artificial Intelligence (XAl) ana-
lysis using a perturbation-based approach. The MLP model
predicts the hourly instantaneous discharge of the Sisaony
River in Madagascar. The evaluation results show that the
MLP performs well, particularly for long-term forecasts.
Analysis of the model using perturbation theory also shows
that the behavior of the model is consistent with the phy-
sical principles underlying the rainfall-discharge relation-
ship.

Keywords

MLP, XAl perturbation-based approach, rainfall-runoff,
Sisaony River.

1 Introduction

Avec I’essor de D'intelligence artificielle, Deep learning
s’est imposé comme des outils puissants capables d’ex-
traire automatiquement des relations complexes a partir
de grandes bases de données, notamment pour des phé-
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nomenes non linéaires. Il occupe une place importante
dans la résolution de problemes liés a 1’environnement,
mais ces modeles présentent comme limites une interpré-
tabilité réduite[/, ”]. Dans le domaine de 1’hydrologie,
par exemple, les modeles de deep learning appliqués a la
prévision hydrologique sont performants mais considérés
comme des modeles "boite noire"[]. Dans cette étude,
nous avons mis en place un modele basé sur le deep lear-
ning, plus spécifiquement le Multilayer Perceptron (MLP),
pour prévoir les débits de crue d’un cours d’eau. Pour main-
tenir une certaine transparence du modele, nous avons com-
biné cette approche a I’utilisation de la technique XAI (Ex-
plainable Artificial Intelligence), 1’approche de perturba-
tion, pour interpréter le modele afin de comprendre les pa-
rametres qui influencent le plus le modele de prédiction.
Comme étude de cas, nous avons sélectionné une riviere, la
Sisaony, délimitée par la carte a la figure 1, qui traverse la
ville d’ Antananarivo Madagascar, et qui permet de disposer
des historiques d’observations horaires de précipitations et
de débits passés. Compte tenu 1’exposition de la ville aux
risques d’inondation, Antananarivo dispose en effet d’un
organisme chargé de la protection contre les inondations,
I’ Autorité pour la Protection contre les Inondations de la
Plaine d’ Antananarivo (APIPA), qui gére un systéme d’an-
nonce de crue basé sur un réseau permanent d’observations
pluviométriques et débitmétriques. L’ APIPA ne dispose pas
en revanche de modele de prévision hydrologique, 1’an-
nonce de crues reposant principalement sur 1’expérience
des prévisionnistes, ainsi que sur I’analyse et I’observa-
tion des événements passés. Cette approche montre toute-
fois des limites dans une ville régulierement touchée par les
inondations, notamment en cas de rupture de digue.

Dans cette étude, les historiques de données d’observation
de I’ APIPA ont été mobilisées pour 1’apprentissage et I’ éva-
luation de modeles MLP prédisant les débits de crue de la
Sisaony a plusieurs horizons (3h, 6h, Sh, 12h, 18h ou 24h).
Les performances de ce modele MLP ont été comparées a
un modele de prévision pluie-débit de type GRP [] , tres
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utilisé pour la prévision des crues en France. L’association
d’un modele basé sur le deep learning et d’approches XAl
a par ailleurs permis d’analyser la nature des dépendances
apprises par le modele, afin de vérifier s’il repose princi-
palement sur une dynamique autorégressive ou s’il capture
effectivement les relations non linéaires complexes entre les
variables hydrométéorologiques.

\_ CARTE DE LA ZONE D'ETUDE

FIGURE 1 — Carte du bassin versant de la riviere Sisaony a
Ampitatafika, montrant les stations hydro-pluviométriques
situées en amont 3 Andramasina et Ambatofotsy, ainsi que
la station hydrométrique a I’exutoire. La surface drainée du
bassin est de 726 km?

2 Méthodologie

2.1 Données

Un ensemble de données hydrométéorologiques horaires,
sur la période 2002 a 2008, a été collecté et utilisé pour ali-
menter les modeles de prévision de débits hydrologiques.
Ces données comprennent les variables suivantes : la préci-
pitations P : issues des stations pluviométriques locales de
I’ APIPA et moyennées sur le bassin versant de la riviére Si-
soany a Ampitatafika a I’aide de la méthode de polygone de
Thiessen ; I’évapotranspiration potentielle £7"P; calculée a
partir des données de température extraites de la NASA PO-
WER, en utilisant la méthode de Thornthwaite modifiée[©],
I’évapotranspiration potentielle ET P; calculée a partir des
données de température, extraites de la NASA POWER, en
utilisant la méthode d’Oudin [*]; le débit brut instantané Q)
mesuré au pas de temps horaire a la station d’ Ampitatafika
de I’ APIPA sur la riviere Sisaony (726 km? de surface drai-
née). Ces données représentent la variable cible a prédire
dans le modele pluie-débit. Apres vérification, ces données
présentent quelques valeurs manquantes sur certaines pé-
riodes. Ces périodes de lacunes ont été reconstituées avec
un modele hydrologique traditionnel GR4H [ /] car le ré-
sultat de la simulation de débit de ce modele suit mieux la
tendance des données de débits observés.

2.2 Développement du modele MLP

2.2.1 Variables d’entrée utilisées

Pour estimer le débit Q(¢) & un instant t, nous considérons
que le débit dépend des précipitations P(t—1) et de 1’évapo-
transpiration potentielle ET P (t—1) observées sur un histo-
rique de données (1 <= i <= p), ainsi que du débit passé
Q(t —j) (h <= j <= p). p correspond a la fenétre tempo-
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relle de données prise en compte par le modéele : une fenétre
temporelle glissante de 10 jours consécutifs (soit p=240
heures) a été utilisée ici. h correspond a 1’horizon de pré-
vision considéré, soit h € 3h,6h,9h, 12h, 18h,24h. Pour
chaque horizon de prévision h, le modele apprend une rela-
tion de la forme : Q(t) = f(Q(t — j), P(t — i), ET Py (t —
1), ETPy(t — ©)) ou P(t — i) et ETP,(t — i) (1). Les
modeles utilisent donc les informations pluviométriques et
d’ETP jusqu’a I’instant t. Pour réaliser de véritables prévi-
sions avec ces modeles, il faut donc étre en mesure d’effec-
tuer des prévisions de pluie et d’ETP sur la période [t-h;t-
i]. Dans un premier temps, les données observées ont été
utilisées ici, ce qui permet de s’affranchir des incertitudes
associées aux prévisions météorologiques.

2.2.2 Découpage de données
Le tableau | présente en détail les périodes utilisées pour
I’apprentissage et le test des données.

TABLE 1 — Périodes temporelles utilisées pour 1’apprentis-
sage et I’évaluation des modeles

Variables Variables Apprentissage/ | Test
d’entrées cibles Validation

Précipitation, Débit brut | Début Début

ETP Oudin, reconstitué 11/01/2002 10/08/2007
ETP Thornth- | avec GR4H | 00 :00 14 :00
waite, Fin Fin :
Débit brut re- 10/08/2007 31/12/2008
constitué avec 13 :00 23:00
GR4H

2.2.3 Architecture et implémentation du modele MLP

Un MLP est défini comme un réseau neuronal artificiel
composé de trois (3) couches connectées : une couche d’en-
trée (input layer) qui recoit les données d’entrée, une ou
plusieurs couches cachées (hidden layers) qui contiennent
un nombre variable de neurones connectés a tous les neu-
rones de la couche précédente et de la suivante, et une
couche de sortie (output layer) qui produit les valeurs de
sortie [/]. Pour la création du modele MLP, les valeurs sui-
vantes d’hyperparametres ont été retenus apres une série de
tests de sensibilité : trois (3) couches cachées (120-90-60
neurones), la fonction d’activation Re LU, la fonction d’op-
timisation Adam, la fonction cotit M SE, le taux d’appren-
tissage 0.001, I’itération max 200. Pour chaque horizon de
prévision h (3h, 6h,9h, 12h, 18h et 24h), un modele MLP
distinct, partageant la méme architecture et les mémes hy-
perparametres, a été entrainé séparément.

2.3 Le modéle GRP utilisé comme référence

Le modele GRP est un modele hydrologique de prévision,
se servant des données des pluies disponibles sur un bassin
versant pour calculer les débits a son exutoire. GRP est ac-
tuellement utilisé par une grande partie des Services de Pré-
visions de Crues (SPC) francais [7]. GRP a une structure a
réservoir construite sur trois modules : modele d’accumu-
lation et de fonte de la neige, le module de production et
le modele de transfert. Le critere de calage (apprentissage)
pour GRP est I’erreur quadratique moyenne a I’horizon H
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2.4 Criteres utilisés pour I’évaluation et la
comparaison des modéles

Deux criteres ont été utilisés, pour I’apprentissage et le
test des modeles : le critere de Nash-Sutcliffe (NSE) et le
score de persistance. NSE est défini par la formule (2) :
NSE = 1 — (@@
21 (Q6-Q0)
pectivement les débits observés et simulés (ou prévus) a
instant t, et (), est la moyenne des débits observés. Le
critere de persistance est défini par la formule (3) suivante :

n QSbS_Qi)’V'e’U .
PI = ( )(3) avec QY'Y le débit prévu

(2) ou Q! et Q. sont res-

t=h+1

m Qe —Qsty,)
au pas de temps ¢ et h I’horizon de prévision (exprimé en
nombre de pas de temps). Une valeur (NSE ou persistance)
proche de 1 indique une excellente correspondance entre
les données simulées et observées, tandis qu’une valeur in-
férieure a 0 indique que le modele est moins performant
qu’une simple moyenne constante.

2.5 Analyse explicative du modele pluie-
débit MLP

L’importance des variables a été évaluée a I’aide d’une mé-
thode de perturbation consistant & remplacer successive-
ment chaque variable explicative soit par la valeur zéro,
soit par sa moyenne. Cette approche permet d’analyser la
sensibilité du modele a différentes entrées en quantifiant la
baisse de ses performances. L’ analyse est réalisée a deux ni-
veaux de granularité : I'importance par groupe de variables
et I’importance individuelle, et ce pour plusieurs horizons
de prévision (de 3 a 24 heures).

3 Résultats

3.1 Evaluation des modéles

Les tableaux 2 et 3 présentent respectivement les scores de
NSE et de persistance obtenus par les deux modeles MLP
et GRP, pour les différents horizons de prévision.

Le modele MLP atteint des scores NSE tres élevés, en par-
ticulier pour les horizons courts (3h a 6h), ou les valeurs dé-
passent 0,95 en apprentissage et en test (jusqu’a 0,98). Cela
traduit une excellente capacité a reproduire les débits ob-
servés et une forte stabilité du modele. Pour les horizons in-
termédiaires (9h—12h), les scores restent élevés (0,84-0,94
en test), confirmant une bonne performance du modele. En
comparaison, le modele GRP présente également de bonnes
performances, mais légeérement inférieures a celles du MLP,
notamment pour les horizons longs (HP 24h—-18h), ou les
scores chutent en phase de test autour de 0,66-0,74, contre
0,73-0,78 pour le MLP.

L’analyse du score de persistance confirme que le MLP
reste globalement plus performant que le GRP, notamment
pour les horizons longs (0,32-0,47, en validation contre
0,26-0,33 pour le GRP). Toutefois, les performances dé-
clinent rapidement lorsque 1’horizon se raccourcit, avec des
scores proches de zéro pour I’horizon 3h, indiquant qu’au-
cun des modeles n’arrive a surpasser efficacement la persis-
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tance sur cet horizon courts. Ceci conduit a relativiser for-

tement le pouvoir prédictif des modeles pour cet horizon.

TABLE 2 — Comparaison des score NSE des modeles MLP
et GRP selon I’horizon de prévision

MLP GRP
Horizon | Apprentissage test Apprentissage test
3h 0.9814 0.9768 0.9865 0.9772
6h 0.9621 0.9479 0.9623 0.9366
%h 0.9482 0.8937 0.9376 0.8872
12h 0.9347 0.8517 0.9149 0.8334
18h 0.9126 0.7597 0.8824 0.7381
24h 0.9061 0.7348 0.8597 0.6633

TABLE 3 — Comparaison des scores de persistance des mo-
deles MLP et GRP selon I’horizon de prévision

MLP GRP
Horizon | Apprentissage | Test | Apprentissage | Test
3h 0.2977 0.0288 0.2441 0.0450
6h 0.4695 0.2635 0.3832 0.1044
%h 0.5959 0.2108 0.4702 0.1624
12h 0.6538 0.2900 0.5275 0.2023
18h 0.7124 0.3269 0.6050 0.2664
24h 0.7685 0.4723 0.6506 0.3301

3.2 Analyse explicative du modele pluie-
débit MLP

Les tableaux 4 et 5 présentent les résultats de 1’analyse
explicative du modele pluie-débit basé sur MLP par 1’ap-
proche de perturbation. La variable de débit passé (Q) ap-
parait comme la plus influente, avec des valeurs d’impor-
tance systématiquement plus élevées en valeur absolue, en
particulier pour les horizons courts et intermédiaires, ce qui
confirme son role structurant dans la dynamique du modele
pluie—débit.

TABLE 4 — Evaluation de I’importance des variables 2
I’aide d’une approche fondée sur la perturbation, consistant
a remplacer chaque variable par zéro.

Apprentissage
Horizons P ETP1 ETP2 Q
3h 0,001 | -0,017 | -0.008 | -0,381
6h -0,005 | -0,019 | -0,047 | -0,404
%h -0,028 | -0,0349 | -0,027 | -0,34
12h -0,053 | -0,060 | -0,056 | -0,343
18h -0,015 | 0,007 0,002 | -0,080
24h -0,105 | -0,168 | -0,202 | -0,176
Test
Horizons P ETP1 ETP2 Q
3h -0,012 | -0,05 | -0,026 | -0,504
6h -0,037 | -0,024 | -0,024 | -0,571
9h -0,043 | -0,058 | 0,024 | -0,508
12h -0,076 | 0,014 | 0,075 | -0,533
18h -0,015 | 0,054 0,05 | -0,099
24h -0,208 | 0,026 | 0,138 | -0,412
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TABLE 5 — Evaluation de I’importance des variables a
I’aide d’une approche fondée sur la perturbation, consistant
a remplacer chaque variable par sa moyenne.

Apprentissage
Horizons P ETP1 | ETP2 Q
3h 0 0,008 | 0,005 | -0,279
6h -0,004 | -0,004 | -0,005 | -0,327
%h -0,023 | -0,009 | -0,007 | -0,252
12h -0,052 | -0,026 | -0,029 | -0,215
18h -0,172 | -0,046 | -0,055 | -0,223
24h -0,1 -0,044 | -0,074 | -0,144
Apprentissage
Horizons P ETP1 | ETP2 Q
3h -0,012 | -0,027 | -0,019 | -0,35
6h -0,033 | -0,024 | -0,016 | -0,432
%h -0,035 | 0,003 | 0,023 | -0,328
12h -0,061 | 0,012 | 0,018 | -0,273
18h -0,144 | -0,002 | 0,009 | -0,247
24h -0,192 | 0,055 | 0,047 | -0,179

Les précipitations (P) montrent une influence plus mar-
quée aux horizons longs (24h et 18h), tandis que leur im-
pact diminue progressivement lorsque I’horizon de prévi-
sion se rapproche de 3h. Les variables d’évapotranspiration
(ETP1 et ETP2) présentent une contribution globalement
plus faible et plus instable, avec des valeurs proches de
zéro dans plusieurs configurations, ce qui suggere une in-
fluence secondaire dans la prédiction. La comparaison entre
les deux méthodes de perturbation montre que le rempla-
cement par la moyenne conduit a des amplitudes d’impor-
tance légérement atténuées mais conserve les mémes ten-
dances globales, ce qui renforce la robustesse des conclu-
sions sur le role relatif des variables dans le modele MLP.

4 Conclusion

L’étude démontre que le MLP constitue une méthode ro-
buste pour la prévision des débits hydrologiques a horizons
multiples, dont les performances s’averent au moins équi-
valentes a celles d’un modele pluie-débit GRP lorsque les
jeux de données d’apprentissage utilisés portent sur plu-
sieurs années hydrologiques consécutives. L’analyse des
modeles MLP identifie bien le débit passé comme variable
dominante. Ceci confirme que le MLP propose une inter-
prétation des relations entre variables cohérente avec la
physique de la relation pluie-débit . Comme perspectives,
pour renforcer la capacité prédictive et capturer les dépen-
dances temporelles plus complexes portant sur une fenétre
temporelle dépassant les 10jours, 1’utilisation de modeles
séquentiels tels que LSTM ou de modeles basés sur Trans-
former [©] pourrait &tre explorée avec une analyse explica-
tive des modeles par XAl de type SHAP (Shapley Additive
exPlanations). Par ailleurs, I’intégration de données pluvio-
métriques issues de satellites permettrait de tester le pouvoir
prédictif des modeles de deep learning dans des contextes
de données moins favorables, en particulier dans les zones
non couvertes par les réseaux pluviométriques au sol, et ol
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les observations débitmétriques ne sont dispobnibles qu’a
des pas de temps de 12 ou 24h.
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Abstract

Data annotation is a cognitively rich process shaped by
perception, judgment, and variability. However, it is tra-
ditionally viewed as a mechanical and time-consuming task
for humans, and is therefore often automated or outsourced.
This paper considers annotation as a Human-Centric cog-
nitive process and proposes a generic framework in which
annotation supports humans in interpreting complex mul-
timodal data and operational information. Through a tax-
onomy of human-in-the-loop semi-automatic pipelines, we
show how Al-generated annotations can interact with hu-
mans. We apply this framework to a naval defense use case,
specifically maritime surveillance activity. In this high-
stakes environment, where operators must process contin-
uous and heterogeneous information streams, annotation
acts as a cognitive aid. It can ultimately become a decision-
support tool that reduces cognitive load and preserves sit-
uational awareness, rather than remaining a simple data-
labeling mechanism.

Keywords

Multi-modal data, Annotation, Data-Centric Artificial In-
telligence, Human-Centric design, Human-In-The-Loop,
Decision support.

1 Introduction

From finance to healthcare, from logistics to advertising,
the modern world is awash in data, fueling the rapid ad-
vancement and integration of artificial intelligence (AI)
across nearly every sector [ 5]. In this data saturated world,
annotation is a foundational step in any machine learn-
ing pipeline, but from a cognitive ergonomics perspective
it could also be seen as a form of cognitive externaliza-
tion processes and serve as an efficient tool to help hu-
mans when dealing with complex and heterogeneous in-
formation [ 2, 2”]. While often reduced to a mechanical
labeling task, annotation is in reality shaped by human per-
ception, judgment, and variability. In a Data-Centric Al
paradigm [20], the quality of annotated data directly con-
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ditions its usage, making annotation an essential lever for
system reliability. However, the human dimension of this
process remains largely overlooked: who annotates, how,
and under what cognitive conditions, are questions rarely
addressed in the literature. Furthermore, as Al systems are
increasingly deployed in operational settings, the boundary
between annotation as a machine learning training step and
annotation as a real-time decision-support tool becomes in-
creasingly blurred. This raises a fundamental question: can
annotation be reframed as a cognitive aid for humans con-
fronted with complex, multi-modal, and ambiguous infor-
mation, instead of merely as a resource for machine learn-
ing?

o Model _
Initial : Predicted
D ; Framework Label

ata a Algorithm abels

: b
****************** : - Evaluation
Training
N Model .
\ Annotation ' i [ Predicted
Data —— — Framework —
! method . 1 Labels
‘ Algorithm | :

3 Evaluation
Inference

Initialization

Figure 1: Model-Centric (top) and Data-centric (bottom)
machine learning pipelines, & = frozen block — /# =
trainable block

Designed as a cognitive aid, data annotation requires to be
implemented within a comprehensive, dynamic, and itera-
tive improvement process, in which contextual nuances are
swiftly captured. Regarding data annotation pipelines, cur-
rently two main paradigms prevail in Al: Model-Centric
versus Data-Centric (Fig. 1). The Model-Centric one as-
sumes that annotation is secondary, annotated data are
available, data quality is taken for granted, and prioritizes
algorithmic improvements through training techniques or
architecture design. The Data-Centric paradigm shifts the
focus to the quality, structure, and relevance of the data it-
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self as the primary lever for enhancing model performance,
to refine predictions by improving the model input [6].
Once a pipeline is trained and tuned with either paradigm,
it is frozen and used for inference on new data (Fig. 2).
This leads to the operator being a passive component of
the pipeline. However, some critical sectors like defense,
healthcare, or finance, cannot entirely remove humans from
the decision process. For instance, in the defense domain,
military operations increasingly rely on vast networks of
sensors, technologies, and Al-based systems. Yet paradoxi-
cally, while defense operators are flooded with sensors data,
they are often reluctant to share authority with autonomous
or semi-autonomous decision-making systems. This ten-
sion raises a critical question: In high-stakes environments
where human oversight is essential and data are over-
whelming, what role can annotation play?

Trained
pipeline

Predicted
Labels

k— Operator

Inference

Figure 2: Inference phase where the operator uses the pre-
dicted labels

Hence, in this paper, we draw inspiration from the
Data-Centric approach integrated with a Human-Centric
paradigm, emphasizing the foundational yet often underval-
ued task of data annotation that precedes model training.

Our work proposes a Human-Centered approach (Fig. 3)
where annotation serves as a decision-support mechanism
for humans, who remain central system components in the
interpretation of complex multi-modal data and informa-
tion. The proposed methodology is illustrated through a
naval defense use-case in Section 4. More specifically it
is applied to the activity of maritime surveillance deployed
in semaphore stations and frigates. Rather than emphasiz-
ing system implementation, this paper adopts a conceptual
perspective and investigates the interaction between human
operators and an annotation framework, laying the ground-
work for future instantiations and operational deployment.

Annotated
Data

Annotation

: Operator
. Data /| method i

Figure 3: Position of the operator within a Human-Centered
annotation paradigm

The article is organized as follows: Section 2 introduces a
taxonomy of human-in-the-loop pipelines. The concept of
data annotation, its use in the literature, and how it could
be framed as a tool in a Human-Centered paradigm are pre-
sented in Section 3. The resulting concept is applied to the
defense domain in Section 4, focusing on naval operators
and instantiates the proposed multi-modal data annotation
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framework. Main resulting insights are discussed in sec-
tion 5. Conclusions and perspectives are outlined in Sec-
tion 6.

2 Human-in-the-loop for annotation

Annotation materializes the results from a succession of de-
cisions and choices, aimed at summarizing insights on hu-
man perception at a given time, in order to train machine
learning models [/5]. Annotation can be fully manual,
as with Amazon mechanical Turks [5] or crowd-sourcing
[I1,27]. It can also be automatic, leveraging Al mod-
els trained on already annotated data [!©, ©7]. Finally,
semi automatic ones combine human and Al to accom-
plish annotation []. Our framework moves away from
a Model-Centric paradigm in which humans passively an-
notate datasets for machine learning. Instead, it promotes
collaboration between humans and Al, where annotation
becomes a tool to support human understanding. This ap-
proach aligns with hybrid intelligence research, which em-
phasizes the complementary roles of humans and Al in
complex decision-making environments [ (].

This section introduces the typology of Human-In-The-
Loop (HITL) strategies for semi-automatic data annota-
tion [47]. The goal is to understand how human and Al
can interact, collaborate, and annotate together, and there-
fore, allow choosing the best HITL strategies for each use
case and operator. Interactions between humans and several
Al agents have not been previously studied in this particu-
lar context. We respectively describe as “Human” a given
set of human operators and as “AI” a given set of models,
within a simplified annotation process. We subdivide these
strategies into five main types described below. Each one is
illustrated by a schematic diagram. The legend of symbols
is shown in Table 1.

Table 1: Legend and Symbols for annotation schemes
Legend Description
H Human

Al Artificial Intelligence
AN First and intermediate annotations
F Final annotation

Symbols

Q Annotation
[]

@ Raw data

Annotation agent @ Fusion component

2.1 Edge-Case

This pipeline is similar to a fully automatic one; the Al
model processes the entire dataset, and the human acts as a
judge. Instances where the model’s confidence falls below
a predefined threshold are flagged for review. A human an-
notator then inspects and corrects these edge-cases, which
often lie near the model’s decision boundary. This approach
reduces cognitive load by filtering out trivial cases and con-
centrates human effort on the most uncertain or ambiguous
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instances [~ /,”Y]. However, Al model’s errors in trivial ex-
amples might remain undetected [ ], introducing biases in
the annotated dataset (Fig. 4).

@ S AL s A VAR
0

Figure 4: Block diagram of a semi-automatic edge-case
pipeline (the human checks only automatic annotations that
were flagged; automatic and human annotations are then
fused)

v
s}

2.2 Suggestion

The suggestion pipeline is conceptually closer to the man-
ual approach; humans remain the primary annotators, while
the AI can be summoned to suggest an annotation of a given
instance. Operators can accept, modify, or reject these sug-
gestions based on their judgment. This setup preserves hu-
man oversight and mitigates over-reliance on the model,
leveraging Al assistance to ameliorate efficiency and con-
sistency (Fig. 5).

Figure 5: Block diagram of a semi-automatic suggestion
pipeline (the final annotation is human - based on Al sug-
gestions)

2.3 Iterative

In the iterative refinement pipeline, annotation is performed
through alternating passes between the Al model and the
human annotator. After each iteration, the model can be
updated based on corrections provided by the human (ac-
tive learning or reinforcement learning) [2¢] [22] [2]. This
process continues until a predefined quality threshold is met
[4]. The approach maintains expert involvement through-
out the annotation, introducing the risk of human over-
reliance on the model’s suggestions, potentially limiting
critical review (Fig. 6).

D N Al A % H
O o
o

Figure 6: Block diagram of a semi-automatic iterative re-
finement pipeline (the final annotation is the result of a suc-
cession of human and Al annotations)

s
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2.4 Few-shot

In this setting, a small part of the data is firstly annotated
by humans, usually experts. These examples are then used
to fine-tune or prompt in a few-shot setting to the model,
which subsequently annotates the remaining data automat-
ically. Additional human annotations may be requested if
the model outputs fail to meet predefined quality thresholds.
While this approach significantly reduces manual annota-
tion efforts [ 5, 0], it remains susceptible to model severe
inconsistencies and propagation of errors (Fig. 7).

(=<

n Al

~
s

Figure 7: Block diagram of a semi-automatic few-shot
pipeline (human annotations are used to automatically gen-
erate the final annotation)

2.5 Challenger

In the challenger pipeline, human and Al annotations are
independently generated and compared to obtain the final
annotation. Discrepancies trigger a dispute-resolution step,
which may involve human review or additional decision
logic. This design aims to mitigate human over-reliance
on Al requiring the annotator to engage continually with
each instance, while still benefiting from automated error
detection and redundancy (Fig. 8).

Figure 8: Block diagram of a semi-automatic challenger
pipeline (human and Al annotate in parallel - the annota-
tions are then fused)

3 Annotation properties and process

Annotation can be defined as a process through which hu-
mans add context, dimension, or information to existing
data [19]. This section explores both its fundamental prop-
erties and the cognitive processes to derive annotations
from raw data. On this basis, we introduce a generic frame-
work in which annotation serves as a cognitive aid to sup-
port human interpretation and decision-making.

3.1

Annotation takes many forms depending of the context and
goal, ranging from graphical to written representations. Ini-
tially formalized in textual contexts as “a note added to a
text” [1 9], nowadays, annotation is everywhere in our dai-
lylife:

Fundamental properties
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* Shopping mall, a red dot “you are here” on a map or
a colored arrow on a floor are graphical ones.

* Television, subtitles translating a movie or the crawl-
ing ticker during the news are written ones.

* Restaurant, reviews from previous customers or the
number of stars they have assigned are both.

Varying from informal notes to formally structured labels,
annotation is used to enrich data by adding contextual,
structural, or semantic information, thus facilitating its un-
derstanding [/0]. Annotation is intended for someone or
something, a user or an Al model. Informal annotations
can support human interpretation when exploring new data
sources [’5], whereas formal annotations typically con-
sist of normalized labels that encode well-defined concepts.
We identify four primary types of data that can be anno-
tated: textual, visual, numerical, and acoustic, represent-
ing fundamental modalities to which any real-world data
can be reduced.

3.1.1

Annotation is based on how humans perceive input data.
In this regard Gestalt principles and Cognitive Vision The-
ory (CVT) provide complementary perspectives on how hu-
mans perceive visual inputs. Gestalt principles explain how
the human visual system organizes elements into coherent
structures based on proximity, similarity, continuity, clo-
sure, and common fate [/0]. CVT formalizes the layer
of interpretation through which humans process and un-
derstand information [20] [/4]. In spite of being initially
formulated for visual stimuli, such concepts could transfer
across various types of data [4].

Indeed, during annotation, humans establish a semantic in-
terpretation of a situation that involves three levels [“]:

Constructed from human perception

* Low level, corresponds to the perception of raw sen-
sory features.

* Mid level, involves structural analysis and logical in-
ference.

* High level, integrates abstract reasoning and prior
knowledge.

Interpretation levels influence the cognitive effort during
annotation. Specifically, high-level reasoning is typically
an active, attention-demanding process [ ], whereas low-
and mid-level perception often occur unconsciously, gov-
erned by innate perceptual mechanisms [*]. In operational
environments such as maritime surveillance, operators must
rapidly shift between these levels to integrate heteroge-
neous signals and maintain a dynamic representation of the
situation, reflecting situation awareness mechanisms that
support perception, comprehension, and projection in com-
plex, evolving environments [ 5, < ”]. Understanding these
perceptual mechanisms provides a foundation for design-
ing annotation tools and workflows that optimize cognitive
load, allowing operators to focus on high-value tasks.
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3.1.2 Abstraction levels

According to examined works, we propose a classifica-
tion of annotations into four hierarchical layers, each corre-
sponding to a different level of abstraction:

1. Surface layer, refers to annotations based on raw,
low-level features of the data. It is rarely treated as
a distinct annotation layer in the literature [~ !].

2. Structural layer, captures the internal organization
and structure of the data. Through global features, it
identifies units and their spatial or temporal arrange-
ment, often without interpreting their semantic con-

tent [20] [2Y].

3. Semantic layer, encodes standardized and widely un-
derstood meanings using shared conceptual frame-
works. These annotations, based on common con-
cepts, aim for consistency across systems and anno-
tators [, 20, 23].

4. Interpretative layer, represents subjective, high-level
data interpretations, involving emotional, social, or
contextual judgment. This annotation layer is some-
what recent, and unfolded initially from sentiment and
social science fields, where human perception and af-
fective response play a central role [/5].

3.2 Annotation as, a human process

The role humans play in the annotation process is an es-
sential topic rarely discussed, which could help broaden Al
capabilities by grasping how human intelligence works in
this particular case [0].

3.2.1 Human strategies

The cognitive process deployed by humans to realize man-
ual annotations is called a strategy. It represents the user’s
plan of action, formed by chains of tactics and moves. An-
notation tactics are the steps, actions, and choices deployed
by humans to move forward in order to carry out an an-
notation. Tactics are formed by annotation moves that are
basic actions of thought performed by the annotator (zoom-
in, zoom-out, compare, measure, define, etc.) [*]. An an-
notation strategy might include, for instance, a fine-tuning
tactic, where the operator refines or adjusts an annotation to
achieve greater accuracy afterward [”].

Considering these strategies when designing annotation
tools might be useful to encourage or avoid certain tactics.
Although, even if strategies vary between annotators, trends
emerge. For instance, individuals are likely to prefer start-
ing with less accurate tactics involving perception, rather
than cognitively demanding ones. Also, individuals apply-
ing less accurate methods tend to be willing to continue re-
fining their work [=, 5]

3.2.2 Human biases

Humans are inherently sensitive to cognitive, perceptual,
and emotional biases, which can affect annotation qual-
ity and may be exacerbated under conditions of cognitive
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Figure 9: Proposed generic Human-Centered annotation framework for multi-modal data

overload [%]. Some biases, such as distrust or overconfi-
dence, arise from the nature of the task itself, while others
emerge from the structure and sequencing of the annotation
process. Similar to surveys, annotation campaigns involve
repeated human judgments under controlled conditions; in
such settings, the order in which tasks are presented can
induce contrast and assimilation effects [”].

The data being annotated can also generate variability in
perception among annotators, potentially leading to confu-
sion between certain labels [0]. This challenge is amplified
by the heterogeneous and multi-modal nature of datasets,
which often combine simple instances with complex ones
of different modalities. Consequently, the difficulty of an-
notation can fluctuate dramatically, ranging from trivial to
expert-level depending on the label schema. To mitigate
such issues, adaptive labeling interfaces that dynamically
adjust to the annotator’s perceived task difficulty have been
proposed [/].

How annotators perceive information is shaped by their
prior experience and domain knowledge [ !]. Individual’s
bias, expertise, or fatigue can influence the labels they as-
sign [7, 9], with potential consequences for downstream
model performance. Annotation is therefore not a purely
technical task but a cognitively rich process shaped by per-
ception, judgment, and variability.

By integrating all these components, we propose a generic
Human-Centered annotation framework (Fig. 9), that can
be tailored to specific use cases depending on the avail-
able data and the desired human-in-the-loop (HITL) con-
figuration, as illustrated in Section 4 for a defense applica-
tion. Especially suited for multi-modal data, this flexible
framework searches to strengthen human decision-making,
interpretation, and labeling capabilities. Based on contex-
tual information an Al agent generates an annotation strat-
egy designed to reflect human reasoning processes. The
resulting annotation can thus become a cognitive artifact
supporting operators’ sense-making processes in complex
environments, helping them externalize intermediate inter-
pretations and stabilize evolving hypotheses during deci-
sion making [10,27].
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4 Application to a defense use case

Leveraging annotation not merely as a technical aid but
as a cognitive support for humans remains largely un-
explored both in hybrid-intelligence literature and in de-
fense contexts where it may play a key role in supporting
human decision-making in complex operational environ-
ments. This insight was reinforced by field observations
conducted to model maritime surveillance activities. The
pipeline of the current activity, presented in Fig. 10, is the
result of a series of in situ observations and semi-structured
interviews realized with a frigate crew and ten operators
across four semaphores.

4.1 Multiplication of signals

’ N

'OBSERVE - RAW DATA
S & W & 1O
Radar AIS Radio Intelligence Vision ADS-B

\______________’F___ﬁk

Interaction (zoom, focus, call, select, center, etc.)

IDENTIFY AL "
s —)[ Cognitive process}
i Lo )Y
Operator
25
TRANSMIT S

omme
a a
Crew members

Figure 10: Current naval surveillance pipeline - the naval
operator deploys cognitive processes to identify objects
from all the collected information (AIS - Automatic Iden-
tification System; ADS-B - Automatic Dependent Surveillance-
Broadcast)

A key element from field observations is that defense oper-
ators face a continuous flow of data from multiple sources;
often incomplete, sometimes noisy, and frequently asyn-
chronous [!”]. In recent decades, the proliferation of sen-
sors has led to an increase of data sources, resulting in sig-
nificant cognitive burden for operators [ |]. As presented
in Fig 10, a naval operator may have to combine abruptly
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radar detection, perform visual confirmations, monitor and
engage in radio communication, coordinate with other ser-
vices, and annotate observations, for each detected track in
an observation-identification-transmission loop.

4.2 Ambiguity of signals

Naval operators constantly collect information and corre-
late fragmented signals. When data are incomplete, opera-
tors must anticipate developments and complete gaps using
their expertise and knowledge. Furthermore, they are re-
quired to prioritize relevant tracks and signals, focusing on
the most critical ones, to make decisions in real time, often
under significant operational pressure.

In this context, information can be partial or ambiguous,
which ergonomics literature refers to as situations of struc-
tural uncertainty [/©]. Unlike purely procedural tasks,
where each action logically follows from a clear signal [ 7],
field observations have shown that maritime surveillance re-
quires naval operators to interpret incomplete, unconfirmed,
or contradictory signals, while remaining responsible for
the potential consequences of their decisions, thus prevent-
ing the use of a rigid autonomous system.

Therefore, behind the seemingly simple task of identifica-
tion, lie countless invisible actions that add up and might
lead to a cognitive overload: collect, correlate, anticipate,
complete, prioritize, and make a decision.

4.3

Consequently the Human-Centric annotation framework
seems particularly suited to this defense context. The
goal of annotation is not to replace human intervention but
to enhance operators’ work capacity, senses, and percep-
tion, with a purpose beyond merely recording events in a
database. It must be a projection of the operator’s cog-
nitive processes, involving the selective identification of
salient cues, the interpretation of signals based on task-
related knowledge, and the intentional omission of ele-
ments deemed routine or unremarkable.

The Human-Centric annotation framework previously de-
fined in Fig. 9, will be implemented alongside existing ob-
servation tasks described in Fig. 10, resulting in the dy-
namic collaboration presented in Fig. 1. In this setting,
the naval operator can actively choose to use raw data, an-
notated ones, or a mixture of both to construct a decision.
Consequently, the operator is active, and is not constrained
by a decision from an automatic system. According to field
observations, naval operators tend to reject imposed pre-
dictions from automatic systems they cannot control. Our
Human-Centric annotation framework lets the operator take
the final decision and stay in control. The annotation strat-
egy is automatically constructed based on operationnal ob-
jective and context. Then each form of data can be anno-
tated, radio communications would be classified and anno-
tated as acoustic data, whereas AIS transmissions would be
annotated as numerical data. Table 2 presents an analysis
of possible annotations and demonstrates the application of
the proposed annotation framework to the naval defense use
case.

Human-Centric annotation
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Figure 11: Proposed naval surveillance pipeline enhanced
with an annotation module for each data type (textual, nu-
merical, visual, and acoustic); the operator can use either
annotations or collected information to identify objects

5 Implications and Future Directions

This section summarizes our reflections on enhancing hu-
man performance within a Human-Centric framework. An
automatic system disconnected from a human operator can
lead to overconfidence biases, where humans can reduce
their involvement in an active analysis [!!]. This phe-
nomenon is amplified when automated interfaces leave little
room for human interpretation or require scarce attention
outside of critical alerts. A HITL strategy with an active
engagement loop is crucial to mitigate human biases, either
overconfidence or distrust, and avoid autopilot effect [ /].
Additionally, gradual removal of responsibility leads to a
significant decline in situational awareness, i.e., the abil-
ity to perceive, understand, and anticipate the dynamics of
a changing environment [/<]. This loss is precisely what
needs to be avoided in the context of defense. An annota-
tion framework where the operator is not directly providing
an answer, but receives enhanced information, can be seen
as a way to force human cognition [*], reducing overconfi-
dence and distrust.

Based on observations of how maritime semaphore station
and frigate operators annotate data, the Suggestion, Iter-
ative, and Challenger HITL pipelines appear particularly
well adapted as they preserve full human involvement.

5.1 Reframing Annotation as a Human-
Centric Task

Throughout this study, the importance of human involve-
ment in the annotation process has been repeatedly corrob-
orated. Annotation is an intrinsically Human-Centric task,
even though it is often perceived as a mechanical or aux-
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Table 2: Analysis of possible annotations across modalities for naval surveillance data

Layer Task Name [Annotation type] - Task Description
Textual (Documentation - Intelligence)
Surface Highlighting [Graphical] Visually emphasize specific spans of a text.
Surface Part-of-Speech Tagging [Written] Assign part-of-speech tag (e.g., NOUN, VERB) to each token.
Surface Lemmatization [Written] Reduce inflected forms to their base form (lemmas).
Structural Paragraph Extraction [Graphical] Identify and extract text segments relevant to a query.
Semantic Named Entity Recognition [Written] Identify and label spans corresponding to entities.
Semantic Topic Tagging [Written] Assign one or more topic labels indicating thematic content.
Interpretative Sentiment Analysis [Written] Classify sentiment expressed in a sentence or document.
Interpretative  Relation Extraction [Written] Tdentify and label semantic relationships between entities.
Interpretative ~ Summarization [Written] Produce a condensed representation while preserving essential information.
Interpretative ~ Schema Generation [Graphical] Transform structured or semi-structured text into an ordered representation
(e.g., table, concept map).
Visual (Camera)
Structural Bounding Box [Graphical ] Delimit regions of interest in an image using rectangles.
Structural Segmentation Mask [Graphical] Assign a class label to each pixel for fine-grained object delineation.
Structural Object Tracking [Graphical] (Video) Assign identifiers to objects across frames to capture trajectories.
Semantic Object Description [Graphical] Provide structured metadata about objects (e.g., class, location, attributes).
Semantic Classification [Written] Assign labels to images or localize and label individual objects.
Semantic Scene Detection [Written] (Video) Identify shot boundaries or scene transitions.
Interpretative ~ Scene Graph Generation [Graphical] Identify objects and their pairwise relationships (e.g., “man—riding—-moto”).
Interpretative  Image Captioning [Written] Automatically generate descriptive captions for images.
Interpretative  Intent Captioning [Written] (Video) Generate descriptions explaining goals or intentions behind actions.
Audio (Radio)
Surface Subtitle [Written] Transcribe spoken content into aligned text segments.
Semantic Audio Classification [Written] Assign semantic categories (e.g., genre, environment, speaker identity).
Interpretative  Emotion Classification [Written] Identify and label the emotional state expressed in audio.
Numeric (AIS — ADS-B — Radar)
Surface Highlighting [Graphical] Emphasize specific numeric ranges or values (e.g., outliers).
Structural Region of Interest Selection [Graphical] Select specific segments in a time series or numerical matrix.
Structural Data Visualisation [Graphical] Project data into a space emphasizing structures (e.g., clusters, outliers).
Interpretative  Trend Classification [Written] Label time series segments according to their patterns (e.g., increasing, cyclic).
Interpretative  Anomaly Classification [Written] Identify and categorize abnormal data points or sequences.

iliary step. In high-stakes domains such as defense, where
sensor data are abundant and real-time decisions are cru-
cial, manual annotation alone becomes impractical. Opera-
tors often lack the time to explicitly annotate; instead, they
do what may be interpreted as implicit annotation.

We claim that designing annotation systems, specifically
to support human operators, can enhance decision-
making capacities and reduce cognitive overload, which
implies shifting the paradigm from data labeling to
Human-Centered interaction.
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5.2 Towards Annotation Fusion: Managing
Variability and Ambiguity

A challenge that was intentionally omitted of the core scope
of this paper is the question of inter-annotator variability,
and more broadly, multi-agent annotation. In complex, am-
biguous, or cognitively demanding situations (as in defense
scenarios), annotators production may diverge significantly,
even working under shared guidelines.

This subject emerged as fundamental and should be explic-
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itly modeled and incorporated. For instance, annotations
could be contextualized based on annotators’ profiles, or
different opinions could be weighted according to exper-
tise or cognitive style. On the Al side, this also raises the
issue of AI-AI variability, where multiple Al systems pro-
duce different annotations.

A use case like this one, leads naturally to the concept of
annotation fusion, where diverse annotations, from humans,
Al, or both, are merged to create more robust and explain-
able datasets. Combining multiple annotations, potentially
informed by annotators’ reasoning process, offers a promis-
ing direction for mitigating ambiguity, while retaining the
richness of multiple viewpoints.

5.3 Annotation for decision support

Finally, multiple-criteria decision-making (MCDM) meth-
ods are well-established and powerful decision-support
tools for handling numerical data. In defense applications,
such systems are already used to help operators ranking
and interpreting sensor outputs, as well as in selecting ap-
propriate strategies and behaviors [?]. However, operators
struggle to handle visual or textual information. Annotation
could serve therefore as a complementary mechanism to en-
rich MCDM approaches. Conversely, MCDM techniques
could also be leveraged to weight and prioritize which an-
notations are the most relevant.

5.4 Implementation of a Human-Centric An-
notation Framework

As previously discussed, annotation in naval environments
is frequently conducted under time constraints, with oper-
ational realities compelling operators to adapt beyond pre-
scribed procedures. Furthermore, the importance of con-
textual information may fluctuate according to geographic
and meteorological conditions. As a result, rigid sys-
tems such as rule-based algorithms or ontology-driven ap-
proaches may lack the flexibility required for such dynamic
settings. A Human-Centered annotation framework should
accordingly be grounded in a system that facilitates seam-
less interaction between human and artificial agents, sup-
porting adaptive collaboration with the data. In this regard,
multi-agent systems appear particularly promising.

6 Conclusion

Surveillance within maritime semaphore station and frigate
is complex tasks involving continuous observation, iden-
tification, and decision. Currently, operators must gather
information from various sources, to be correlated before
making decisions. In this process annotation is implicit
and lacks automatization or normalization. There are at
least three possible semi-automatic annotation approaches
that could improve operators’ decision capacity. These ap-
proaches require to design intelligent annotation systems,
beyond prescribed theoretical procedures, to meet real op-
erational constrains and needs. Annotation resulting of
human-AlI collaboration, could facilitate normalization and
consistency within the resulting data, while being a cog-
nitive aid for humans operating in high-stakes environ-
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ments. Data enriched semantically with meaning and con-
text, could lead to improved machine learning models, en-
abling efficient identification of normal and abnormal be-
haviors. Future work will investigate methods for merging
human insights, Al suggestions, and task-specific heuristics
into a cohesive annotation pipeline.
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Résumé

La fusion d’images RVB-IR exige un alignement précis et
des bases de données annotées. Pour s’en affranchir, nous
proposons une approche auto-supervisée basée sur I’archi-
tecture JEPA. En prédisant les caractéristiques latentes de
IR a partir d’un contexte RVB masqué, notre modele pro-
Jjette les deux modalités dans un espace sémantique par-
tagé. Les résultats préliminaires montrent que cet aligne-
ment constitue une base solide pour la perception embar-
quée, sans aucune intervention humaine.

Mots-clés

Apprentissage auto-supervisé, JEPA, Alignement de do-
maines, Multimodalité, Perception embarquée.

Abstract

RGB and IR image fusion requires precise alignment and
annotated datasets. To eliminate this need for manual labe-
ling, we propose a self-supervised approach using the Joint-
Embedding Predictive Architecture (JEPA). By predicting
IR latent features from masked RGB context, our model pro-
Jects both modalities into a shared semantic space. Prelimi-
nary results show this alignment provides a solid founda-
tion for embedded perception without any human interven-
tion.

Keywords

Self-Supervised Learning, JEPA, Domain Alignment, Mul-
timodality, Embedded Perception.

1 Introduction

Aligning visible (RGB) and infrared (IR) domains is a
prerequisite for robust multispectral perception in defense
and embedded systems. While RGB sensors excel in pro-
viding high-resolution textures and contextual details du-
ring the day, IR sensors capture thermal signatures that re-
main highly reliable in degraded visual environments, such
as nighttime, dense fog, or camouflage scenarios. Howe-
ver, designing an effective fusion strategy that respects the
strict power and latency constraints of embedded hardware
remains a significant challenge.

Existing fusion strategies are typically categorized by their
integration stage and architectural backbone. Early and
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middle fusion methods concatenate inputs or intermediate
representations, but require extensive paired data for precise
alignment. Late fusion processes modalities independently ;
while effective on popular benchmarks, the dual-backbone
overhead severely limits embedded deployment. Regarding
backbones, Transformers (e.g., CAFF-DINO [“]) utilize
cross-attention for state-of-the-art accuracy, though their
quadratic complexity hinders real-time use. Alternatively,
State-Space Models (SSMs) like Mamba [”] and its vision
variants [0] offer linear complexity, but their efficacy for
multimodal fusion remains an open empirical question.
Consequently, several key limitations emerge from these
dominant approaches in the embedded context : (/) Annota-
tion dependency : Most early and middle fusion methods re-
quire dense labeled RGB-IR pairs, which are costly and dif-
ficult to acquire in operational defense conditions. (2) Com-
putational cost : Cross-attention and dual-backbone archi-
tectures are computationally expensive, making them chal-
lenging to run at real-time frame rates on embedded SoCs
or FPGAs. (3) Scene generalization : Supervised models
trained on specific benchmarks like LLVIP [5] often fail to
generalize to new operational environments without exten-
sive retraining.

To address these challenges, we argue that self-supervised
learning (SSL) offers a practical path toward efficient cross-
modal alignment. In this paper, we propose a research direc-
tion based on the Joint-Embedding Predictive Architecture
(JEPA) [ 1] as a zero-annotation framework to learn a sha-
red latent space, providing a lightweight and scene-agnostic
foundation for real-time embedded perception.

2 Proposed Methodology

The primary motivation for adopting an SSL framework lies
in the critical scarcity of annotated multimodal data. By le-
veraging unlabelled raw sensor data, we shift the bottleneck
from expert human annotation to the simple acquisition of
raw data. To this end, we propose a self-supervised pretrai-
ning strategy based on JEPA [!], adapted specifically for
cross-modal alignment.

2.1 Cross-Modal JEPA Formulation

JEPA learns representations by predicting the latent repre-
sentation of a target view from a context view, entirely in
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FIGURE 1 — Cross-modal Latent Alignment via JEPA

feature space. This is a critical distinction from masked au-
toencoders (MAE) [ ] : predicting in latent space forces the
model to capture high-level semantic structures rather than
low-level pixel statistics, which is ultimately better suited
for downstream detection tasks.

We adapt JEPA to the cross-modal RGB-IR setting through
three main components : The Context Encoder processes
patches of the RGB image. Crucially, a large portion of
these RGB tokens are masked. The encoder’s objective is
to learn a compact visible-spectrum representation from
the remaining visible context. The Target Encoder receives
the corresponding, strictly aligned IR image. The weights
of the target encoder are an exponential moving average
(EMA) of the context encoder. This prevents representation
collapse and provides stable cross-modal latent targets. The
Predictor acts as the alignment mechanism. Taking the en-
coded RGB context and the positional embeddings of the
masked tokens, it is trained to predict the exact latent fea-
tures of the corresponding masked regions in the IR do-
main. The entire framework is optimized by minimizing the
Lo distance between the predictor’s output and the target
encoder’s representation.

2.2 Methodological Advantages for Embed-
ded Systems

Our proposed formulation directly addresses embedded li-
mitations : (1) Zero-annotation fusion : It relies solely
on co-registered RGB-IR pairs, completely eliminating the
need for bounding boxes or semantic maps during pretrai-
ning. (2) Lightweight design : By using a lightweight Vision
Transformer (ViT-Tiny) with approximately 5.7M parame-
ters, the backbone remains strictly compatible with embed-
ded hardware targets like low-power edge devices. (3) Do-
main Agnosticism : The SSL objective relies on structural
cross-modal correlation rather than class labels, theoreti-
cally allowing the network to be trained on diverse unla-
belled operational datasets (desert, jungle, urban) without
manual retagging.

3 Preliminary Proof of Concept &
Future Work

To validate our proposed methodology, we trained the
cross-modal JEPA on the LLVIP dataset [ -], which contains
over 15,000 aligned image pairs recorded in challenging
low-light conditions. We utilized a ViT-Tiny backbone with
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a patch size of 16 and a resolution of 224 X224, optimizing
the architecture over 450 epochs to ensure full convergence
of the self-supervised representations.

To evaluate the learned representation, we froze the pre-
trained encoder and attached a DETR (DEtection TRans-
former) head. Because DETR relies heavily on rich, global
feature sets for its bipartite matching algorithm, it serves
as an excellent probe for feature quality. At epoch 450,
our model reached a stable localization plateau (L, =~
0.051, IToU =~ 67.5%), proving that the cross-modal self-
supervised features capture the spatial geometry necessary
for object detection. However, a classification error of 60%
indicates that capturing fine-grained semantic distinctions
remains an ongoing challenge.

Open Research Directions : Building on these preliminary
insights, several methodological paths remain open : (1) In-
formation Saturation : The model likely saturates the se-
mantic information available in static LLVIP pairs. We plan
to implement aggressive cross-modal data augmentations to
synthetically expand the training distribution. (2) SSM Al-
ternatives : Investigating whether State-Space Models (e.g.,
VMamba) can replace ViT within the JEPA framework to
further reduce inference complexity for extreme embedded
targets. (3) Transferability : Evaluating whether this scene-
agnostic pretraining inherently transfers better to unobser-
ved operational environments compared to standard super-
vised baselines.

4 Conclusion

We proposed a self-supervised methodology using JEPA
to establish a shared RGB-IR semantic space without ma-
nual labels. By predicting IR latent features from masked
RGB contexts, the framework intrinsically aligns both mo-
dalities. Preliminary validation confirms stable geometric
feature extraction using a lightweight ViT-Tiny backbone.
Future work will refine semantic classification via cross-
modal augmentations and explore sub-quadratic SSM back-
bones to satisfy extreme embedded perception constraints.
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Résumé

Cet article présente CAESAR++, une approche pour
la détection d’objets routiers qui combine la prédiction
conforme, un raisonnement contextuel adaptatif et des
cartes de saillance a double couleur. CAESAR++ calibre
d’abord les incertitudes de classification et de localisation
au moyen d’une procédure conforme en deux étapes, puis
agrandit dynamiquement la fenétre de contexte autour de
chaque détection en fonction de son niveau d’incertitude,
et produit enfin des explications au niveau de [’objet
qui distinguent les indices sensoriels locaux des indices
contextuels. Les expériences montrent des gains constants
en précision, en calibration de !’incertitude et en stabilité
des explications, sans réentrainer les modeles de base.

Mots-clés

Intelligence artificielle explicable, détection d’objets
routiers, prédiction conforme, raisonnement contextuel.

Abstract

This paper introduces CAESAR++, a framework for
road object detection that combines conformal prediction,
adaptive contextual reasoning, and dual-color saliency
maps. CAESAR++ first calibrates classification and
localization uncertainty using a two-step conformal
procedure, then enlarges the context window around each
detection in proportion to its uncertainty, and finally
produces object-wise explanations that disentangle bottom-
up sensory evidence from top-down contextual cues.
Experiments indicate consistent improvements in detection
accuracy, uncertainty calibration, and explanation stability
without retraining the base models.

Keywords

Explainable artificial intelligence, road object detection,
conformal prediction, contextual reasoning.

1 Introduction

Reliable perception is a central requirement for autonomous
vehicles and advanced driver-assistance systems. In real-
world urban traffic, detectors must recognize and localize

This paper is a conference-length version of a manuscript submitted
to Neurocomputing (Elsevier), currently under review after revision.
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a variety of objects despite occlusions, adverse weather,
cluttered backgrounds and small apparent sizes. Recent
deep learning detectors have made considerable progress
[1], yet they often remain overconfident and brittle under
challenging conditions in real-world scenarios [”].

Two aspects are particularly critical for trustworthy
perception. First, the system should provide well-calibrated
uncertainty on both class labels and bounding boxes so
that downstream modules can take risk-aware actions.
Second, the system should expose human-understandable
explanations that reveal which visual cues drive each
detection, in order to support debugging and user trust [].
Existing approaches usually address these aspects
separately.  Uncertainty estimation methods, including
Bayesian approximations and ensembles [, 5], improve
calibration but rarely show how to act on the estimated
uncertainty. Conformal prediction provides distribution-
free coverage guarantees [0, /], and recent work has
adapted it to detection [¢, ©]. However, these methods are
often limited to reporting coverage statistics, without using
uncertainty to guide refinement or explanation.
Conversely, explanation techniques for object detectors
[10] usually rely on local visual features and fixed context.
Current systems often either waste computation on easy
cases or leave false detections unresolved.

This leads to a persistent gap between reliability and
explainability in safety-critical settings, where these two
capabilities are not fully unified within a single framework.
This work proposes CAESAR++, which extends our
previous context-aware explanation framework CAESAR
[/ 1] into an integrated system that:

— produces statistically valid uncertainty estimates on
labels and bounding boxes;

— uses these estimates to adapt the amount of contextual
information considered for each detection;

— generates dual-color saliency maps that clearly separate
local features from contextual reasoning;

Although the proposed methodology is mainly designed
for urban road scenes with complex interactions and
challenging conditions, we also evaluate its generalization
on diverse datasets under controlled out-of-context settings
to demonstrate its robustness beyond the target domain.
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Figure 1: Overview of CAESAR++ main contributions. Top row: baseline detections in challenging urban conditions, with
missed or mislocalized objects. Middle row: corresponding refined detections produced by adaptive contextual reasoning.
Bottom row: dual-color saliency maps where red highlights sensory evidence and blue highlights contextual cues.

Contributions. The main contributions are as follows: coverage guarantees under mild assumptions [0, /]. Recent
— A detector-agnostic pipeline that combines a two-step works adapt conformal prediction to object detection [, “],
conformal prediction procedure [¥] with context-driven with separate calibration of classification and localization.
refinement for road object detection. These studies mainly focus on coverage metrics and

interval width, and do not exploit uncertainty to steer

— An end-to-end contextual reasoning mechanism that .
context usage or explanation.

adaptively expands the spatial window around each

detection proportionally to its calibrated uncertainty. Explainability for detectors. Gradient-based explanation
— A dual-color saliency scheme based on Grad-CAM++ methods such as Grad-CAM and Grad-CAM++ [, 1],
[, 17] that disentangles bottom-up cues from top- and perturbation-based approaches such as RISE [ ], have
down context, providing instance-wise explanations become standard for visualizing the internal reasoning of
with improved visual clarity. convolutional networks. Several extensions build object-

specific saliency maps for detectors [!°, , 7], and
human attention has been proposed as an additional signal
[1©]. These works considerably improve instance-level
interpretability, but largely treat all detections in the same
manner and use fixed context ranges. As a result,
explanations can become noisy on ambiguous cases and
waste computation on very confident detections.

Figure 1 illustrates consistent improvements obtained by
CAESAR++ over a baseline detector in challenging scenes.
Overall, the framework enhances detection performance
while also making the decision process more transparent.

The rest of the paper is organized as follows. Section 2
reviews related work. Section 3 presents the CAESAR++
framework. Section 4 reports the main experimental results.
Section 5 provides additional insights and implications.

. - Contextual reasoning and computation strategy. Human
Section 6 concludes the paper and outlines future work.

observers strongly rely on scene context when local

2  Related work evidence i.s insufﬁcj'ient [19]. Modem detect0r§ incorporate

context via attention mechanisms and relation modules
Uncertainty in object detection. Uncertainty estimation [20, 21], which improves robustness in cluttered scenes.
is essential to detect overconfident errors in safety-critical In parallel, dynamic computation strategies adjust the
applications. Bayesian formulations and dropout-based amount of processing to the difficulty of the input [*7, 2 *].
approximations [*] offer principled tools to estimate However, most context modules are integrated into the
epistemic and aleatoric uncertainty, while deep ensembles detector architecture and require retraining. CAESAR++
provide strong empirical calibration [5].  Conformal instead provides a detector-agnostic, post-hoc mechanism
prediction offers an alternative that yields finite-sample that triggers context expansion and refinement.
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Figure 2: Overall CAESAR++ pipeline showing the successive stages from initial detection (yellow) to uncertainty estimation
(red), contextual refinement (blue), and post-hoc explainability (green). The detector first generates predictions; conformal
calibration then produces uncertainty scores that guide adaptive context expansion using semantic segmentation; the refined
patch is reprocessed, and dual-color saliency maps are finally generated. Numbered images illustrate corresponding steps.

3 CAESAR++ framework

Figure 2 summarizes the end-to-end workflow of our
proposed method. The following subsections provide a
detailed description of each main component in turn.

3.1 Context modeling from segmentation

CAESAR++ builds on the context computation strategy
introduced in our prior work CAESAR [!!]. To model
the typical contextual environment associated with each
road object category, we employ a lightweight semantic
segmentation network tailored to our use case. Specifically,
we use DeepLabV3+ [7/] with a MobileNetV2 backbone
[25], pretrained on MS COCO and fine-tuned on Cityscapes
[76]. The model is evaluated on selected images from TJU-
DHD-Traffic [* 7], BDD100K [”*], and Pascal VOC [2"].
For each instance of a road object class, we define a local
window centered at its centroid and count the distinct
semantic classes intersecting this window. The resulting
counts are normalized over the dataset, and for each
road object category we retain the most frequent context
classes as well as co-occurring road objects. Table |
reports the resulting context sets. Road objects themselves
are also considered as potential context for other road
objects, reflecting the structured nature of traffic scenes
[19]. This design deliberately focuses on meaningful in-
domain context modeling, rather than on out-of-distribution
scenarios beyond the scope of this work.

3.2 Two-step conformal calibration

For each image in a calibration set, the base detector outputs
candidate bounding boxes and class probabilities. Based
on the procedure adopted by [“], CAESAR++ derives
nonconformity scores for labels and bounding boxes and
computes empirical quantiles that will be used at test time.
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Table 1: Relevant context classes for each road object
category. Context categories are indicated in italics and co-
occurring road objects are underlined.

Road Object Relevant Classes

Person road, sidewalk, pole, person, rider, bicycle
Rider road, sidewalk, wall, rider, bicycle, motorcycle
Car road, traffic sign, pole, person, rider, car
Truck road, traffic light, building, car, truck, bus

Bus road, traffic sign, building, car, truck, bus
Tram road, fence, vegetation, person, car, bicycle
Motorcycle road, wall, building, person, rider, motorcycle
Bicycle road, sidewalk, wall, person, rider, bicycle

For labels, the nonconformity score is defined as one minus
the predicted probability of the true class. The empirical
quantile at level (1 — «) defines a threshold; at test time,
the conformal label set for a given detection contains all
classes whose complement probability does not exceed this
threshold, to yield marginal coverage guarantees on labels.

For bounding boxes, we use conformalized quantile
regression [(], where each coordinate is predicted with
lower and upper quantiles, and the nonconformity score
is defined as the largest deviation outside this predictive
interval. The corresponding quantile then determines a
symmetric expansion of the predicted box, yielding a
conformal prediction set for localization.

To drive context adaptation, CAESAR++ introduces a
normalized uncertainty score u in [0,1] by aggregating
label and box nonconformity, which is then used to
derive the adaptive threshold for context expansion. Low
values indicate confident detections, whereas high values
correspond to ambiguous cases.
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Object-specific explanations

Figure 3: From left to right: baseline detections, refined detections with CAESAR++, and dual-color explanations for
individual objects. Red indicates sensory evidence, blue indicates contextual support. Uncertainty scores omitted for clarity.

3.3 Adaptive context selection

Given the conformal outer box and the normalized
uncertainty score of a detection, CAESAR++ determines
how much surrounding context should be incorporated.
Confident detections are left unchanged, whereas uncertain
ones are reprocessed with a larger contextual region.

The context window is expanded using a simple linear rule
that progressively enlarges the region from the outer box
toward the full image as uncertainty increases. This choice
provides a direct and monotonic relationship between
uncertainty and context expansion, while remaining easy to
interpret and free of additional hyperparameters. We also
evaluated nonlinear mappings, but we retained the linear
formulation for its simplicity and stable behavior.

To avoid unnecessary reprocessing, CAESAR++ further
relies on a data-driven certainty criterion derived from the
recent distribution of uncertainty scores [*!]. Detections
whose uncertainty falls below a low adaptive threshold
are processed directly with the original box, while the
remaining detections undergo contextual enhancement.
Within the selected region, semantic masks preserve the
relevant classes listed in Table | and suppress irrelevant
areas before the refined patch is fed back to the detector.

3.4 Dual-color saliency maps

To explain individual detections, CAESAR++ constructs
two complementary saliency maps per object using Grad-
CAM++ [ 7, | 7] as the baseline approach.

A bottom-up map is obtained by applying Grad-CAM++
to the original detection without context expansion. It
captures the direct sensory evidence for the prediction. A
second map is computed for the refined detection after
context refinement. The difference between the refined and
original maps highlights top-down contextual cues.
Bottom-up saliency is visualized in red and top-down
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contribution in blue. For detections classified as certain,
only the bottom-up component is displayed, smoothed
by a Gaussian kernel [”] to enhance spatial coherence.
For uncertain detections, both components are shown,
providing a clear view of how context modifies the decision.
As illustrated in Fig. 3, this representation improves
interpretability over the initial detector output. It offers
a compact and informative view of the interplay between
appearance and context, helping to understand both the
detection update and the underlying decision mechanism.

4 Results

4.1 Experimental setup

We evaluate CAESAR++ on three datasets: TJU-DHD-
Traffic [77], BDDIOOK [’%] and Pascal VOC 2012
[79]. Each contributes 5000 validation images. TJU-
DHD-Traffic contains diverse driving scenes with strong
environmental variations. BDD100K covers dense urban
environments. Pascal VOC includes a broader set of scenes
and objects, which is less specific to driving but useful to
test generalization across various scenarios.

We consider six detectors representing one-stage, two-stage
and transformer-based paradigms, including YOLOv8m
[©°], IA-YOLO [:], EfficientDet-D4 [*°], L-SSD [:0],
RT-DETR-RS50 [ 7], and Faster R-CNN [*©]. CAESAR++
is applied as a post-processing module without retraining.
Detection performance is measured with mAP@0.5:0.95
and mAP@0.5, false negative rate (FNR), false discovery
rate (FDR), Fl-score and frames per second (FPS).
Uncertainty quality is assessed through label and
box coverage and mean prediction interval width [7].
Explanations are evaluated with Deletion and Insertion
metrics [/+], the Energy-Based Pointing Game (EBPG)
[©“], and Average Stability (AvgS) for robustness [/(].
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Table 2: Detection results comparison on TJU-DHD-Traffic validation set with and without CAESAR++ (95% CI). Metrics
reported: mAP@0.50:0.95 (1), mAP@0.5 (1), False Negative Rate (FNR, |), False Discovery Rate (FDR, |), F1-Score (1),

and FPS (7). Better results are bolded.

Detector brief description Method mAP@0.50:0.95mAP@0.5 FNR | FDR | F1-Score 1 FPS 1
One-stage. anchor-based (1) YOLOvV8m 50.8 £ 1.4 73.4+1.5 8.24+0.8 7.8+0.5 782+ 1.7 58.1 £0.6
£, (1) + CAESAR++ 53.7 £ 0.7 79.1 £ 0.8 48 £ 04 42403 82.9 + 0.7 52.8 £1.8
One-stage, anchor-based, (2) IA-YOLO 52.2+1.2 75.1+1.4 51408 54+0.7 80.5 + 1.7 79.7+1.2
image adaptive processing (2) + CAESAR++ 54.8 £ 0.8 80.3 £ 0.7 27+£03 22+0.2 84.7 £ 0.8 75.8 +2.1
One-stage, (3) EfficientDet-D4  52.5 £ 1.1 75.8 £0.9 72407 49405 80.8 +1.2 35.8+0.5
EfficientNet architecture (3) + CAESAR++ 554+ 0.7 81.2+ 0.5 43+04 2.1+03 84.1 +0.5 321+1.1
One-stage, anchor-based, (4) L-SSD 46.9+1.0 71.4£0.8 8.7+ 0.6 49405 76.9 £0.8 99.94+0.7
lightweight (4) + CAESAR++ 50.4 + 0.6 771+ 04 54+04 2.8 +0.2 80.3 + 04 94.3+1.6
Transformer-based, real-time (5) RT-DETR-R50 51.24+0.9 73.8£0.8 6.9+0.6 4.8+04 81.44+1.0 68.3+ 1.6
end-to-end (5) + CAESAR++ 535+ 0.5 77.0 + 04 43+04 22403 84.2 + 0.6 66.1 +2.1
Two-stage, region proposal (6) Faster R-CNN 53.4+0.4 75.4£0.5 4.7+04 42+0.3 82.3+0.7 9.8+0.2
networks (6) + CAESAR++ 56.6 + 0.2 80.9 + 0.3 21+0.2 1.3+0.2 86.2 + 0.4 74408

Table 3: Accuracy gains in mAP@0.50:0.95 after applying CAESAR++ on YOLOv8m across object sizes and eight road
object classes in cross-dataset validation. Object sizes are stratified following the COCO challenge. Values are mean +

standard deviation in percentage points.

Train Test Small Medium Large Person

Rider

Car Truck Bus Tram M.cycle Bicycle

TJU-DHD
TJU-DHD
PascalVOC
PascalVOC
BDD100K
BDDI100K

PascalVOC
BDDI100K
TJU-DHD
BDDIOOK 4.0+£0.7
TJU-DHD 5.5+0.6
PascalVOC 4.7+0.6

5.1+0.6
5.9£0.5
3.6£0.7

3.0£0.4
3.8£0.4
2.3£0.5
2.5£0.5
4.24+0.4
2.8£0.4

1.1+0.3
1.44+0.2
0.9£0.3
0.9£0.3
1.3+0.2
1.1+0.2

4.3+0.5
5.2+0.4
3.6£0.5
3.8£0.6
5.0+£0.4
3.9+0.5

3.91+0.6
4.5+0.5
3.5£0.6
3.7£0.5
4.440.5
3.9£0.6

3.4+£04
3.8+£0.3
3.1£04
3.3£0.4
3.8+£0.3
3.4+£04

1.8+0.4
2.0£0.3
1.5+0.5
1.6+0.5
1.94+0.3
1.8£0.5

1.7£0.3
1.940.2
1.44+0.4
1.44+0.4
1.84+0.3
1.7+0.3

0.7£0.3
0.8£0.2
0.3£0.1
0.4£0.1
0.8£0.2
0.5+0.3

5.2£0.7
6.3£0.6
4.7£0.7
4.8£0.7
6.1£0.6
5.14+0.7

5.44+0.8
6.4£0.6
4.6£0.8
4.8+£0.7
6.2£0.6
5.3+0.7

4.2 Detection performance

Table 2 presents results on TJU-DHD-Traffic for a subset
of detectors, with and without CAESAR++. In all cases,
CAESAR++ improves mAP and reduces both FNR and
FDR. The gain in mAP@0.5:0.95 reaches about three
percentage points for some detectors, and the reduction in
FNR and FDR often exceeds fifty percent relative.

An important trend is that FDR often decreases nearly as
much as FNR. This suggests that CAESAR++ is effective
at suppressing uncertain false alarms by incorporating
semantically relevant context, while still reducing missed
detections. In safety-critical road perception, this is a
desirable trade-off: fewer false positives improve reliability,
and fewer false negatives better support safe navigation.
From a deployment perspective, the computational cost
remains moderate because only uncertain detections are
reprocessed. As a result, the FPS drop is limited for
the one-stage and transformer-based detectors, whereas
Faster R-CNN remains the computational bottleneck in
absolute terms due to its inherently heavier design. The
additional computation depends on the proportion of
uncertain detections. Detectors with stronger baselines
generate fewer uncertain cases and therefore incur smaller
slowdowns. In most configurations CAESAR++ maintains
real-time performance of the base models, for example
more than 70 FPS with IA-YOLO.

Cross-dataset experiments with YOLOv8m (Table 3) show
that the largest gains are achieved for small objects
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and for classes such as pedestrians, riders, bicycles
and motorcycles, which are both critical for safety and
particularly difficult to detect. This is consistent with
the fact that small instances provide limited appearance
evidence inside the original bounding box, so neighboring
structure becomes more valuable for disambiguation.

4.3 Visual explanations

Figure 3 shows qualitative examples with YOLOv8m. The
baseline detector misses several objects and sometimes
misplaces bounding boxes. After CAESAR++ refinement,
detections are more accurate, and the dual-color visual
explanations reveal which parts of the image support each
decision. Red regions capture the object appearance itself,
whereas blue regions highlight contextual structures such
as road, sidewalks or nearby vehicles. This separation is
particularly useful when local appearance is weak, because
it makes explicit how contextual information helps resolve
ambiguity caused by occlusion, clutter, or low contrast.
Table 4 quantitatively compares CAESAR++ with three
object-specific peer explainers [ 5, |0, | /] across detectors.
The reported metrics capture complementary aspects of
explanation quality. Insertion measures how much the
detector score increases as salient pixels are progressively
revealed, Deletion measures how quickly the score
decreases as they are removed, EBPG evaluates spatial
alignment with the ground-truth bounding box, and AvgS
assesses the stability of explanations under perturbations.
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Table 4: Comparison of object-specific explainers on TJU-DHD-Traffic with YOLOv8m, Faster R-CNN and RT-DETR-R50.
Metrics: Deletion (Del., |), Insertion (Ins., 1), EBPG (1), AvgS ({). The best result for each metric is in bold.

Method \ YOLOvV8m \ Faster R-CNN \ RT-DETR-R50

| Del Ins. EBPG AvgS | Del Ins. EBPG AvgS | Del Ins. EBPG AvgS
D-RISE 0.22 0.54 0.51 0.13 0.21 0.57 0.51 0.13 0.24 0.54 0.47 0.15
D-CLOSE 0.19 0.55 0.55 0.11 0.21 0.66 0.78 0.16 0.22 0.56 0.55 0.12
D-MFPP 0.22 0.58 0.64 0.09 0.18 0.63 0.69 0.09 0.18 0.57 0.59 0.10
CAESAR++ 0.21 0.65 0.62 0.08 0.17 0.69 0.71 0.07 0.19 0.64 0.56 0.09

CAESAR++ achieves the best Insertion and AvgS results,
showing that its explanations consistently identify decision-
relevant regions and remain reliable under small input
changes. Its Deletion scores are also competitive, which
indicates that the highlighted areas are not only visually
meaningful but also influential for the detector response.
The slightly lower EBPG values are consistent with the
design of CAESAR++. Unlike other methods that restrict
explanations to the object interior, CAESAR++ is explicitly
context-aware and may attribute part of the decision to
surrounding structures when they help disambiguate the
detection. This is not a limitation of the method, but
a reflection of the fact that road-object recognition often
depends on scene context, especially for uncertain, partially
occluded, or small instances.

As aresult, CAESAR++ provides explanations that are less
box-constrained but more informative and interpretable,
since they expose both what the detector directly sees and
how context changes the final decision.

5 Discussion

CAESAR++ is particularly effective in urban driving
scenes, where the semantic relationships learned during
context modeling remain representative of the scene at test
time. In this setting, the uncertainty score serves as a
meaningful indicator of ambiguity, the adaptive window
retrieves relevant surrounding cues, and the explanation
branch makes the contribution of context explicit. This
behavior matches the intended design of the framework,
which is to exploit regular scene structure in order to
improve both detection reliability and interpretability, while
remaining fully compatible with the underlying detector.
Its behavior is less favorable when the scene departs from
the semantic prior encoded during context construction. In
out-of-distribution or unusual situations, uncertainty may
still increase, but the contextual evidence available in the
enlarged window may be incomplete or poorly aligned with
the expected traffic pattern. In such cases, the refinement
stage is triggered on weaker contextual support, and the
improvement in detection or explanation quality may be
limited. This is an inherent consequence of the method’s
design, which targets structured road scenes rather than
open-world conditions with unsupported semantics.

A second potential limitation arises in sparse scenes or
in configurations where informative cues lie outside the
adaptive crop. In such cases, the method may still detect
ambiguity correctly, but the expanded region does not
necessarily provide enough additional semantic evidence to

87

justify the extra computation. This leads to a diminishing
return effect, where refinement is correctly triggered but the
contextual gain remains limited. For this reason, in latency-
sensitive deployment scenarios, contextual reprocessing
should be applied selectively, for instance by capping
the number of refined detections or by restricting the
mechanism to the object classes for which context is most
informative and operationally relevant.

Regarding the balance between error types, the framework
lowers both false negatives and false discoveries, but not
always to the same extent. In real-world perception, this
trade-off should be interpreted in light of the downstream
application: missed detections are generally more critical
than occasional false alarms, especially for vulnerable road
users. As a result, the operating point should be chosen
according to the target system requirements, with priority
given to recall when safety is the primary concern. The
latency overhead introduced by CAESAR++ is therefore
acceptable when a moderate increase in computation is
compatible with the application, but it should be managed
carefully in real-time deployments.

6 Conclusion and perspectives

This paper presented CAESAR++, a detector-agnostic
framework for road object detection that jointly addresses
uncertainty quantification, adaptive contextual reasoning
and visual explainability. By coupling a two-step conformal
prediction with context-aware refinement and dual-color
saliency maps, CAESAR++ improves detection accuracy,
calibrates uncertainty and yields robust, plausible, and
interpretable explanations. Experiments across multiple
detectors and datasets show consistent gains, especially for
small and difficult objects, with reasonable cost.

Future work will focus on reducing computational
overhead through lighter segmentation backbones, single-
pass refinement without re-detection, and more selective
contextual expansion. We also plan to explore online
recalibration and adaptive preprocessing to reduce reliance
on segmentation in atypical scenes, while extending the
framework to stronger domain shifts and related tasks such
as instance segmentation and tracking.
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Résumé

L’analyse dynamique de [’écriture est essentielle pour
I’évaluation de la dysgraphie, mais les tablettes graphiques
ne capturent que les mouvements proches de la surface.
Nous proposons une preuve de concept visant a détecter
les levés de stylo a partir de vidéos en vue de dessus.
L’approche repose sur une chaine de traitement hybride
combinant suivi de pointe du stylo, descripteurs cinéma-
tiques multi-échelles et classification supervisée. Evaluée
en Leave-One-Video-Out, la méthode atteint un score Fs
de 0.805, suggérant que I’analyse vidéo constitue un com-
plément pertinent et peu coiiteux aux dispositifs existants.

Mots-clés

Analyse de [’écriture manuscrite, Vision par ordinateur,
Suivi de stylo, Cinématique, Dysgraphie, Santé numérique.

1 Introduction

Le diagnostic de la dysgraphie repose notamment sur
I’échelle BHK [!], fondée sur I’analyse statique de 1’écri-
ture, sans acces a la dynamique du geste, pourtant essen-
tielle pour caractériser le contrdle moteur. Les tablettes nu-
mériques capturent ces informations, mais restent limitées
aux mouvements proches de la surface [’], excluant les le-
vées de grande amplitude potentiellement informatives [].
Nous proposons d’explorer la vision par ordinateur comme
modalité complémentaire. A partir de vidéos en vue de des-
sus, nous évaluons dans une approche de preuve de concept,
la capacité d’une chaine de traitement hybride a détecter les
états de contact (Pen-Down) et de levé (Pen-Up). Une ver-
sion étendue de ce travail est disponible [*].

2 Méthode

2.1 Collecte de données et annotation

Cing vidéos d’écriture manuscrite ont été extraites de
YouTube ', couvrant divers styles (cursive, script), stylos
(pointes fines/épaisses, encres bleue/noire) et supports (in-
terlignes variables). Le jeu de données ainsi créé compre-
nait 13507 images apres échantillonnage a 30 fps, d’une
résolution de 1080p. Chaque frame a été annotée de fa-

1. DorufaVSArt, https://www.youtube.com/@DorufaVSArt
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con binaire par 3 évaluateurs indépendants en Pen-Down
ou Pen-Up, en excluant les images non informatives, attei-
gnant un accord inter-juges de 89 % et un coefficient Kappa
de Fleiss de 0, 78. Apres agrégation via soft labelling, on
comptait 28,7 % d’images étiquetées Pen-Up.

2.2 Métrique d’évaluation

Le score F5 dans la détection des évenements Pen-Up a
été choisi comme la métrique prioritaire, afin de privilégier
des modeles sensibles avec un rappel élevé plus adaptés en
contexte de dépistage.

2.3 Chaine de traitement en quatre étapes

L’approche proposée, illustrée Figure |, repose sur une
chaine de traitement hybride séparant explicitement la lo-
calisation de la pointe du stylo et I’inférence de son état.

1. Suivi de la pointe du stylo. La position de la pointe
(u, v) a été estimée image par image a I’aide du modele de
détection d’objets YOLOv11m, selon un protocole Leave-
One-Video-Out. Le modele a atteint une erreur médiane de
3,28 px (P95 : 7,44 px), avec 77,7 % des prédictions < 5
px et 99,2 % < 10 px, permettant d’obtenir une trajectoire
fiable, y compris lors de mouvements rapides ou de levés
importants comme 1’illustre la Figure 2.

2. Extraction de caractéristiques cinématiques. A partir
des coordonnées (u,v), 147 descripteurs cinématiques ont
été extraits, comprenant notamment des caractéristiques lo-
cales multi-échelles (fenétres glissante de 3 a 16 images) de
linéarité, de variabilité angulaire et de variations de vitesse,
ainsi que des descripteurs globaux (inclinaison moyenne,
vitesse normalisée) tenant compte du style d’écriture.

3. Classification supervisée. Random Forest, HistGBM,
LightGBM ainsi qu’une approche par Ridge stacking ont
été entrainés et évalués selon le protocole Leave-One-
Video-Out, afin de maximiser la F> des probabilités Ppen.up
par image, incluant une optimisation des hyperparametres
via la librairie Optuna (totalisant 100 essais par modele).

4. Post-traitement événementiel. Les probabilités frame
par frame ont été converties en segments temporels (éve-
nements Pen-Up et Pen-Down) grice a un post-traitement
combinant : (i) un lissage par hystérésis pour stabiliser les
transitions, (ii) un filtrage morphologique pour supprimer
les détections bruitées, et (iii) un alignement cinématique.
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. . Etape 4 :
Etape 1 : Etape 2 : Etape 3 : Optimisation au niveau
Suivi de la pointe du stylo Extraction de caractéristiques Entrainement du modéle des événements
YOLOv11 : Détection de la pointe du >!\'lu] [Czu‘z\ct(‘risriq\lm locales : Linéarité, Vinww] [Cl;\csiﬁrur : Random Forest / HistGBM / I.igh(GB.\l]
Trajectoire(u, v) [('-,uv,.m’».-i,niqum globales : Inclinaison, Ligne de base [Pml);\luliu’\ image par image Ppm,,lv,,l Filtre morphologique

Alignement sur la vitesse

Prédictions au niveau
des événements

FIGURE 1 — Chaine de traitement hybride pour la détection du contact du stylo en vidéos d’écriture manuscrite vues de dessus.
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FIGURE 2 — Visualisation de la trajectoire du stylo détectée
par Yolovl1lm (Bleu : Pen-Down, Rouge : Pen-Up, vitesse
codée en intensité)

3 Résultats

L’évaluation a été réalisée au niveau événementiel, afin de
détecter des segments de levé de stylo plutdt que des prédic-
tions image par image. Plusieurs tolérances temporelles de
décalage entre prédiction et annotation ont ainsi été testées
(0 a 20 frames). Les meilleures performances ont été obte-
nues via les modeles de type gradient boosting. A une to-
lérance de 12 images (= 400 ms, durée considérée comme
cliniquement pertinente pour les pauses en écriture [°]), le
modele LightGBM a atteint un score F5 de 0,805 avec un
rappel de 0, 880. La Figure 3 illustre I’évolution du rappel et
du score F» en fonction de la tolérance temporelle. L’ aug-
mentation de cette tolérance améliorait les performances,
en particulier a faible valeur (< 5 frames). Les gains ob-
servés entre 10 et 12 images étaient quant a eux limités,
suggérant un plateau de performance.

Rappel vs Tolérance temporelle F3 vs Tolérance temporelle

o | Lo
0 2 4 6 8 10 12 14 16 18 20
Tolérance temporelle (frames)

0 2 4 6 8 10 12 14 16 18 20
Tolérance temporelle (frames)

[— HistGBM == LightGBM Random Forest == Ridge stacking ‘

FIGURE 3 — Rappel et Score F5» en fonction de la tolérance
pour les quatre modeles évalués.

4 Discussion

Cette étude démontre la faisabilité de la détection des états
Pen-Up a partir de vidéos en vue de dessus, comme com-
plément potentiel aux tablettes numériques, en se basant sur
des descripteurs cinématiques interprétables, plus adaptés a
un contexte clinique, et pouvant se révéler de potentiels in-
dicateurs du geste d’écriture pour les professionels de santé.
Limites et perspectives. Le jeu de données réduit limite la
généralisabilité des résultats. Par ailleurs, 1’ utilisation d’une
seule caméra ne permet pas d’estimer directement la hau-
teur du stylo, les états Pen-Up étant inférés a partir de la pro-
jection dans le repere de la caméra. Des approches multi-
vues pourraient permettre d’accéder a cette information.

5 Conclusion

Ce travail démontre la faisabilité d’une analyse cinématique
de I’écriture manuscrite par vidéo. En permettant le suivi de
la trajectoire au-dela de la surface d’écriture, cette approche
ouvre la voie a une caractérisation des dynamiques scriptu-
rales, avec des applications en évaluation de la dysgraphie.
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Résumé

La segmentation sémantique dans des scénarios de
conduite réels est particulierement difficile en raison
de la dégradation des capteurs, des pannes et des
conditions environnementales changeantes. Bien que la
fusion multimodale soit une solution couramment utilisée,
de nombreuses approches existantes traitent toutes les
modalités de maniere équivalente, en ignorant leur fiabilité
variable selon les classes sémantiques et les conditions.
Dans cet article, nous présentons ReCoLaF (Reliability-
aware Conflict-guided Late Fusion), un nouveau cadre
de fusion profonde pour la segmentation sémantique
multimodale en présence d’incertitude. ReCoLaF ajuste
de maniere adaptative la contribution de chaque modalité
de capteur grdce a une stratégie de pondération en deux
étapes : un module de fiabilité appris, spécifique aux
classes, qui estime la pertinence de chaque modalité pour
différentes classes sémantiques, ainsi qu’un ajustement
basé sur le conflit qui mesure les incohérences locales
entre modalités au niveau du pixel.  La fusion est
formulée dans le cadre de la théorie de ['évidence de
Dempster-Shafer, offrant une approche mathématiquement
fondée pour gérer lincertitude et produire des prédictions
robustes.  Nous évaluons ReCoLaF sur les jeux de
données DeLiVER (synthétique) et MUSES (réel) dans
diverses conditions météorologiques et configurations de
capteurs dégradés. ReCoLaF obtient systématiquement
de meilleures performances moyennes en présence de
défaillances de capteurs, mettant en évidence l’intérét de
modéliser conjointement la fiabilité sémantique et I’accord
inter-modalités pour une fusion robuste dans des scénarios
de conduite complexes.

Mots-clés

Segmentation — sémantique, Fusion  multimodale,
Dégradation des capteurs, Théorie de Dempster-Shafer,
Conduite autonome.

Abstract

Semantic segmentation in real-world driving scenarios
is particularly challenging due to sensor degradation,
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failures, and changing environmental conditions. While
multimodal fusion is a common solution, many existing
approaches treat all modalities equally, ignoring their
varying reliability across semantic classes and conditions.
In this paper, we present ReCoLaF (Reliability-aware
Conflict-guided Late Fusion), a novel deep fusion
framework for multimodal semantic segmentation under
uncertainty. ReCoLaF adaptively adjusts the contribution
of each sensor modality through a two-stage weighting
strategy: a learned class-wise reliability module that
estimates how relevant each modality is for different
semantic classes, and a conflict-based adjustment that
measures local inconsistencies between modalities at the
pixel level. The fusion is formulated within the Dempster-
Shafer theory of evidence, providing a mathematically
grounded approach to handle uncertainty and make
robust predictions. We evaluate ReCoLaF on the
DeLiVER (synthetic) and MUSES (real-world) datasets
under diverse weather conditions and degraded sensor
configurations. ReCoLaF consistently achieves higher
average performance under sensor failures, highlighting
the benefit of jointly modeling semantic reliability and
inter-modality agreement for robust fusion in complex
driving scenarios.

Keywords

Semantic  segmentation, Multimodal fusion, Sensor
degradation,  Dempster-Shafer  theory,  Autonomous
driving.

1 Introduction

Semantic segmentation is a critical component of

environment perception in autonomous driving systems.
However, performance can be significantly degraded in
real-world scenarios due to both external and internal
factors. Externally, the driving scene is often unstructured,
with occlusions, object truncations, and variable weather
conditions such as rain, fog, or snow. Illumination changes
from day to night or reflections further complicate scene
understanding. Internally, perception sensors have inherent
limitations: cameras provide rich color and texture but
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are sensitive to lighting; LiDAR and radar are robust
to illumination but have lower resolution; event cameras
handle motion and lighting variations well but lack color
information. Moreover, sensor failures or degradation
can occur during deployment, making the need for robust
perception ever more pressing.

To overcome these challenges, multimodal sensor fusion
is widely used to integrate complementary information
and to improve the robustness of perception systems.
Recent deep learning-based fusion architectures show high
results. They combine modalities at various stages using
operations such as concatenation, addition, ensembles or
mixtures of experts [¢]. These methods have been applied
to object detection, road segmentation, and semantic
scene understanding [!, ”!]. More recently, evidential
deep learning has been introduced to model uncertainty
explicitly in multimodal fusion [20), | 0]. Based on evidence
theory, these models provide extended mechanisms for
uncertainty handling and more informed fusion strategies.
In real-world driving scenes, different modalities are not
equally informative for all object classes. For instance,
LiDAR may perform better for detecting structures, while
RGB excels at recognizing signs or road markings.
Moreover, in degraded settings—such as fog or partial
sensor failure—some modalities become unreliable or
even detrimental. To address this, robust fusion
should dynamically adjust modality contributions based
on their relevance and consistency. In this work, we
propose an evidential deep fusion framework for semantic
segmentation that adaptively fuses multiple modalities
by jointly modeling both modality-specific class-level
reliability and inter-modality conflict.

The organization of this paper is as follows. Section
2 reviews related work in semantic and multimodal
perception, with a focus on recent approaches to evidential
fusion and sensor-aware modeling. Section 3 introduces
the fundamentals of evidence theory as the underlying
framework for our evidential reasoning.  Section 4
presents our proposed architecture, ReCoLaF, detailing
its four main components: evidential encoder-decoders,
sensor reliability estimation, conflict-based adjustment, and
evidence fusion. Section 5 describes the experimental
setup, datasets, and implementation details, followed by a
thorough evaluation of our method across various sensor
combinations and conditions. We conclude the paper in
Section 6 with a summary of contributions and directions
for future research.

2 Related work

Robust and accurate scene understanding can be critical
under diverse and often challenging environmental
conditions. Single-modality sensors, such as RGB
cameras, LiDAR, and radar, each offer unique advantages
—color and texture, precise depth, and weather resilience,
respectively— but also exhibit limitations when faced
with low visibility, adverse weather, or sensor degradation.
To address these challenges, multimodal perception
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integrates complementary information from multiple
sensors, enabling perception systems to compensate for
the weaknesses of individual modalities and improving
performance in tasks such as detection, segmentation,
localization, and navigation. Early efforts focused on
enhancing LiDAR-based 3D detection with RGB data,
supported by benchmark datasets like KITTI [Y] and
nuScenes []. However, these lacked coverage of adverse
conditions. Fusion strategies have evolved from fixed
dual-modality combinations to flexible RGB-X fusion
frameworks capable of handling arbitrary modality
sets. Recent methods such as CMNeXt [7%] employ
modular attention-based architectures, while approaches
like StitchFusion [!3] explore large-scale pre-trained
backbones and modality-specific encoding.

While these works enhance perception in challenging
environments, they typically fuse sensor inputs uniformly
and do not explicitly model the reliability or contextual
relevance of each modality. To address this, Huang et
al. [1 1] proposed a fusion framework under the Dempster-
Shafer theory that introduces contextual discounting based
on class-specific reliability estimation for each modality.
This approach adjusts the influence of each sensor
depending on its expected semantic reliability, allowing
more informed evidence fusion. Other approaches
have explored how inter-sensor disagreement can guide
adaptive fusion. Deregnaucourt et al. [5] introduced
ECoLaF, a conflict-guided fusion framework that discounts
modality contributions based on local disagreement
with other modalities. = ECoLaF demonstrated strong
robustness in degraded conditions by dynamically adjusting
trust in each sensor at the pixel level. In parallel,
CAFuser [?] explored environmental condition-aware
fusion mechanisms, enabling models to adapt to external
factors such as fog, rain, or night-time illumination, rather
than relying solely on the sensor signal itself.

In this work, we propose a novel and robust evidential
fusion framework that unifies the strengths of both
contextual and conflict-guided discounting. Specifically,
we estimate sensor reliability per class to discount mass
functions semantically, and subsequently apply a conflict-
guided discounting step to account for disagreement across
modalities at the spatial level.  This two-stage trust
modeling mechanism allows our model to reason both
about the expected utility of each sensor and its consistency
with others, enabling robust and adaptive multimodal
segmentation under uncertain or degraded conditions.

3 Evidence Theory Basics

Evidence theory, or Dempster-Shafer theory, is a formalism
for representing, reasoning and making decision under
uncertainty [/9]. Two major uncertainty types can be
distinguished: it is known to be aleatory when due to
process randomness and can not be reduced. @~ When
uncertainty rises from a lack of knowledge, it is epistemic.
This form of uncertainty can be limited by acquiring
additional information.
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Figure 1: ReCoLaF architecture. Each modality is associated to an independent evidential encoder-decoder, which outputs
mass functions. The mass functions of each modality are first discounted on the basis of their reliability and then on the basis
of their respective conflict. The discounted mass functions are then fused and converted into probabilities to make a decision.

3.1 General definitions

Let Q = {w1, w2, ws, ..., w, } be the Frame of Discernment
(FoD). Q is the finite set of mutually exclusive and
exhaustive elements called singletons. Singletons are of
single cardinality. A Basic Belief Assignment is a mass

function m : 2% — [0,1] that satifies the following
constraints:

m(0) =0 (1

> om(4) =1 )

Aeg2®

where 24 is the power set of  defined as follows:

2°={0, {w1},..., {wn}, {w1,wa}, {wi,w3},...,Q} 3)

For clarity and coherence purpose, m will be called a mass
function in the following sections. For any subset A € 2,
m(A) is bounded between 0 and 1. The quantity m(A)
measures the belief that one commits exactly to hypothesis
A (i.e., the true answer to a certain question is in A), and it
can not be assigned to any proper subset of A. If m(A) > 0,
A is called a focal set (or element) of m.

3.2 Mass function discounting

A source of evidence may not be reliable or its associated
support can be inaccurate. In this situation discounting
the support given by the mass function is relevant [ ”].
Consider 1 — «, the discounting factor, i. e. « the degree of
trust in the evidence with 0 < o < 1. The discounted mass
function *m(A) is given as:

“m(A) =a-m(A) VACQ

“m(Q)=(1-a)+a-m(Q) “®

Discounting can be used to lower the effect of sources
which are not fully trusted before evidence combination
(see Section 3.3).
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3.3 Evidence Combination and Conflict
Management

Two mass functions m; and mo representing independent

pieces of evidence (e.g., predictions from two different

sensors) on a common frame {2 can be combined by
Dempster-Shafer’s rule (DS) [ ©] defined as:

1
1—k

(m1 @ ma)(A) Y. mi(B)ma(C) ()

BNC=A

forall A € 2, A # (), and (m;®ms)(0) = 0. The DS rule
is commutative and associative. The constant k is called the
conflict degree between the mass functions and is given as:

k=Y  mi(B)my(C)

BNC=0

6

If k=0, the mass functions m and ms are non-conflicting
(i.e., each focal set of m; intersects all focal sets of my).
If k=1, the pieces of evidence are logically contradictory
(i.e., total conflict) and their combination through the DS
rule is impossible.

3.4 Decision in evidence theory

Once the sources of evidence are combined, a probabilistic
decision rule is required to select the final class wy €
Q. In this work, we adopt the DSmP transformation [©],
which redistributes the uncertainty toward singletons
while minimizing the entropy of the resulting probability
distribution.

The DSmP transformation for a given singleton wy is
defined as:

>

m(a) + € - |wr N Al

DSmP (wy) = Z m(A) ac{w,NA} -
Ae2f > ma) +e- |4
a€A

The parameter ¢ > 0 moderates the impact of the focal
elements cardinality in the uncertainty redistribution.
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4 Reliability-Aware Fusion

Framework

Figure | illustrates the overall architecture of the proposed
adaptive evidential fusion framework. The model is
composed of four main stages: modality-specific evidential
encoder-decoders, sensor reliability estimation, conflict-
based discounting, and evidential fusion through Dempster-
Shafer theory. We detail each component of the architecture
in the following subsections.

4.1 Evidential
modality)

Let M={1,...,M} be the set of modalities and
Q={w1,...,wk} the FoD for a K-class segmentation task.
For each modality m € M, an encoder-decoder produces a
mass function map m™¥ (i, j) € RE+1 for each pixel (i, j)
by applying a softmax activation function to ensure that the
mass functions sum to one.

Following prior work in evidential deep learning [20), 5],
we restrict the set of focal elements to only the singletons
and the full frame (). That is, for each class w;, € 2, a
mass value is assigned to {ws}, and the remaining mass
is assigned to {2, which captures total uncertainty. This
simplifies the mass function representation while retaining
the expressiveness needed for uncertainty modeling.

Encoder-Decoder (per

4.2 Class-wise Sensor Reliability

We assign to each modality a vector of class-specific
reliability scores:

B = (BT, 5", -,

Each ;" quantifies how reliable modality m is for
predicting class wg. These scores are used to discount
each of the raw mass functions per class, resulting in the
discounted mass function m™:

w) €0,1)% (8)

™
mip ({wr}) = B - min ({wi }) )
K
M () =1= 3 mi({wr}) (10)
k=1
The reliability scores for each modality 3,, are

implemented as trainable parameters and are learned
jointly with the rest of the network during training.
Importantly, during inference time, they are fixed, not
input-dependent. This design reflects a global semantic
prior that captures the average reliability of each modality
for each class.

4.3 Conflict-based Adjustment

To account for sensor disagreements, we apply a conflict-
based discounting mechanism. Following the ECoLaF
framework [5], we measure the level of disagreement
between modalities using the Jousselme distance [!”] and
derive a conflict score Conf,, for each modality. This
score is then converted into a conflict-based reliability score
am [17].
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The final mass function mfi" is given by the discounting
formula:

mimal (W) = am - miS (w), wi € Q an
mit Q) =1 = ap, + o - miS(Q)

This step adjusts the influence of each sensor locally based
on how much it agrees with others.

4.4 Multimodal Fusion and Class Definition

The refined mass functions from all modalities are fused
using Dempster’s rule & (Eq. 5):

mfused(A) = (@ m?)’[L]M) (A)

For decision making, according to (7), we choose the class
with highest DSmP as the final prediction:

12)

7 = arg max DSmP, (wy,) (13)
Following the recommendations in [0], we choose
€ = 0.001 to obtain a probability function with an entropy
as low as possible while avoiding numerical instabilities.

In our architecture of combining the model-based approach
of Dempster-Shafer theory with deep learning, the
reliability weighting is positioned ahead of the conflict
discounting (see Fig. 1). In this arrangement, semantically
relevant mass functions are obtained first by class-
based rectification (i.e., class-specific reliability value /3;",
(Eq. 8)). Then, they are discounted based on their inter-
class disagreement. If the order were the opposite, the
conflict among sources could be calculated based on less
refined mass functions. Therefore, the proposed order of
computations is chosen for maintaining information quality.

S Experiments

5.1 Datasets and Implementation Details

A quantitative validation has been performed on two
multimodal datasets designed for robust semantic
segmentation under challenging driving conditions:
the DeLiVER [”“] synthetic dataset, and MUSES [”], a
non-synthetic real-world dataset. Both datasets provide
diverse driving scenarios and multimodal sensor data.
DeLiVER comprises paired images from four sensor
modalities—RGB, Depth, Event, and LiDAR—captured
under diverse weather conditions and simulated sensor
failure scenarios, including motion blur, over-exposure,
under-exposure, LiDAR jitter, and low-resolution Event
data. It is designed to study the semantic segmentation
of road scenes across 25 classes. The dataset includes
3983, 2005, and 1897 front-view image pairs for training,
validation, and testing, respectively.

MUSES is a dataset dedicated to the analysis of real-world
road scenes under adverse weather conditions, specifically
fog, rain, and snow. It comprises 1500, 250, and 750
paired images across four modalities—RGB, Event,
LiDAR, and RADAR—for training, validation, and testing,

RJCIA@QPFIA 2026



Reliability-Aware Fusion for Semantic Segmentation under Sensor Degradation and Failures

v 5 5 £ ° 5 & &
©) & L Q CMNeXt [] CAFuser[!] ECoLaF[7] ReCoLaF (©) L Q S | CMNeXt[’/] CAFuser['] ECoLaF[’] ReCoLaF
X Q9 &4 3 . e .1
v 20.62 24.69 31.44 35.62 v 49.32 63.92 65.02 66.56
v 40.29 43.52 38.77 42.06 v 2.65 4.51 3.15 3.99
v 2.82 1.74 1.87 3.77 v 2.65 16.79 19.49 33.90
v 2.76 1.44 2.40 3.13 v 7.56 8.34 3.64 4.23
v v 52.96 54.05 49.23 49.89 v v 52.55 65.33 65.02 66.56
v v 20.37 26.29 31.44 35.69 v v 66.90 68.57 66.43 68.29
v v 20.79 26.04 31.72 35.55 v v 61.66 65.10 65.02 66.56
v v 40.46 43.95 38.77 42.48 v v 2.62 16.83 19.49 33.90
v v 40.29 43.52 38.86 42.05 v v 7.71 8.39 3.64 4.23
v v 2.81 1.58 2.03 4.14 v v 9.94 15.18 20.20 34.04
v v v 53.11 54.44 49.23 49.90 v v 66.64 68.76 66.43 68.29
v v v 52.88 53.93 49.25 49.90 v v v 62.09 65.26 65.02 66.56
v v v 20.54 27.37 31.72 35.66 v v v 71.06 72.88 66.42 68.29
v v v 40.39 43.78 38.86 42.58 v v v 10.82 17.59 20.20 34.04
v v v v 53.01 53.87 49.25 49.90 v v v 71.06 72.88 66.42 68.29
mean 30.94 33.35 32.35 34.82 mean 36.38 42.02 41.04 45.85
(a) DeLiVER (b) MUSES

Table 1: Performances comparison of using different modalities in mloU(%). Each row represents a test-time inference
scenario where a subset of modalities is available (v') and the others are disabled (i.e., replaced with zero-filled tensors to
simulate sensor failure). v* indicates the available modalities at test time, while others are disabled (zero-filled) to simulate
sensor failures. Bold values represent the best performances to the nearest rounding.

respectively. As ground truth annotations are not available
for the original test set, we re-split the training set into
a new training and validation subset, and repurpose the
original validation set as the new test set. This results
in 1250, 250, and 250 images for training, validation,
and testing, respectively, while keeping the same balance
between the day, night, clear, fog, rain and snow images as
the original dataset.

Implementation details. All experiments are performed
on a A100 GPU. The models are trained with an initial
learning rate of 6 x 10~°. The optimizer is AdamW [ 7]
with epsilon 1e~8 and weight-decay 0.01 over 200 epochs.
For all experiments, the learning rates are scheduled with a
polynomial strategy with power 0.9 including 10 warm-up
epochs.

The data augmentation includes random horizontal flips,
random scaled crops, gaussian blur and random color
jitter. ~ The proposed architecture ReCoLaF is built
with Segformer [7”] encoder-decoders with an MiT-B2
backbone [2”]. All Dempster-Shafer-based modules are
fully differentiable and integrated end-to-end with standard
backpropagation. It is nevertheless noticeable that only the
class-wise reliability estimation module contains trainable
parameters.

5.2 Experimental Setup

We evaluate the robustness, efficiency, and interpretability
of ReCoLaF under challenging multimodal perception
conditions. = We compare against recent state-of-the-
art fusion methods, analyse the estimated reliability
scores, and report model efficiency in terms of FLOPs,
parameters, and inference time.For both DeLiVER and
MUSES datasets, we adopt the protocol introduced by [ 1],
supported by [! 5], and followed by [5], where all sensor
modalities are used during training, and sensor failure
scenarios are simulated at inference time.

To simulate sensor failures, we selectively disable one
or more modalities during inference by replacing the
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corresponding input with zero-filled tensors. This strategy,
shown to be simple, reproducible, and effective for
evaluating fusion robustness in prior work [!5], allows
us to assess the model’s robustness without requiring
modality-specific dropout training. For each degraded
configuration, we report the mean Intersection over Union
(mloU) [7, 6] over all semantic classes. A modality
is considered “available" if its input is provided during
inference. Otherwise, it is zero-filled. Results across all
tested configurations are presented in Table 1.

5.3 Robustness Analysis

Results on DeLiVER. ReCoLaF outperforms CMNeXt
and ECoLaF across most degraded configurations and
achieves competitive performance compared to CAFuser.
In full-modality settings (all four sensors), CAFuser
achieves the highest mloU (53.87%), followed closely
by ReCoLaF (49.90%) and ECoLaF (49.25%). However,

ReCoLaF shows stronger robustness in challenging
configurations. For instance, in the RGB + Event
configuration, ReCoLaF scores 35.69%, surpassing

ECoLaF (31.44%), CAFuser (26.29%), and CMNeXt
(20.37%).  Overall, these results highlight the strong
dependency of both CMNeXt and CAFuser to the Depth
modality. This can be explained by the fact that this
modality is never degraded during the training phase
and is not realistically impacted by adversarial weather
conditions due to the synthetic nature of the dataset.
Therefore, the Depth modality is always very informative
whereas the RGB modality can be impacted by over-
exposure, under-exposure or motion blur during training,
encouraging the models to strongly rely on the Depth
modality. On average across all configurations, ReCoLaF
achieves 34.82% mloU, outperforming ECoLaF (32.35%),
CMNeXt (30.94%), and CAFuser (33.35%).

Results on MUSES. ReCoLaF continues to demonstrate
strong robustness against sensor failure under real-
world adverse weather conditions. While CAFuser
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obtains once more the highest performance in the
full-modality setting (72.88%), it shows a strong
dependency on the RGB modality, whereas CMNeXt
interestingly shows a dependency on the RGB+LiDAR
and the RGB+Radar combinations. Under partial
modality configurations, ReCoLaF consistently surpasses
other methods. For instance, in the Event+LiDAR
setup, ReCoLaF achieves 33.90%, compared to 19.49%
(ECoLaF), 16.83% (CAFuser), and 2.62% (CMNeXt). In
the RGB+Radar configuration, ReCoLaF reaches 66.56%,
slightly outperforming ECoLaF (65.02%), CAFuser
(65.10%), and CMNeXt (61.66%). On average across all
configurations, ReCoLaF scores 45.85% mloU, compared
to 41.04% (ECoLaF), 36.38% (CMNeXt), and 42.02%
(CAFuser). Regarding the LiDAR modality, there is a
clear difference between DeLIVER and MUSES in terms
of performances. This may be explained by the fact that
the real-world LiDAR images from the MUSES dataset
are more dense than the synthetic ones from the DeLIVER
dataset, making the classical transformer-based encoder-
decoders more effective to extract information from these
real-world images.

The presented results confirm that ReCoLaF provides a
strong balance between accuracy in favorable conditions
and robustness in degraded ones. While CAFuser performs
well when all modalities are available, its performance
drops more steeply under sensor failures, even though
modality-drop was used during training. In contrast,
ReCoLaF explicitly limits over-reliance on any single
modality by modeling class-specific sensor reliability and
incorporating conflict-guided fusion. This design may
result in slightly lower peak performance in full-modality
settings, but it leads to improved robustness and stability
under adverse sensing conditions. Such a trade-off is an
intentional design choice, aligned with the requirements
of safety-critical autonomous driving systems, where
resilience to sensor degradation and failures is often more
critical than maximizing accuracy under ideal conditions.

5.4 Sensor Reliability Analysis

To better understand how our model estimates class-specific
reliability across semantic classes, we analyze the learned
per-modality, per-class reliability scores. Figure 2 presents
aradar chart visualization of the estimated reliability scores
for four modalities: RGB, Depth, LiDAR, and Event.
We observe that Depth consistently shows the highest
reliability for structural and planar classes such as Building,
Wall, Fence, and Vegetation, reflecting its strong geometric
representation. In contrast, RGB performs well on texture-
rich and visually distinctive classes, such as Road lines,
Cars, and Traffic signs. Event cameras show moderate
reliability across all classes but do not dominate in any
particular category. They tend to follow RGB in shape
but with slightly lower scores, indicating their utility in
spread but less impactful alone. LiDAR reflects lower
reliability in several classes, especially Traffic signs, Wall,
and Sky. This may be due to its sparse nature or limitations
in vertical resolution for capturing elevated or fine-
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detailed features. These findings confirm that our class-
specific reliability estimation module captures meaningful
sensor-class relationships, effectively enabling the fusion
framework to weigh sensor contributions adaptively based
on semantic content.

—RGB
— Depth
Side Walk ~ Road o =0y . o — Lidar
VCegetatlon Pole — Event
ars
Pedestrian
Wall
Other
Traffic Sign
Fence
Sky
(/4 08 0.9 |Building
Ground
Truck
Bridge
Bus
Rail Track
G d Rail Two Wheeler
round Rai
. Terrain
Traffic Light Water

Static Dynamic

Figure 2: Estimated class-specific reliability across the four
sensor modalities of the DeLIVER dataset: RGB, Depth,
LiDAR, and Event.

5.5 Ablation study

To evaluate the effectiveness of our two-stage discounting
mechanism, we conduct an ablation study comparing
ReCoLaF with and without discounting on DeLiVER.
Specifically, we remove both the semantic reliability
estimation and the conflict-based adjustment, resulting in
a version where all modalities contribute equally during
fusion. To this end, we train the two models separately.

We compare the following two variants:

¢ ReCoLaF w/o discounting: all mass functions
are fused without any reliability-based weighting
or conflict-guided discounting. This is equivalent
to applying uniform fusion in the Dempster-Shafer
framework (i.e., 8} = 1 and «,,, = 1 in Equations
(9) and (11), respectively).

¢ ReCoLaF (full): includes both class-specific
reliability estimation and conflict-guided discounting.

As shown in Table 2, removing both discounting stages
results in a performance drop of over 6 points in average
mloU. The ablation of the discounting mechanism makes
the model highly dependent on the Depth modality, leading
to the same lack of robustness as the probabilistic models
CMNeXt and CAFuser. This highlights the importance
of jointly modeling sensor reliability and inter-modality
inconsistency during fusion, particularly under sensor
failure conditions.
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Ground Truth

CMNext CAFuser EColaF ReCoLaF (ours)

‘ . \ .

Figure 3: Qualitative segmentation results under degraded conditions (fog and missing depth). Row 1 shows the full-modality
scene (RGB, Depth, Event, LIDAR), Row 2 is the same scene under simulated Depth failure (zero-filled), and Row 3 shows
a different scene also with missing Depth. From left to right: sensor inputs, ground truth, and predictions from CMNeXt,
CAFuser, ECoLaF, and ReCoLaF. ReCoLaF consistently provides cleaner and more accurate segmentations, especially in the
presence of sensor failure.

@ 5§ §F g o
(@) & L Q | ReCoLaF w/o discounting  Full ReCoLaF
E ) Q) N
v 12.67 35.62
v 41.70 42.06
v 1.99 3.77
v 1.99 3.13
v v 49.81 49.89
v v 12.67 35.69
v v 12.67 35.55
v v 41.70 42.48
v v 41.69 42.05
v v 1.99 4.14
v v v 49.81 49.90
v v v 49.81 49.90
v v v 12.67 35.66
v v v 41.69 42.58
v v v v 49.81 49.90
mean 28.18 34.82

Table 2: Ablation study on DeLiVER: effect of discounting.

5.6 Qualitative Analysis

To further assess the robustness of the proposed framework
under degraded sensing conditions, Figure 3 presents
qualitative segmentation results from the DeLLiVER dataset
under fog and simulated Depth modality failure. The
first row shows a scene where all four modalities
available. In this full-modality configuration, all methods
produce reasonably accurate segmentation maps that are
sufficiently clean for perception in autonomous systems.
The second and third rows simulate sensor failure by
removing the Depth input, which is the modality the
models are most dependent on. In both cases, CMNeXt
produces highly degraded predictions with strong visual
artifacts. CAFuser shows some resilience but provides
substantial misclassifications across large areas of the
image, particularly in the upper regions of the image, where
it often confuses the sky with buildings. ECoLaF partially
mitigates the issue thanks to its conflict-guided fusion,
but still shows significant artifacts and inconsistencies.
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ReCoLaF, in contrast, maintains structurally consistent
predictions and accurate labeling even in the absence of
Depth. This illustrates its ability to effectively adjust the
contribution of the remaining modalities based on their
reliability and mutual agreement. The results confirm
the advantage of our two-stage fusion strategy, which
combines learned semantic reliability scores with conflict-
guided fusion which provide strong resilience to sensor-
level uncertainty and failure.

Overall, these qualitative results support our claim that
ReCoLaF is more resilient to sensor failures than attention-
based (CMNeXt) or condition-aware (CAFuser) fusion
approaches, making it a promising choice for deployment
in real-world autonomous driving systems.

5.7 Real-Time
Efficiency

Inference and Model

Table 3 reports FLOPs, parameters count, and inference
time for all evaluated models on DeLiVER. ReCoLaF
shares the same architectural complexity as ECoLaF, with
nearly equivalent computational cost and parameter count,
and is significantly more frugal than CAFuser (which
requires condition prediction). CMNeXt is the most
lightweight, but achieves lower average mloU under sensor
failures. These results demonstrate that ReCoLaF offers a
favorable trade-off between robustness and computational
cost, making it suitable for real-time autonomous driving
applications. Moreover, the number of parameters in the
ReCoLaF architecture can be greatly reduced by adopting a
shared backbone strategy as in CAFuser.

| CMNeXt | CAFuser | ECoLaF | ReCoLaF

GFLOPs 65.42 699.12 157.12 157.63
# Params (M) 58.73 75.01 103.16 103.16
Inference time (s/img) 0.17 0.38 0.23 0.24

Table 3: FLOPs, parameters and inference time comparison
on the DeLIVER dataset.
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6 Conclusion

In this paper, we presented ReCoLaF, a novel fusion
framework for robust multimodal semantic segmentation
in autonomous driving. ReCoLaF combines class-
specific sensor reliability estimation with conflict-guided
adjustment to adaptively fuse heterogenous sensor
modalities under uncertain or degraded conditions.
Grounded in Dempster-Shafer theory, our two-stage fusion
strategy first discounts each modality based on learned
per-class semantic reliability, then further adjusts its
contribution based on disagreement with other modalities
at the pixel level.

Experiments on the DeLiVER and MUSES datasets
demonstrate that ReCoLaF consistently improves
robustness compared to strong baselines, including
middle fusion approaches with cross-attention mechanism
and conflict-only evidential methods, particularly under
sensor degradation and failure scenarios. While some
competing methods achieve higher performance when
all modalities are available, ReCoLaF is intentionally
designed to favor robustness and stability under adverse
conditions, reflecting a trade-off that is well aligned with
the requirements of safety-critical autnomous driving
systems.  These results highlight the importance of
explicitly modeling both the reliability and agreement of
sensor modalities to achieve robust scene understanding in
autonomous driving systems.

In the current formulation, class-wise sensor reliability
scores are learned as global parameters and remain fixed
during inference. This design choice provides stable
semantic priors while keeping the fusion process tractable
and interpretable, and is complemented by a spatially
adaptive conflict-based mechanism that locally adjusts
modality contributions.  Future work will investigate
dynamic and pixel-level reliability estimation to better
capture region-specific and context-dependent sensor
degradation. In addition, parameter-efficient architectures,
such as shared backbone designs, will be explored
to improve scalability to larger numbers of modalities
and higher-resolution inputs, as well as to enhance
real-time performance for practical autonomous driving
applications.
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Résumé

La prédiction de la durée de vie résiduelle (RUL) des
roulements souffre d'un manque de données industrielles,
limitant la généralisation des modeéles supervisés. Nous
proposons un modéle TCNF (Temporal Conditional
Normalizing Flow), un modéle génératif conditionné sur la
RUL et un contexte temporel encodé par GRU, capable de
générer des trajectoires de dégradation complétes et
cohérentes. Une couche de normalisation affine apprise est
intégrée directement dans le flot, garantissant bijectivité et
calcul exact du log-déterminant. Sur le jeu de données
XJTU-SY, TCNF améliore le RMSE par rapport a la
référence sans augmentation et surpasse les approches
comparatives GAN et VAE.

Mots-clés

Normalizing flows, augmentation de données, durée de vie
résiduelle.

Abstract

Predicting the remaining useful life (RUL) of bearings
suffers from a lack of industrial data, limiting the
generalization of supervised models. We propose a
temporal conditional normalizing flow model (TCNF), a
generative model conditioned on RUL and a temporal
context encoded by GRU, capable of generating complete
and consistent degradation trajectories. An affine
normalization layer is integrated directly into the flow,
ensuring bijectivity and exact log-determinant computation.
On the XJTU-SY dataset, TCNF improves the RMSE
compared to the baseline without augmentation and
outperforms the comparative GAN and VAE approaches.

Keywords

Normalizing flows, data augmentation, remaining useful life.

1 Introduction

The predictive maintenance (PdM) field has become a major
strategic lever for industry, enabling reduced maintenance
costs, improved equipment availability and prevention of
critical failures, with significant economic gains [1][2]. At
the core of PdM, Remaining Useful Life (RUL) estimation
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aims to predict the time remaining before system failure
from sensor measurements such as vibrations, currents or
temperatures. In rotating mechanical systems, and in
particular bearings, vibration signals are widely exploited
due to their high sensitivity to degradation mechanisms [3]
[4].

Despite recent advances in deep learning methods for RUL
estimation [5][6], their industrial deployment remains
severely limited by the scarcity of relevant data. Run-to-
failure data, required to model the complete evolution of
degradation up to failure, are costly to acquire, time-
consuming to collect, and rarely available in large quantities
[7]. This constraint is even more pronounced in embedded
or real industrial settings, where equipment is designed
precisely to avoid failure situations. As a result, datasets used
for RUL model training are typically small, imbalanced and
heterogeneous, leading to overfitting and limited
generalization.

To address this data scarcity, several recent works have
explored manual data augmentation techniques [8][9], or
generative model-based approaches such as Generative
Adversarial Networks (GAN) [10][11] or Variational
Autoencoders (VAE) [12][13]. Although these approaches
have shown promising potential for enriching training sets,
they exhibit important limitations in the context of predictive
maintenance. GANs frequently suffer from training
instability and mode collapse, while VAEs rely on likelihood
approximations that can degrade the statistical fidelity of
generated data. Moreover, most of these approaches generate
samples independently, without guaranteeing the temporal
coherence of degradation trajectories or explicit
conditioning on health state, limiting their application to
fault classification [14][15].

Yet in RUL applications, system degradation is inherently a
temporal and progressive phenomenon. Many works have
shown that RUL can be modelled according to a two-phase
dynamics, comprising an initial healthy operating phase
followed by an accelerated degradation phase leading to
failure [16]. Generating realistic synthetic data should
therefore respect not only the marginal distributions of
measured features, but also their temporal evolution
conditioned on RUL. Few existing works explicitly address
this problem within a rigorous probabilistic framework.



In this context, normalizing flow models [17][18] appear as
a particularly well-suited alternative for data generation in
predictive maintenance. These generative models rely on
bijective and differentiable transformations that enable exact
probability  density  estimation through likelihood
maximization. Unlike GANs and VAEs, normalizing flows
offer increased training stability, clear probabilistic
interpretability, and coherent sample generation through
model inversion. However, their application to the
generation of temporally conditioned degradation
trajectories remains largely unexplored in the literature.

In this paper, we propose a novel data augmentation
approach for RUL estimation based on a Temporal
Conditional Normalizing Flow, specifically designed for
predictive maintenance scenarios under limited data
constraints. The proposed model incorporates explicit RUL
conditioning as well as temporal context encoding through a
recurrent network, enabling the generation of complete,
temporally coherent degradation trajectories. To guarantee
model bijectivity and compatibility with normalizing flows,
a learned, invertible affine normalization layer is introduced
as a replacement for conventional normalization methods.
The generated synthetic data are then used to enrich the
training set of a RUL prediction model.

The main contributions of this paper are as follows:

— the proposal of a RUL-conditioned Normalizing

Flow, capable of modelling the distribution of
vibration features throughout the entire lifetime of a
bearing,
the integration of a recurrent temporal context
enabling the generation of coherent and realistic
degradation trajectories,
the introduction of a learned, bijective and invertible
affine normalization layer, specifically adapted to the
constraints of flow-based models.
The remainder of this paper is organized as follows. Section
2 describes the proposed approach in detail. Section 3
presents the experimental protocol, while Sections 4 and 5
discuss the obtained results. Finally, Section 6 concludes the
paper and outlines future research directions.

2 Proposed methodology
2.1 Overview of the framework

Our approach relies on a three-stage pipeline. In the first
stage, d features are extracted from raw vibration signals
and concatenated into a feature vector at each time step.
These vectors, from the start of system life to the end of life,
form degradation trajectories on which the generative model
is trained. In the second stage, the model is used to generate
new complete synthetic trajectories, which are added to the
training set of a RUL prediction model. Fig 1. Shows the
overall pipeline of the proposed approach. A RUL prediction
regressive model is then trained on the augmented set.

The objective of the generative model is to learn the
conditional distribution of the feature vectors observed at
each time step, given the current RUL value and the recent
observation history. Formally, we seek to model:

p(xelye, X(t-1:t—k})
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where x, € R? is the feature vector at time ¢, y, € [0,1] is
the normalized RUL, and x;_y..—,; represents the k
previous observations. A complete degradation trajectory is
then generated by sequentially sampling from this
distribution, from y = 1.0 down to y = 0.0. This work
proposes to use a normalizing flow model conditioned on
RUL and temporal context to generate complete degradation
trajectories.

Degradation Data Acquisition
and Representation

RUL Prediction and Performance
Enhancement

Generative Modeling
and Data Augmentation

Raw vibration signals
(XITU-SY Bearings)

I S
Feature extraction
(Time, Statistical)

| Il Improved RUL Estimation

Temporal conditional

RUL prediction model
normalizing flow

(SVM)
PCIRUL, X(e-y0-19) I

Real degradation data
(Run-to-failure)

Data Augmentation
(Real + Synthetic)

Figure 1. Overall pipeline of the proposed method. The
pipeline consists of three stages: (1) degradation data
acquisition and representation, (2) generative modelling and
data augmentation, (3) RUL prediction.

2.2 Extracted features

The features extracted from vibration signals are chosen to
capture different aspects of degradation. We retain classical
time-domain descriptors from the literature: root mean
square (RMS), zero-crossing rate (ZCR), crest factor,
skewness, peak-to-peak amplitude, mean and kurtosis. These
descriptors are widely used in the bearing health monitoring
literature and enable the capture of phenomena of different
natures: overall signal energy, impulsiveness, and non-
stationarities [19].

2.3 RUL modelisation

In line with common practice in the predictive bearing
maintenance literature, RUL is modelled as a two-phase
function: a healthy phase followed by a degradation phase
[16]. This model, often referred to as a piecewise linear RUL
model [20], provides a more accurate representation of the
physical dynamics of degradation by explicitly
distinguishing the nominal operating phase from the active
degradation phase [21].

Formally, for a bearing with total lifetime T, the normalized
RUL at time t is defined by:

1, t < tppr

1— t—tppr )
T — tFPT

where tgpr (First Predictable Time) denotes the instant from
which degradation becomes measurable. This formulation
has the advantage of limiting the influence of noise during
the healthy phase and of introducing structural constraints
(monotonicity and boundedness between 0 and 1) consistent
with the physics of the system [22]. In this study, the tgpr
values are set in accordance with the proposals of Yin et al.
[23].

Ve = (1)

t =2 tppr

2.4 Temporal Conditional Normalizing Flow

2.4.1 General structure
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The Temporal Conditional Normalizing Flow (TCNF)
consists of a succession of conditioned affine coupling layers,
preceded by the learned normalization layer. The core idea
of normalizing flows is to learn a bijective and differentiable
mapping between a complex data distribution and a simple
base distribution, here a standard Gaussian, such that both
exact sampling and exact likelihood evaluation are tractable.
The model transforms a data vector x into a latent vector z
by:
z = fg ° fk-1° o f1 o Norm(x)
where each f; is an affine coupling layer. The exact log-
likelihood is computed via the change-of-variables theorem:
K

log p(x) = logp,(2) + )_log Idet ]

)
+ lOg |det]Norm|

AW

Latent o
z

Inv
flows

fi ()
¥

o— Sampling

Figure 2. Architecture of the TCNF during training and
inference phases. The TCE (Temporal Context Encoder)
encodes the sliding history x,_y, ..., x; via a gated recurrent
unit (GRU), while the RUL Encoder (RE) projects the
current RUL value into an embedding space.

2.4.2 Learned affine normalization
Adequate data preprocessing is crucial for training
normalizing flows. A traditional normalization scheme has
the drawback of being a transformation external to the
model, non-differentiable with respect to its parameters, and
whose statistics must be computed and stored separately. We
instead propose a learned affine normalization layer,
integrated directly as the first layer of the flow.
Let x € RY be an input vector. The transformation is
defined by:
(x —p

z=— ®3)
where yu and ¢ = exp(log_o) are learnable parameters
initialized from the empirical statistics of the training set.
The constraint ¢ > 0 is guaranteed by the log_o
parameterization. The associated log-Jacobian determinant
is:

da
log |det ]| = — Zlog (@) 4)
i=1

This formulation offers several decisive advantages over
standard normalization: bijectivity is guaranteed by
construction, the behavior is identical during training and
inference, and the log-determinant is computable explicitly
and exactly, which is a fundamental requirement of
normalizing flows. Furthermore, the parameters are
initialized from training set statistics and can be refined
through backpropagation during training. Note that a version
without log-determinant computation is also available to
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normalize the history before passing it to the temporal
encoder, avoiding an unnecessary computation in this
context.

2.4.3 Affine coupling layer
Each coupling layer splits the input vector into two parts via
a binary mask that alternates between layers. The masked
part x, is passed unchanged, while the unmasked part x; is
transformed by an affine transformation whose parameters
depend on both x; and the condition c:

X3 = Xy X exp(s(xl,c)) + t(xy,c)

()
where s and t are neural networks with two hidden layers
and ReLU activations, and ¢ is the condition vector
integrating the RUL embedding and the temporal context.
The inverse transformation is trivial and the log-determinant
equals the sum over the unmasked dimensions of s(x, ¢)
guaranteeing computation in linear time.

2.4.4 RUL Encoding
The scalar RUL value y, € [0, 1] is projected into a higher-
dimensional space. This allows the model to learn a non-
linear representation of the RUL condition, more expressive
than a simple concatenation of the raw scalar value.

2.4.5 Temporal context encoder (TCE)
To capture degradation dynamics and ensure the temporal
coherence of generated trajectories, we introduce a
Temporal Context Encoder (TCE) based on a GRU network.
At each time step t during generation, the k most recent
observations are normalized (via the learned affine
normalization without log-det) and passed to the GRU,
whose final hidden state is projected into a context vector
c; € Retx:
¢ = MLP(GRU(Norm(X¢—_g, - Xt-1)))

This context is concatenated with the encoded RUL vector
to form the complete condition for each coupling layer. In
the absence of history (beginning of a trajectory), the context
is set to zero, allowing the model to generate a coherent first
point from the learned distribution.

2.5 Training

The model is trained by maximizing the exact log-likelihood
(or equivalently minimizing the NLL). The training
objective writes:

N
1
L= - (N)Z log p(x, |:Vt'x{t—k:t—1}) (6)
t=1

Temporal sequences are constructed by extracting sliding
windows of length k over each bearing trajectory. To
strengthen model robustness and enable trajectory
generation in the absence of temporal context (e.g. at the
beginning of a trajectory), a fraction of training examples is
processed without temporal context (context set to zero). In
our experiments, this ratio is set to 0.2.



a5
[~ 10th-90th percentile

25th-75th percentile (IQR)
—— Median

4.0
35 —— Median

3.0
w25

o 2.0

[~ 10th-90th percentile
25th-75th percentile (IQR)

G. Prevost, E. Cabanillas, J. Boutet

[~ 10th-90th percentile
25th-75th percentile (IQR)
—— Median

e ]

0.40

\\

Figure 4. Mean generated trajectories for RMS and ZCR by TCNF (green), GAN (purple) and VAE (brown). Solid curves
represent the median over 200 generated trajectories. Shaded areas indicate the 25-75% and 10-90% intervals.

3 Experimental validation

3.1 XJTU-SY dataset

The method is validated on the XJTU-SY experimental
dataset, developed by Xi'an Jiaotong University in
collaboration with Changxing Sumyoung Technology. This
dataset provides 15 run-to-failure bearing experiments under
three different load and rotation speed conditions (5
experiments per condition), capturing a wide diversity of
lifetimes and fault types (inner race, outer race, cage and ball
defects).

Vibration signals are sampled at 25.6 kHz, with 32,768
samples acquired every minute. A 5-fold cross-validation
protocol is employed to assess model robustness and
generalization ability. At each iteration, bearings are split
into training and test sets with no overlap. Hyperparameters
are kept identical across all folds to ensure fair comparison.

3.2 Comparative approaches

We compare TCNF against two generative baselines
representative of the state of the art in data augmentation: a
Generative Adversarial Network (GAN) and a Variational
Autoencoder (VAE). Both models are equally conditioned
on RUL and trained on the same dataset. The configuration
without augmentation (training on real data only) serves as
the absolute reference (Baseline).

4 Synthetic data quality

The quality of synthetic data generated by TCNF is assessed
along two complementary axes: (i) analysis of the statistical
consistency of conditional distributions, and (ii) analysis of
the temporal coherence of complete generated trajectories.
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4.1 Conditional distribution analysis

RUL in (0.66, 1)

» Real
& L Synthetic

RUL in (0.33, 0.66)

RUL in (0.0, 0.33)

' RMé ' " RMS "RMS

Figure 3. Joint RMS-ZCR distribution for three RUL
intervals (high, intermediate, low). Blue points correspond
to real training data, red points to synthetic data generated by

TCNF.

Fig. 3 illustrates the joint distribution of the RMS and ZCR
features for three RUL intervals (high, medium and low).
Real data are shown in blue, while synthetic data generated
by TCNF are shown in red.

The model faithfully reproduces the multivariate and non-
linear structure of the real distribution. To quantify this
agreement, we compute the Maximum Mean Discrepancy
(MMD) between real and synthetic distributions within each
RUL bin, averaged over 10 repetitions to account for
generation stochasticity. TCNF achieves a mean MMD of
0.15 (x 0.06), outperforming both GAN (0.22 + 0.01) and
VAE (0.42 £ 0.01). The higher variance of TCNF's MMD
across repetitions reflects its broader generative diversity,
consistent with the wider confidence intervals observed in
trajectory analysis. As RUL decreases, the distribution
spreads and deforms, reflecting the increase in vibration
variability and the emergence of impulsive behaviors typical
of bearing degradation.

TCNF correctly captures:

the progressive drift of distribution centroids,

the increase in dispersion towards end of life,
non-Gaussian  structures  and inter-feature
correlations.
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This ability to model a complex distribution conditioned on
time confirms the benefit of joint conditioning on both RUL
and temporal context.

4.2 Temporal coherence of

trajectories

generated

Fig. 4 compares the synthetic trajectories generated by
TCNF, GAN and VAE. For each model, 200 complete
trajectories are generated, and the median along with
interquartile (25-75%) and extended (10-90%) intervals are
shown for the RMS and ZCR features.
TCNF is distinguished by:

— realistic non-linear dynamics,

— a relatively stable healthy phase and a progressive

transition towards an accelerated degradation phase,

— and increasing variability towards end of life.
Conversely, GAN produces smoother and more monotonic
trajectories. Inter-trajectory variability is lower and the
transition between healthy and degraded phases appears less
coherent. VAE generates trajectories close to zero, with
strongly reduced variability.
These observations confirm that the integration of the
Temporal Context Encoder (TCE) enables TCNF to capture
realistic degradation dynamics while preserving inter-
trajectory diversity.

4.3

4.0

Contitioned extrapolation
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Figure 5. Example of conditioned extrapolation. The left
part corresponds to a real partial trajectory (RMS). Colored
curves represent five synthetic continuations generated by
TCNF.

100 120 140

An important advantage of the proposed model lies in the
ability to initialize the TCE from a real partial history. The
model can thereby extrapolate an existing trajectory by
generating its continuation conditioned on the current state.
Figure 5 presents an extrapolation example from a real
trajectory (black line, left part). Five synthetic continuations
are generated. It can be observed that:

— the extrapolated trajectories remain consistent with
the initial dynamics,

— dispersion naturally increases during the degradation
phase,

— and some trajectories exhibit a marked acceleration,
reflecting the intrinsic uncertainty of end-of-life
behavior.

This capability opens the way to targeted augmentation
strategies, in particular for enriching data in the terminal
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phase (low RUL), which is often under-represented in
industrial datasets.

5 Impact on RUL prediction

To evaluate the contribution of synthetic data, we train two
regressive models to predict RUL with and without synthetic
data.

Support Vector Machine (SVM). The SVM is widely used
in the literature for RUL prediction and fault classification
[24][25]. The input vector is augmented with an
Exponentially Weighted Moving Average (EWMA) at two
temporal scales, informing the model about the trend of each
feature's evolution at different time scales.

Recurrent Neural Network (RNN). A recurrent neural
network using a gated recurrent unit GRU architecture, with
greater non-linear modelling capacity than the SVM, and
also widely used in predictive maintenance for time series
analysis [26][27].

Performance is evaluated according to three complementary
criteria. RMSE measures the overall quadratic error:

RMSE = (7

Mean absolute error (MAE) measures the error in absolute
value:

T
1

MAE =2 19, ¥ ®)

t=1
The NASA score asymmetrically penalizes early predictions
(underestimation of remaining RUL, risk of unwarranted
maintenance) and late predictions (overestimation, risk of
unanticipated failure), the latter being more critical in an
industrial context:

T, {exp (‘ yt1_3yt> -1 Ve <y
Score = o 9)
t=1{ exp (u) -1 Ve 2yt
10 ’ -

To limit the impact of the stochastic nature inherent to
generation, each experiment is repeated 10 times and
reported results correspond to the means over these 10
repetitions. In each configuration, 7 synthetic trajectories are
generated (corresponding to approximately 70% additional
synthetic data). Table 1 presents the RUL prediction results
for the four evaluated configurations.

Table 1. SVM RUL prediction results.

RMSE MAE Nasa-score
Baseline 0.222 0.172 0.015
GAN 0.219 0.168 0.015
VAE 0.232 0.188 0.016
TCNF 0.205 0.157 0.014




Table 2. RNN RUL prediction results.

RMSE MAE Nasa-score
Baseline 0.179 0.124 0.022
GAN 0.167 0.115 0.022
VAE 0.172 0.115 0.024
TCNF 0.159 0.099 0.020

TCNF improves all metrics for both prediction models. For
the SVM, RMSE decreases by 7.7%, MAE by 8.7% and the
NASA score by 6.7%. Gains are even more pronounced for
the RNN, with RMSE dropping from 0.179 to 0.159
(—11.2%). These improvements, consistent across all cross-
validation folds, indicate that synthetic trajectories bring
genuinely useful information, regardless of the capacity of
the downstream model.

The comparison between baselines is instructive. GAN
provides modest but systematic gains on both models. VAE,
on the other hand, slightly improves RNN performance but
degrades SVM performance relative to the no-augmentation
baseline, suggesting that its variational regularization
produces trajectories insufficiently representative of the real
variability of degradation.

The fact that TCNF is the only model to consistently
improve the NASA score — the most demanding metric due
to its asymmetric nature — is relevant: it suggests that the
temporal coherence ensured by the TCE leads to better
representation of end-of-life dynamics, where prediction
errors are most costly from an industrial standpoint.

A further advantage of the approach lies in the ability to
generate trajectories specifically targeting the degradation
phase (RUL < 1), allowing rebalancing of the natural
imbalance between the healthy phase (often the majority)
and the degraded phase. By setting a short tgp; during
generation, it is possible to produce synthetic trajectories
with an extended degradation phase, particularly enriching
the representation of the most critical health states.

6 Conclusion

This paper introduced the Temporal Conditional
Normalizing Flow (TCNF), a generative approach dedicated
to data augmentation for remaining useful life prediction in
industrial data scarcity settings. By combining a conditional
normalizing flow, explicit RUL encoding and a GRU-
modelled temporal context, the model generates complete,
temporally coherent and statistically faithful degradation
trajectories.

Results obtained on the XJTU-SY dataset show that
synthetic data produced by TCNF systematically improve
prediction performance (RMSE, MAE and NASA score), in
contrast to the GAN and VAE-based comparative
approaches. These gains confirm the value of exact
probabilistic modelling and explicit temporal conditioning
for degradation data generation.

Beyond quantitative performance, the model enables
targeted generation of critical degradation phases and
conditioned extrapolation of partial trajectories, opening
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promising avenues for more refined augmentation strategies
in predictive maintenance.

This work highlights the potential of temporal conditional
normalizing flows as a robust and relevant tool for
improving the generalization of RUL prediction models in
constrained industrial settings.
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Résumé

La détection d’anomalies non supervisée est un probleme
difficile en raison de la diversité des distributions de données
et de I'absence d’étiquettes. Les méthodes ensemblistes sont
souvent adoptées pour pallier ces difficultés en combinant
plusieurs détecteurs d’anomalies pour réduire les biais indi-
viduels et augmenter la robustesse. Cependant, construire
un ensemble véritablement complémentaire reste difficile
car de nombreux détecteurs reposent sur des criteres de dis-
crimination similaires et finissent par produire des scores
d’anomalie redondants. Par conséquent, le potentiel de I’ap-
prentissage ensembliste est souvent limité par la difficulté
d’identifier des modeéles qui capturent vraiment différents
types d’irrégularités. Pour remédier a cela, nous proposons
une méthodologie pour caractériser les détecteurs d’ano-
malies a travers leurs mécanismes de décision. En utilisant
les explications additives de Shapley (SHAP), nous quan-
tifions comment chaque modele attribue de I'importance
aux caractéristiques d’entrée, et nous utilisons ces profils
d’attribution pour mesurer la similarité entre les détecteurs.
Nous montrons que les détecteurs ayant des explications
similaires ont tendance a produire des scores d’anomalie
corrélés et a identifier des anomalies qui se chevauchent lar-
gement. Inversement, la divergence des explications indique
de maniere fiable un comportement de détection complémen-
taire. Nos résultats démontrent que les métriques basées sur
les explications offrent un critere différent, souvent meilleur,
des sorties brutes pour sélectionner des modeles dans un
ensemble. Cependant, nous démontrons également que la di-
versité seule est insuffisante ; une performance individuelle
élevée des détecteurs d’anomalies reste un prérequis pour
des ensembles efficaces. En ciblant explicitement la diversité
des explications tout en maintenant la qualité des modeles,
nous sommes capables de construire des ensembles plus
diversifiés, plus complémentaires et finalement plus efficaces
pour la détection d’anomalies non supervisée.

Mots-clés

Détection d’anomalies non supervisée, Modele ensembliste,
Sélection de modeles, Explicabilité.
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Abstract

Unsupervised anomaly detection is a challenging problem
due to the diversity of data distributions and the lack of la-
bels. Ensemble methods are often adopted to mitigate these
challenges by combining multiple anomaly detectors, which
can reduce individual biases and increase robustness. Yet
building an ensemble that is genuinely complementary re-
mains challenging, since many detectors rely on similar
decision cues and end up producing redundant anomaly
scores. As a result, the potential of ensemble learning is
often limited by the difficulty of identifying models that truly
capture different types of irregularities. To address this, we
propose a methodology for characterizing anomaly detectors
through their decision mechanisms. Using SHapley Additive
exPlanations, we quantify how each model attributes impor-
tance to input features, and we use these attribution profiles
to measure similarity between detectors. We show that de-
tectors with similar explanations tend to produce correlated
anomaly scores and identify largely overlapping anomalies.
Conversely, explanation divergence reliably indicates com-
plementary detection behavior. Our results demonstrate that
explanation-driven metrics offer a different, usually better,
criterion than raw outputs for selecting models in an en-
semble. However, we also demonstrate that diversity alone
is insufficient ; high individual model performance remains
a prerequisite for effective ensembles. By explicitly targeting
explanation diversity while maintaining model quality, we
are able to construct ensembles that are more diverse, more
complementary, and ultimately more effective for unsupervi-
sed anomaly detection.

Keywords

Unsupervised Anomaly Detection, Ensemble Learning, Mo-
del Selection, Explainable Al

1 Introduction

La détection d’anomalies est un probléme difficile, principa-
lement en raison de la nature intrinséque des anomalies. Les
anomalies sont définies comme des déviations par rapport
a ce qui est considéré comme un comportement normal [5].
Par conséquent, selon la facon dont cette normalité est défi-
nie, un algorithme ou un autre peut étre plus adapté pour une



bonne détection. Par exemple, certaines méthodes peuvent
définir la normalité en termes géométriques et utiliser des
regles basées sur la distance pour repérer les valeurs aber-
rantes, tandis que d’autres utilisent des hypotheses probabi-
listes et signalent les instances rares ou a faible probabilité
comme des anomalies [ ©].
Dans de nombreux contextes réels, 1’obtention d’anomalies
étiquetées est coliteuse ou irréalisable car les événements
anormaux sont rares, coliteux a produire ou dangereux a
provoquer (e.g., dans I’industrie nucléaire la détection doit
fonctionner sans attendre que des défauts se produisent [ | 7]).
Par conséquent, les approches semi-supervisées et non super-
visées sont souvent préférées. Dans la détection d’anomalies
non supervisée (Unsupervised Anomaly Detection, UAD),
les spécialistes, ne pouvant pas définir exhaustivement le
comportement "normal” a la main, s’appuient généralement
sur des méthodes d’apprentissage automatique. Ainsi, au
lieu de définir eux-mémes la normalité, ils utilisent les hy-
potheses sous-jacentes des algorithmes (géométriques, pro-
babilistes, etc.). Cependant, aucune hypothese n’est garantie
d’étre appropriée pour toutes les applications [ ! ], et comme
indiqué dans le théoreme du "no free lunch", aucun détec-
teur unique ne surpasse systématiquement les autres sur tous
les jeux de données [, V]. Néanmoins, le choix de 1’al-
gorithme reste critique, car une sélection inappropriée peut
conduire a de mauvaises performances [ ! ]
Une stratégie courante pour atténuer ce probleme consiste
a combiner plusieurs détecteurs au sein d’une méthode en-
sembliste, en tirant parti des atouts de chaque détecteur et
de la diversité de leurs hypotheses sur ce qui constitue un
comportement normal. L’ apprentissage ensembliste a été
largement adopté pour cette raison et a démontré de solides
performances empiriques dans divers scénarios de détection
d’anomalies [/]. En agrégeant des détecteurs avec divers
biais inductifs, les approches ensemblistes peuvent capturer
une plus grande variété de types d’anomalies. Cette diversité
se traduit souvent par une meilleure couverture de détec-
tion [21].
Un défi clé dans 1’apprentissage ensembliste est la sélection
de détecteurs appropriés. Bien qu’une approche ensembliste
robuste nécessite théoriquement des détecteurs a la fois di-
versifiés et performants [~ | ], I’identification de tels compor-
tements complémentaires reste un probléme ouvert [ *].
Pour relever ce défi, nous proposons une nouvelle méthodo-
logie qui caractérise le comportement des détecteurs d’ano-
malies en utilisant les explications additives de Shapley
(SHAP) [ 7]. Contrairement aux approches reposant unique-
ment sur les sorties, nous nous concentrons sur la compré-
hension des mécanismes de décision internes des détecteurs
d’anomalies. Notre étude révele que les détecteurs ayant des
schémas d’explication similaires ont tendance a produire des
scores d’anomalie redondants, tandis que la divergence des
explications est un indicateur fort de complémentarité. Par
conséquent, nous démontrons que la sélection de détecteurs
basée sur leur comportement d’explication conduit a une
amélioration des performances du modele ensembliste. Cela
conduit a trois contributions majeures :

— Une analyse des algorithmes d’UAD basée sur leurs
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explications SHAP, qui démontre que leurs compor-
tements sont corrélés a la similarité de leurs sorties.
— Une comparaison entre les explications SHAP et les
similarités des sorties de modeles pour sélectionner
des modeles de détection d’anomalies diversifiés.
— Une étude empirique quantifiant I’importance rela-
tive de la diversité par rapport a la performance indi-
viduelle, démontrant que la qualité du modele reste
un prérequis critique.
Cet article est structuré comme suit : la Section 2 présente
les travaux connexes. La méthodologie de notre approche
est décrite dans la Section 3. Les résultats expérimentaux
sont présentés en Section 4. Enfin, nous concluons 1’article
dans la Section 5.

2 Travaux Connexes

2.1 Algorithmes de détection d’anomalies non
supervisée

L’UAD est un probleme largement étudié [ | 9] avec un grand
nombre d’algorithmes, chacun fondé sur des hypotheses
différentes concernant la nature des anomalies. Des biblio-
theques comme PyOD [”7] ont été introduites pour stan-
dardiser I’utilisation de ces modeles. Parmi ceux-ci, les mé-
thodes basées sur la distance (KNN, LOF, CBLOF) carac-
térisent les anomalies en fonction de leur éloignement des
points voisins. De leur c6té, les algorithmes basés sur la re-
construction (AutoEncoder, PCA) détectent les anomalies en
apprenant a reconstruire des modeles de données normaux.
D’autres approches, telles que HBOS, ECOD et COPOD, ex-
ploitent des hypotheses probabilistes, tandis que OCSVM et
DeepSVDD utilisent la classification a une classe. Enfin, des
algorithmes comme Isolation Forest et LODA reposent res-
pectivement sur le partitionnement aléatoire et la projection
spatiale.

2.2 Sélection de modeles pour la détection
d’anomalies non supervisée

La sélection d’un modele approprié pour une tiche d’UAD
est communément appelée Sélection de Modele de Valeurs
Aberrantes Non Supervisée (Unsupervised Outlier Model Se-
lection, UOMS). L'UOMS est un probléme particulierement
difficile qui a gagné en importance a mesure que le nombre
de modeles disponibles, comprenant diverses familles algo-
rithmiques et configurations d’hyperparametres, continue de
s’étendre avec I’apparition de nouvelles méthodes dans la
littérature [ 19].

Une stratégie courante en UOMS consiste a estimer la qua-
lit¢ du modele directement a partir de données non étiquetées
de maniere non supervisée, pour sélectionner les meilleurs
modeles. Ces approches se divisent en deux catégories prin-
cipales. Les méthodes autonomes (stand-alone) [©, |0] cal-
culent un score non supervisé pour chaque détecteur indépen-
damment, tandis que les méthodes basées sur le consensus
(consensus-based) évaluent les détecteurs en mesurant 1’ac-
cord au sein d’un groupe de modeles et en sélectionnant
ceux qui se conforment le mieux au groupe [0, | !]. Les
preuves empiriques indiquent que les criteres d’évaluation
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autonomes échouent souvent a fournir des résultats cohé-
rents ou fiables en pratique. En revanche, les approches
basées sur le consensus, malgré leur colit de calcul plus
élevé, sont apparues comme une stratégie plus efficace et
prometteuse pour 'UOMS [!7].

Il existe peu de travaux dans la littérature scientifique sur
I’UOMS pour I’apprentissage d’ensemble. Dans [” 1], les
auteurs montrent que la diversité des hypothéses algorith-
miques tend a donner de meilleurs résultats. Pour carac-
tériser la diversité, les auteurs utilisent une corrélation de
Pearson pondérée entre les scores d’anomalie des modeles.
Cependant, ils soulignent également que la diversité est im-
portante, mais que les algorithmes choisis doivent déja avoir
de bonnes performances sur le jeu de données pour obtenir
un modele d’ensemble performant. A partir de I’hypothese
précédente, les auteurs de [ | ©] ont introduit SELECT, qui,
au lieu d’essayer de sélectionner des modeles en fonction
de leur diversité, sélectionne des modeles en fonction de
leurs performances a partir d’une pseudo-étiquette de vérité
terrain créée a partir des scores d’anomalie. Plus récemment,
dans [ ], les auteurs font de la détection d’anomalies dans
les séries temporelles en utilisant un ensemble de plusieurs
auto-encodeurs convolutionnels. Ils optimisent la diversité
en intégrant une métrique basée sur la dissimilarité des sor-
ties de reconstruction. Ils démontrent également que cette
stratégie axée sur la diversité améliore les performances de
détection.

Bien qu’il ait été démontré que les sorties des modeles
comme les scores d’anomalies peuvent refléter la diversité,
dans ce travail, nous étudions une méthode de consensus ba-
sée sur les valeurs SHAP, qui caractérisent le comportement
des modeles de détection d’anomalies sur différents jeux de
données.

2.3 Explicabilité

L’Intelligence Artificielle Explicable (Explainable Artificial
Intelligence, XAlI) cherche a rendre les modeles complexes
transparents en produisant des représentations interprétables
par 'homme sur la maniere dont les entrées, la structure
du modele et I’incertitude produisent des sorties particu-
lieres [ | +]. Parmi les méthodes d’explication locales et ag-
nostiques au modele, les explications additives de Shapley
(SHAP) sont largement utilisées car elles fournissent des
attributions de caractéristiques axiomatiques au niveau de
I’instance [ ”].

Au-dela de I’interprétabilité, les représentations SHAP ont
été exploitées pour comparer des modeles et former des re-
présentations informatives : des travaux récents utilisent des
attributions SHAP agrégées pour identifier des familles de
modeles ou pour servir de caractéristiques pour des taches
d’apprentissage en aval [0, 7]. A notre connaissance, I’ex-
ploitation de SHAP pour la comparaison et la sélection de
modeles n’a pas été systématiquement étudiée dans le cadre
de 'UAD, ou I’absence d’étiquettes rend la sélection des
modeles particulierement difficile.
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3 Méthodologie
3.1 Cadre du probléme

Nous considérons le probleme d’UAD, ou 1’objectif est
d’identifier des échantillons anormaux au sein d’un jeu
de données D {z1,...,2,} contenant n instances
dans un espace de caractéristiques a d dimensions. Soit
M un ensemble de m modeles de détection d’anomalies
M = {My, Ms,..., My} Pour un jeu de données donné,
chaque modele M, produit un vecteur de score d’anomalie
s; = M;(D) € R™ ou s est le score d’anomalie du keme
point d’entrée selon le ™ modele. Chaque modeéle produit
également un vecteur de prédictions binaires a; € {0,1}",
obtenu par un seuillage du vecteur de scores d’anomalie,
indiquant directement la présence ou 1’absence d’anomalies.
Plus précisément pour chaque instance k, la prédiction est
agk) = 0si sz(-k) < T, et 1 sinon. Le parametre 7; est un seuil
de décision interne, propre a chaque modele ¢. Notre objectif
est d’analyser le comportement de ces modeles et d’iden-
tifier des groupes de modeles qui partagent des structures
interprétatives similaires.

3.2 Similarité des modeles a partir des expli-
cations

Pour chaque modele M;, nous calculons sa matrice d’expli-
cation SHAP Sh; € R™"*¢, ol Shg}€> € R? est le vecteur
représentant la contribution de chaque caractéristique au
score d’anomalie de I’instance .

Nous définissons la similarité de comportement entre deux
modeles M; et M; comme la corrélation de Pearson
moyenne par instance entre leurs vecteurs SHAP :

pry = %Z corr(Sh{®), Shgk)).
k=1

Pour capturer la cohérence du classement entre les impor-
tances des caractéristiques plutdt que les magnitudes brutes,
nous calculons également une similarité basée sur le Gain
Cumulé Actualisé Normalisé (Normalized Discounted Cu-
mulative Gain, NDCG) :

L zn: (NDCG (15h8)), 1ShSR)))

2n ¢ P

k=1

NDCG __
i -

+NDCG (s, k) ),

ou le NDCG évalue I’accord dans I’'importance classée des
caractéristiques entre deux détecteurs, et | - | correspond a
la valeur absolue. Si les deux modeles attribuent une impor-
tance SHAP élevée aux mémes caractéristiques, leur valeur
NDCG sera proche de 1, indiquant un comportement expli-
catif similaire [”].

3.3 Lier les similarités des explications aux
sorties des détecteurs

Pour comparer la similarité des explications des modeles
avec la similarité des sorties, nous introduisons deux ma-
trices supplémentaires : la matrice des corrélations de scores
et la matrice des similarités de Jaccard.



Nous définissons la similarité entre deux modeles M; et
M;; sur la base de la corrélation de leurs scores d’anomalie.
Plus précisément, nous calculons la corrélation de Pearson
moyenne par instance entre leurs vecteurs de scores comme

suit :
1 n
Score __ (k)
Pij = E corr(si
k=1

11 en résulte une matrice symétrique qui reflete la similarité
par paires entre les modeles vis-a-vis des scores attribués.
Pour comparer directement les prédictions de deux modeles
¢ et 7, la similarité de Jaccard entre les deux vecteurs de
prédictions a; et a; est calculée comme suit :

Sy,

)

_ \aiﬂaj\

\aanj\’

Ji j

avec | - | le cardinal de I’ensemble. Cette métrique mesure
le chevauchement entre les modeles : une valeur de 1 im-
plique des prédictions identiques, tandis que 0 implique des
ensembles disjoints d’anomalies détectées.

Chaque matrice de similarité P € {p”°, p p
J} peut également &tre transformée en une matrice de dis-
similarité D € {§F9 §NVPCG §Scores 571 Ces matrices
sont calculées selon la relation D = 1 — P, ou chaque
élément représente la distance entre deux détecteurs.

Afin de quantifier la relation entre les différentes mesures,
nous utilisons le test de Mantel [ | 5] pour déterminer si deux
matrices de dissimilarité données sont statistiquement cor-
rélées. Le coefficient de Mantel () est calculé comme la
corrélation de Pearson entre les éléments triangulaires supé-
rieurs des matrices, la signification statistique étant établie
par des tests de permutation.

NDCG
)

Scores
;

4 Expérimentations

Nous avons mené des expériences pour répondre aux ques-
tions suivantes : (1) La similarité des explications implique-t-
elle une similarité des prédictions ? (2) Les métriques basées
sur SHAP surpassent-elles les sorties brutes pour quanti-
fier la diversité ? et (3) Dans quelle mesure cette diversité
impacte-t-elle la précision et la robustesse de 1’ensemble
résultant ?

4.1 Configuration expérimentale

Dans les expériences, 14 algorithmes UAD ont été utilisés :
COF, KNN, LOF, IForest, PCA, CBLOF, LODA, HBOS,
MCD, OCSVM, DAGMM, DeepSVDD, COPOD et ECOD
tels qu’implémentés dans la bibliotheque PyOD [”]. Les
hyperparametres définis par les auteurs de chaque modele
ont été conservés et aucune indication du pourcentage d’ano-
malie n’a été fournie pour aucun jeu de données. Au niveau
de I’explicabilité, nous utilisons I’'implémentation de la mé-
thode agnostique Kernel SHAP disponible dans la biblio-
theque Python shap. Le choix de cette méthode était néces-
saire pour assurer un cadre unifié d’explication a travers nos
divers algorithmes. De plus, pour assurer une approximation
stable, le jeu de données d’arriere-plan a été résumé en utili-
sant I’algorithme de partitionnement k-means avec k = 50
centroides.
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Pour augmenter la robustesse des résultats, chaque jeu de
données a été divisé a cinq reprises en un ensemble d’entrai-
nement et un ensemble de test, I’ensemble d’entrainement
représentant 80 % des données. La graine aléatoire pour
chaque division a été fixée égale a I’indice d’itération pour
assurer la reproductibilité. Le code source utilisé dans les
expériences est disponible sur GitHub '.

4.2 Jeux de données considérés

En raison du coiit de calcul élevé associé a SHAP, la sélec-
tion des jeux de données a été restreinte aux 50 % plus petits
jeux de données disponibles dans ADBench [V]. De plus, les
jeux de données contenant plus de 20 caractéristiques ont
été supprimés pour maintenir la faisabilité des calculs. Ce
processus de filtrage initial a abouti a un ensemble de 16 jeux
de données provenant de diverses applications : annthyroid
(AN), breastw (BR), glass (GL), Hepatitis (HE), Lympho-
graphy (LY), mammography (MA), PageBlocks (PB), Pima
(PI), Stamps (ST), thyroid (TH), vertebral (VE), vowels
(VO), WBC (WB), Wilt (WL), wine (WN) et yeast (YE).

4.3 Corrélation entre les matrices de simila-
rité

Nous avons calculé les quatre matrices de similarité p©5
(corrélation linéaire entre les SHAP), pN DCG (similarité
des classements d’importance des caractéristiques SHAP),
psco’“es (corrélation linéaire entre les scores d’anomalie), .J
(indice de Jaccard entre les prédictions d’anomalie) pour
chaque jeu de données. Les matrices moyennes sur tous les
jeux de données sont présentées dans la Figure 1, ol un
partitionnement hiérarchique a été appliqué pour optimiser
I’ordre. Visuellement, deux groupes de modeles émergent.
Premierement, COPOD et ECOD se regroupent systémati-
quement, ce qui est attendu car les deux algorithmes reposent
sur des hypotheses de distribution de données similaires.
Deuxiemement, un groupe plus large comprenant OCSVM,
AutoEncoder, IForest, PCA, KNN, CBLOF et GMM pré-
sente une forte corrélation. Ces algorithmes partagent des
caractéristiques sous-jacentes liées aux métriques de dis-
tance et aux stratégies d’encodage des données.

Le test de Mantel est utilisé pour évaluer si les matrices de si-
milarité sont statistiquement corrélées. Le Tableau | rapporte
les corrélations de Mantel moyennes sur les jeux de données.
Nous observons une forte corrélation (r;; = 0.83) entre
673 et $NPCG  confirmant que la similarité basée sur SHAP
est cohérente en termes de magnitude et de classement de
I’importance des caractéristiques. De méme, §°°7¢° et §7
montrent une forte corrélation (ry; = 0.76), ce qui est intui-
tif puisque les modeles avec des distributions de scores simi-
laires ont tendance a produire des prédictions binaires simi-
laires. Enfin, la corrélation entre §7° et 67 (rp; = 0.67) sug-
gere que les détecteurs partageant des schémas de raisonne-
ment similaires (tels que capturés par SHAP) ont également
tendance a donner des prédictions d’anomalie similaires. Ce-
pendant, la similarité entre les modeles dépend du jeu de don-
nées. Plus précisément, le Tableau 2 montre les corrélations

1. https://github.com/jordanlv/Analyzing-SHAP-UOMS
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PS NDCG
P p
COPOD iy 0|10|5 |3 |15| 1|8 |5 |12]|16 |16 |18 COPOD
ECOD Ol 5 |25 |15 |26 | 21|24 |29 |19 |44 | 36 |40 ECOD
MCD - -0 | 5 [BULN 22 | 21 | 28 | 20 29 (35|21 |31 29|25 MCD -
LODA 4 10 | 25 | 22 [Nl 27 | 34 | 28 | 34 | 36 | 34 | 37 | 41 | 40 | 45 LODA 4 78 | 79
LOF 4 5 | 15 | 21 | 27 [ROLN 29 | 30 | 44 | 46 | =i | 36 | 44 42 LOF 4 80 | 81
DeepSVDD 4 3 | 26 | 28 | 34 | 29 QLN 31 47 | 46 DeepSVDD 4 79 | 82 100 E 85
HBOS 4 15 | 21 | 20 | 28 | 30 | 31 BN 33 9 | ‘W 6 0 HBOS 4 80 | 80 100
GMM 4 1 | 24 . 34 | 44 EEN 100 |58 | 60 64 6 GMM 4 79 | 82 | 81 | 82 85 E 100
CBLOF -4 8 |29 | 29 | 36 | 46 | 47 00 60 69 69 CBLOF {80 |82 | 72|83 86 87
KNN4 5 | 19| 35 | 34 A3 59 60 00 148 69 6 KNN 4 87 88
PCA-{ 12 | 44 | 21 | 37 | 36 47 60 9% 100 | 64 | 6 80 PCA 87 88
IForest 4 16 | 36 | 31 | 41 | 44 6 69 64 100 IForest - 89 88
AutoEncoder 4 16 | 40 | 29 | 40 64 69 69 6 (VN AutoEncoder - 86 88
OCSVM + 18 25 | 45 | 42 0 6 62 | 80 80 100 OCSVM - 87 89
0O 00 < ©u Qv s w2z < B 5 s 0O 00 < L Qv s Lz < B 5 s
o 0 a9 aoso=z9U ¢ 8= 0 0 oo Oapaosozu § 8=
€& O =0 - > a8 35z s 35 8 7 a O = O - > @ 5 g ¥ & 5 o 0
o m | QT 5] £ ¢ 9 o uw a QT 5] £ ¢ 9
] a = 5 © O 2 = 5 ©
[ S [ S
[a) 5 [s] =]
< <
Scores
P J
COPOD COPOD Nl 59 | 40 | 46 | 25 | 43 | 48 | 40 | 36 | 42 | 53 | 56 | 43 | 46
ECOD ECOD - 59 RISl 33 | 40 | 25 | 41 | 45 | 36 | 33 | 37 | 49 | 49 | 38 | 42
MCD E 100 50 MCD 4 40 | 33 [EKJol 40 | 30 | 40 | 39 | 45 | 43 | 46 | 50 | 49 | 43 | 50
LODA 65 LODA - 46 | 40 | 40 QMM 27 | 44 | 40 | 44 | 40 | 41 | 49 | 48 | 40 | 48
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FIGURE 1 - Similarité moyenne entre les modeles sur tous les jeux de données. Disposition : Haut-Gauche : corrélations des
valeurs SHAP ; Haut-Droite : NDCG des SHAP ; Bas-Gauche : corrélations des scores d’anomalie ; et Bas-Droite : similarités

de Jaccard.

entre 679 et §5¢°7¢5 et entre 67 et 67 pour chaque jeu de
données. Habituellement, les deux paires sont corrélées. Cer-
tains jeux de données montrent de fortes corrélations entre
les matrices (r3; > 0.5) comme AN, PI, TH ou VO, tandis
que d’autres ont une corrélation modérée ou faible entre les
deux matrices. Enfin, certains jeux de données intéressants
sont BR, LY ou YE ot 73, (679, §9¢0¢s) < 1 (675, 67).

Dans I’ensemble, la similarité des modeles est corrélée avec

leurs prédictions. Dans les sections suivantes, nous étudions
la combinaison de modeles éloignés dans les matrices de si-
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milarité pour améliorer les résultats globaux d’un ensemble.

4.4 Agrégation des prédictions des modeles

L’ objectif d’une méthode ensembliste est de combiner les
prédictions de plusieurs détecteurs pour créer une méthode
plus robuste. Un défi dans ce type de méthode est de sa-
voir comment agréger chaque prédiction. Chaque détecteur
d’anomalies produit un score d’anomalie et une prédiction
indiquant si un point de données est normal ou anormal.
Pour tirer véritablement parti de la spécialité de chaque
modele, nous utilisons les scores d’anomalie comme entrée



TABLE 1 — Corrélations de Mantel moyennes entre les ma-
trices de distance, moyennées sur les jeux de données. Toutes
les corrélations sont significatives (p < 0.004).

5PS 5NDCG 5Scores 5J
§rs 1.00  0.83 0.55  0.67
gNDCG 1.00 054 0.7
§Scores .00  0.76
57 1.00

TABLE 2 — Corrélations de Mantel (x 10?) entre les matrices
de distance pour chaque jeu de données.

Jeu de données 1y (679, 55°0res)  rp (675, 67)
AN 75 78
BR 22 51
GL 42 24
HE 26 51
LY 36 84
MA 56 51
PB 33 66
PI 55 52
ST 56 53
TH 72 76
VE 26 -4
VO 56 5
WB 18 15
WL 49 49
WN 26 30
YE 38 62

pour notre fonction d’agrégation. Les méthodes d’agrégation
connues pour ces scores incluent 1’utilisation du maximum,
de la moyenne arithmétique, ou la moyenne des rangs (une
méthode consistant a substituer les scores bruts par leur
classement d’anormalité avant de les moyenner) [ !]. Nous
avons évalué ces fonctions sur tous les ensembles possibles
de 3 modeles distincts parmi notre groupe de 14 modeles
(résultant en 364 ensembles) sur chaque jeu de données.
Compte tenu du déséquilibre de classe de chaque jeu de don-
nées, nous utilisons I’ Aire Sous la Courbe Précision-Rappel
(AUCPR) pour évaluer les performances. Comme le montre
le Tableau 3, I’agrégation par rang donne des résultats supé-
rieurs sur 11 des 16 jeux de données. Par conséquent, nous
adoptons I’agrégation par rang pour le reste de cette étude.

4.5 Complémentarité

Pour sélectionner les modeles les plus dissimilaires, nous
utilisons les matrices de dissimilarité D, ce qui donne des
matrices sur la distance entre deux détecteurs. De nouveau,
a partir du groupe de 14 modeles, nous avons construit des
ensembles de taille n = 3. Le Tableau 4 présente les cor-
rélations entre I’ AUCPR des ensembles et les distances de
diversité pour chaque matrice de dissimilarité. Une corréla-
tion positive entre la diversité et la performance implique
que I’augmentation de la diversité de I’ensemble conduit &
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TABLE 3 — AUCPR moyen (x102) entre tous les 364 en-
sembles avec les 3 principales stratégies d’agrégation. Les
meilleurs résultats sont en gras.

Jeu de données Rang Max Moyenne

AN 26 21 9

BR 98 59 49
GL 18 22 19
HE 84 64 47
LY 100 68 36
MA 30 8 4

PB 60 35 12
PI 55 45 42
ST 62 35 22
TH 58 28 5

VE 18 28 28
VO 41 11 8

WB 97 41 25
WL 6 9 7

WN 49 53 31
YE 37 40 39
moyenne 52 35 24

des résultats de détection supérieurs.

TABLE 4 — Corrélation (x 102) entre la distance des modeles
et ’AUCPR des ensembles. Les plus grands résultats sont
en gras.

Jeu de données §F5  FNDPCG  §Scores 57
AN -20 39 -1 -32
BR -0 -17 90 -39
GL 5 2 -33 -37
HE -28 -32 -48 -31
LY 15 -0 -29 16
MA -9 -68 -18 3
PB -18 21 -17 -4
PI 37 14 30 24
ST 40 15 15 36
TH -38 19 -12 -48
VE -44 -30 -12 -7
VO -66 -54 -0 -3
WB 51 36 -11 -28
WL 55 62 46 55
WN 43 48 7 1
YE 29 37 34 45
moyenne 3 5 -9 -4

Le tableau présente trois informations clés. Premicrement,
la sélection de la diversité a partir des valeurs SHAP tend
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a donner de meilleures performances que les sorties des
modeles (scores et prédictions). Sur 11 des 16 jeux de don-
nées, I'utilisation de 679 et 6V PCE comme diversité tend a
donner de meilleurs résultats que I’utilisation de §5°°7¢* et
57 . Deuxiémement, comme indiqué précédemment, la diver-
sité contribue a 1’apprentissage d’ensemble en élargissant
la gamme des anomalies détectées. Cependant, une sélec-
tion de modeles efficace doit également tenir compte de la
performance individuelle des modeles, un facteur non expli-
citement optimisé dans cette étude. Cette limitation explique
probablement pourquoi les corrélations entre les métriques
de distance et la performance restent modérées. De plus,
dans certains jeux de données, ces corrélations sont systé-
matiquement négatives, suggérant que la diversité n’est pas
toujours bénéfique. Ce phénomene se produit notamment
lorsqu’un seul modele est plus performant que les autres.
Dans de tels cas, la condition principale pour un ensemble
réussi est 1’inclusion de ce modele spécifique. De plus, des
corrélations négatives peuvent survenir dans des jeux de
données tres complexes ou tous les modeles présentent de
mauvaises performances. Dans ces scénarios, méme une
grande diversité ne peut pas compenser le manque de détec-
tion significative, entrainant un ensemble inefficace. Enfin,
il est intéressant de noter que les SHAP et les scores ne
montrent pas la méme diversité car les corrélations varient
entre les jeux de données. Par exemple, sur le jeu de don-
nées WB, les corrélations entre §5°°7* et 67 sont négatives,
tandis que 575 et §VPYC sont positives. Par conséquent,
les deux métriques mettent en évidence des diversités diffé-
rentes.

4.6 Diversité et performances individuelles

Bien que nous ayons montré que la diversité améliore la
performance de I’ensemble en élargissant la couverture des
anomalies, notre analyse précédente a négligé la précision
individuelle des modeles. Ici, nous affinons nos résultats
pour démontrer que malgré la valeur de la diversité, la qua-
lité individuelle de chaque modele reste un facteur critique.
Pour les besoins de cette section, nous utilisons 6% pour
quantifier la diversité.

La Figure 2 illustre I’importance de la performance indivi-
duelle de chaque modele pour obtenir un ensemble efficace.
Plus précisément, la Figure 2a présente les résultats pour le
jeu de données LY. Une corrélation claire entre la diversité,
la performance individuelle et la précision de 1’ensemble est
observable sur ce jeu de données. Cependant, cette corréla-
tion n’est pas toujours bénéfique. Dans certains scénarios,
imposer la diversité peut étre préjudiciable a I’ensemble. Par
exemple, la Figure 2b révéle que pour le jeu de données VO,
la diversité offre un gain négligeable et peut méme conduire
a des résultats sous-optimaux.

Pour évaluer I’impact relatif de la qualité du modele par
rapport a la diversité, nous avons effectué une régression li-
néaire pour prédire le gain de performance de 1’ensemble en
utilisant la performance individuelle moyenne et les scores
de diversité. Les poids résultants, présentés dans le Tableau 5,
indiquent que bien que la performance individuelle soit gé-
néralement le facteur dominant, la diversité joue un rdle
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complémentaire crucial. Dans 12 des 16 jeux de données, le
coefficient de diversité est positif, confirmant sa valeur en
tant qu’amplificateur de performance. Notamment, pour les
jeux de données WB et LY, le poids de la diversité rivalise
ou dépasse mé€me celui de la performance individuelle (ra-
tios de 1,2 et 0,8 respectivement). Dans 1’ensemble, avec un
ratio moyen de 0,2, la diversité joue un role secondaire mais
précieux dans la conception d’ensembles UAD.

TABLE 5 — Poids de régression linéaire (x102) prédisant
la performance de I’ensemble a partir de la performance
individuelle moyenne et de la diversité, ainsi que leur ratio
(vert : positif ; rouge : négatif).

Jeu de données Perf. Indiv. Diversité Ratio
AN 2.7 0.5 0.2
BR 6.3 2.0 0.3
GL 1.1 0.1 0.1
HE 6.5 0.5 0.1
LY 10.7 8.4 0.8
MA 34 0.7 0.2
PB 5.0 2.2 0.4
PI 1.7 0.2 0.1
ST 5.6 0.3 0.0
TH 5.7 1.7 0.3
VE 0.1 -0.0 -0.1
VO 7.5 -0.6 -0.1
WB 2.4 2.8 1.2
WL 0.0 0.0 0.4
WN 8.0 -0.1 -0.0
YE 0.3 -0.0 -0.0
moyenne 4.2 1.2 0.2
5 Conclusion

Nous avons présenté une méthodologie pour sélectionner des
modeles dans des ensembles UAD, basée sur la similarité
de leurs explications. Nous avons démontré que la diversité
s’avere bénéfique et permet d’améliorer les résultats. Nous
avons analysé quatre métriques de diversité : deux fondées
sur les explications SHAP et deux directement sur les sor-
ties des modeles. Ces métriques ont conduit a des résultats
différents lors de la sélection, indiquant qu’elles capturent
des formes de diversité distinctes. De maniere générale, les
métriques basées sur SHAP ont affiché des résultats supé-
rieurs a ceux basés sur les sorties. Enfin, nous avons établi
que malgré les avantages de la diversité, la performance in-
dividuelle des modeles reste le facteur décisif : des modeles
faibles mais diversifiés ne peuvent pas surpasser des modeles
forts mais similaires. Cette recherche tend 2 montrer que
I’explicabilité devrait étre davantage prise en compte dans
I’UOMS, car elle fournit de nouvelles informations sur le
comportement des modeles.

Une limite de notre approche réside dans le cofit de calcul de
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FIGURE 2 — Relation entre la diversité de 1’ensemble (donnée par 67%) et la performance individuelle moyenne. Chaque point
représente un ensemble de modeles. L’échelle de couleurs indique la performance globale de I’ensemble (AUCPR).

SHAP, qui peut devenir prohibitif pour les jeux de données
comportant un grand nombre d’instances ou de caractéris-
tiques. Cependant, le colt de calcul peut étre atténué en
utilisant des techniques d’approximation ou des modeles de
substitution. De plus, notre stratégie est agnostique quant
a la méthode d’explication, permettant 1’utilisation de tech-
niques d’interprétabilité moins coliteuses si nécessaire. Par
exemple, dans [/], les auteurs ont récemment démontré com-
ment 1’agrégation de profils de dépendance partielle (PDP)
sur un ensemble de modeles quasi-optimaux peut fournir
des métriques fiables pour I’incertitude et la robustesse des
explications.

Bien que nous ayons modélisé avec succes la diversité, I’ op-
timisation des modeles individuels constitue une perspective
d’évolution naturelle de ces travaux. L’ajustement fin des
hyperparametres permettrait de maximiser le potentiel de
chaque détecteur, offrant ainsi un levier supplémentaire pour
améliorer la performance globale de I’ensemble.
Concernant les travaux futurs, nous envisageons d’étudier la
divergence entre les similarités basées sur SHAP et celles is-
sues des sorties brutes afin d’affiner le processus de sélection
de modeles. Par ailleurs, la performance individuelle étant
critique, I’intégration de méthodes d’estimation de la qualité
des modeles au sein de notre méthodologie constitue une
priorité. Enfin, nous visons a étendre cette stratégie a I’'UAD
pour les séries temporelles, un domaine ou la complexité
accrue rend les approches ensemblistes particulierement per-
tinentes [ (].
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Abstract

Recommender systems increasingly shape information ex-
posure. As a result, auditing them has become a growing
necessity. A key challenge is to understand what can be in-
ferred about a recommender’s behaviour from black-box
observations alone, i.e., without access to its internals. In
this paper, we propose a method to audit recommender sys-
tems using a surrogate policy model. This surrogate policy
estimator provides a local approximation of the recommen-
der system’s behaviour with a characterized approximation
error. We establish the consistency and asymptotic norma-
lity of this estimator, enabling hypothesis testing. We then
propose a change detection task for assessing whether or
not the recommender has updated its behaviour.

Keywords

Auditing, recommender systems, surrogate models, inverse
reinforcement learning.

1 Introduction

Recommendation systems play a crucial filter role in mo-
dern information flows. This role can have a dramatic im-
pact on society [ |, 4, 15,5, |]. Emerging regulatory fra-
meworks, such as the EU Digital Services Act, increasingly
require that such systems be subject to external scrutiny.
Auditing a recommendation system, however, is conside-
rably more challenging than auditing a standard classifier.
The space of possible items’ states is huge [0]. The content
evolves through complex and unknown dynamics, and the
items’ features are difficult to assess. Moreover, the me-
mory effect from personalization induces a massive trajec-
tory space impossible to explore exhaustively. Finally, ex-
ternal parties typically do not have access to the model’s
internals.

To address these challenges and provide formal guarantees,
we adapt an inverse reinforcement learning (IRL) approach
to the recommender auditing problem. In classifier auditing
and explainability, the notion of a surrogate model is cen-
tral. We here explore the construction of a surrogate recom-
mender. We follow a two-step approach : 1) construct a lo-
cal approximation (a surrogate) of the target model, and 2)
conduct tests on the surrogate to obtain an audit decision.
See Figure | for an overview of the process.
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In order to illustrate a potential application of our surro-
gate construction approach, we consider the change detec-
tion problem. Change detection is arguably the simplest au-
dit task : observing a black-box model at two distinct time
intervals and deciding whether the underlying recommen-
dation mechanism has changed. This task is particularly
important for recommender systems, whose decisions mea-
ningfully shape exposure. Detecting changes is especially
crucial for sensitive topics, where a shift can signal a change
in the system’s neutrality or bias across competing view-
points.
To sum up, this paper provides the following contributions :
— We consider the recommendation system a black
box and we formalize a surrogate model. We show
that it converges consistently to an approximation
of the recommender’s behaviour under a few as-
sumptions. We show that the surrogate estimator is
asymptotically normally distributed.
We demonstrate the value of the surrogate estima-
tor and its asymptotic normality via its application
to the change detection problem. We establish a sta-
tistical test for detecting changes in the black-box
model.
We conduct experiments in a controlled environ-
ment to evaluate the effectiveness of our approach
in the change detection task.

2 Previous Work

Auditing recommender systems has been an active research
area for over a decade. Earlier works frame auditing from a
security perspective : a (passive) recommender may be sub-
jected to an external attack, which the audit aims to detect.
Several studies have been conducted on detecting manipu-
lations and shilling attacks in the recommendation systems
context [, /]. While these works introduce methods to de-
tect changes to the recommender’s behaviour, they are fo-
cused only on item-level anomalies.

Explaining the decisions of a recommender from a black
box perspective through local surrogate models is an ap-
proach explored in recent works such as LIME-RS [! 7],
LIRE [“], the LIME-RS adherence and constancy study
[7]. In [19] a model-agnostic framework was introduced
to produce faithful post-hoc explanations. Some works ex-
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plain why a particular item was recommended, e.g., through
counterfactual explanation methods [ *]. Others focus on the
recommender’s broader behaviour, e.g., through counter-
factual audit methods [V]. Overall, this line of work is pri-
marily focused on explainability. Compared to these works,
our adapted IRL-based approach comes with formal gua-
rantees in a favorable setting.

3 Problem Formulation
3.1 Black-Box Interaction Model

We model the target recommender as a black box that re-
commends items to a user from a corpus of n items indexed
by i € {1,2,...n}. We consider discrete recommendation
stepst € {1,2,...T}.

Each item is modeled as a discrete-time Markov chain
whose state evolves at each step (whether it got recommen-
ded or not). This state represents the item features used for
recommendation, for instance : number of views, age, or the
intrinsic toxicity of the item. At each step, we denote the
state of item ¢ € {1,2,...,n} by S; € S and the corpus’
state vector by C = (51, 5s,...,5,); the recommender
then selects an action vector A € {0,1}", where 4, = 1
indicates that item 7 is recommended and A; = 0 otherwise.
We assume that exactly m items are recommended at each
step. For readability, we omit the time index ¢ throughout,
all quantities S;, C, and A should be understood as referring
to a generic time step.

In the reinforcement learning literature, this setting is com-
monly known as a restless multi-armed bandit, in which the
recommender follows a policy 7 that, at each step, selects
which m items to recommend.

In addition, we assume that the observable information of
the black-box model is restricted to (i) a representation of
the items’ states in the form of a features matrix ®(C) €
R™*? whose i-th row is the feature vector ¢;(S;) € R? of
item 7; and (ii) the agent’s action A € {0,1}".

The model is observed at a time interval, during which we
observe IV distinct trajectories, of length 7. We denote the
trajectories by

T = (Prots Art) iy s

We therefore define the trajectories’ set

ke{l,...N}.

T={Ti}o,-

We write
Ti ~ Pr

for some law Pr on (R"Xd x {0, 1}”)T.

3.2 Surrogate Policy Model

In a recommender system, the decision to recommend an
item depends not only on the item itself, but also on the
other items in the corpus. Externally auditing such a system
becomes challenging when considering all factors at play.
To overcome this, we introduce a parametric surrogate mo-
del that bases its decisions on a scoring function, assigning
higher recommendation probabilities to items with higher
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scores. Our approach consists in transferring the essential
decision logic of the recommender to a simple, interpre-
table surrogate model with well-characterized asymptotic
behaviour that enables formal hypothesis testing.

We introduce I : S — R an index function defined as a
function that scores an item depending entirely on its state
S € S. Let X7 denote an index vector, and 7; denote a
soft-index-policy, such that

X1(C) == (0,1(S2) — I(S1),...1(Sy) —1(S1))

and 7 = st (X71)

where C = (S1,...5,), and st,, : R™ — (0,1)™ de-
notes the soft-top-m function, a smooth approximation of
the standard top-m operator. It is derived from the optimal
plan of an entropic transport problem [, 10].

By restricting the index function I to a parametric family
of functions, we can define a parametric surrogate model
based on the soft index policy 7;. By defining the surrogate
based on a smooth approximation rather than the top-m
operator itself, the model’s output becomes differentiable.
This enables gradient-based optimization and asymptotic
analysis. Because the surrogate policy is built on the soft-
top-m function [!¢], it is non-deterministic, and it recom-
mends m items in expectation.

In this work, inspired by LIME [ | 0], we consider linear mo-
dels for their efficiency as well as their intrinsic interpreta-
bility. We restrict the index I to be linear in ¢g € R?, where
¢s denotes the features of an item whose state is S € S, na-
mely

Iy(S) = 0" ¢s.

Hence, rather than considering an arbitrary index I, we res-
trict ourselves to the linear family induced by this parame-
trization.

Let Xg = X iy the linear surrogate model is then defined
by

o = Stm(Xg).

The purpose of the surrogate model is to approximate
the behaviour of the recommender’s policy. A good sur-
rogate should therefore reproduce the decision patterns of
the black-box model with a controlled approximation error,
while remaining simple enough to be interpretable.

4 Surrogate Policy Estimator

In order to approximate the recommender’s policy, we use
the maximum-likelihood approach. We first establish that
the surrogate model class can asymptotically reproduce
any index-policy. We then introduce an empirical estima-
tor used to fit the surrogate from data, and we establish its
consistency and asymptotic normality.
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FIGURE 1 — Overview of the surrogate model auditing framework with illustrative downstream application.

4.1 Surrogate Model Asymptotic Compatibi-
lity

Under the assumption that the recommendation system is
optimized with respect to some unknown objective, its po-
licy 7 is deterministic, since any unconstrained MDP ad-
mits a deterministic optimal policy. We also assume that
the recommender policy 7 admits an index representation,
ie.,

I e F(S,R), ¥C € S" ; n(C) = top-m I(S;)

where I : S — R denotes an index, and F(S,R) denotes
the set of functions from S to R.

We refer to any policy 7 that admits an index representation
as an index-policy. We define the set of all index-policies IT
as follows

n-{x

where F(S™, {0, 1}™) denotes the set of functions from S™
to {0,1}", and F(S,R) denotes the set of functions from
StoR.

7€ F(S8",{0,1}"),
Il € F(S,R); w(C) = top-m, I(S:) [

Theorem 1. Let 7 denote a recommender index-policy and
I its index, 71 denote a soft-index-policy with the same in-
dex I as the recommender; C denote the corpus’ state vector,
and X1(C) = (0,1(S2)—1(S1),...I(Sn)—1(51)) denote

the index vector. Then

I < e(lnn +1n2)
2= XI(S(Tm+1) - X](ng)

where ¢ > 0 is a parameter of the soft-top-m function [/ 5],
and o the sorting permutation of the vector X such that
X1(Ss,,) and X1(Sy,,. ) are the m-th and (m + 1)-th hi-
ghest values in the vector X.

I7(C) — m1(C)

121

The following theorem establishes that the surrogate mo-
del, despite using a smooth relaxation, can approximate any
index-policy arbitrarily well as the index values grow large.

Theorem 2. Let 11 be the set of all index policies. Then for
7w € Il an arbitrary index-policy, there exist a sequence of
indexes (I;) C F(S,R) such that

VC € 8™ m, (C) = w(C)

and VC € S"™ || I(C)| - Foo

where w1, = st (X1, ) a soft-index-policy, and I1.(C) de-
notes a vector such that It,(C) = (I.(S1), . . . I (Sn))-

Theorem 1 establishes the approximation error of the sur-
rogate policy model.

Theorem 2 implies that for any given recommender index
policy, there exists a sequence of surrogate policies (If)
realising an asymptotic approximation.

4.2 Maximum Likelihood Estimator

In this section, we define the surrogate policy estimator. We
proceed as follows : first, we formalize the population’s ne-
gative log-Likelihood risk, then introduce an L, penalty,
derive its empirical counterpart, and finally define the re-
sulting surrogate empirical estimator.

In order to have a well-defined population risk, we as-
sume that the second moments of the feature matrices ®,
in trajectories 7 are finite, i.e., E|[|[®||3 < oo for all
t € {1,...T}. This condition prevents feature values from
taking excessively large values too often, and is trivially sa-
tisfied when features are bounded.

Let 7y denote the policy defined by the surrogate model
parameterized by 6. We introduce the population risk L as
follows

RJCIA@QPFIA 2026
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LO) =Erep, | 3 ~logPy(4]®)

(®,A)eT

where Py(A | ®) denotes the conditional probability of the
action A being played by 7y knowing ®.

As established in Theorem 2, the minimizer of L lies on the
infinite boundaries of the parameter space § € R?, which
motivates penalizing the risk. Let L* denote the penalized
population criterion, defined by

LA(0) == L(9) + Alle]I3

where A > 0 denotes the regularization parameter.

The regularized population criterion L* is twice differen-
tiable and strongly convex in § € R? and therefore admits
a unique minimizer 6* € R¢,

0* := argmin L*(0).
OcRd
Let ﬁ;\v denote the empirical counterpart of the penali-
zed population criterion L*(#) on a sample of trajectories
T= (7})5\;1 We assume the independence of these trajec-
tories
iid

,7-17’757"'TNNPT'

We denote the empirical target as Oy, then

O := argmin L} (6).
HeR4
In this work, we focus primarily on the penalized estima-
tor since the unpenalized criterion may fail to admit a finite
minimizer. Therefore, from this point onward, we implicitly
consider the penalized version of quantities (criterion, tar-
get) unless stated otherwise.

4.3 Asymptotic Normality

We now explicitly characterize the convergence of our
surrogate estimator. First, we establish in Theorem 3 the
consistency of the estimator. We then derive the asymptotic
distribution using a standard Taylor expansion argument.
We include key steps of the derivation that introduce the
Hessian H and the covariance ¥ of the score vector. Defi-
ning these two terms is essential because they appear in the
asymptotic normal distribution result.

Theorem 3. Let 0* denote the population target parameter
of the surrogate policy estimator, and let 0 denote the em-
pirical counterpart from a sample of N trajectories. Then

éN L> 0*.
Implying that the surrogate policy estimator is consistent.

We write the empirical estimator as

N

; \ . 1

On =argmin Ly (0), Ly(0) = = > 1Tk, 0)
fER? Nk=1
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where [ (T, 8) denotes the instantaneous loss at the trajec-
tory 7, and defined by

PNTr,0) = | > —log Py(A|®)| + |63

(®,A)eT
Let ¥y : R — R? denote the score function defined by

W (0) = VoL (0).

Since ﬁf‘v is twice differentiable, the score function ¥ 5y and
its Jacobian VW y are well defined on R<.

Using the fact that W (fy) = 0 together with a Taylor
expansion of ¥ around 6%, we get

VN (éN - 9*) _ (V\I/N(éN))_l VNUN(6Y) (1)

where éN € R? lies between éN and 0%, i.e., éN is a convex
combination of 0 and 6*.
Because the Hessian of L is positive definite, and there-

N
fore invertible, the matrix (V\I/ N(f N)) is well defined.

Let H € R?*4 denote the Hessian of L™ at #*, then by LLN
we get

(Vonn)) QLR @)
N—+o00

Computational complexity. The Hessian H can be com-

puted in O(nd?) time and O(nd) memory, i.e., linearly in

the catalog size n.

Let X € R?*9 be the covariance matrix of VI* (7", 6*), then

by CLT we get

VN (6%) # N(0,%). 3)

Theorem 4. Let 6* denote the population target parameter
of the surrogate policy estimator, and let 0 5 denote the em-
pirical counterpart from a sample of N trajectories. Using
(1), (2), and (3) together with Slutsky’s theorem, we get

j . p* d -1 -1
\/N(QN e)mN(o,H SHY)
where > = Var(VI*T,0%)) and H = V2L (6*).

5 Change Detection Problem

Although surrogate policy estimation is our central contri-
bution, its value is best demonstrated through a concrete
downstream task. We use change detection as such a de-
monstration.

The model is observed at two non-overlapping episodes in-
dexed by e € {1,2}. During both episodes, we observe
N distinct trajectories, each of length 7', each observed in a
different corpus of items. In this setting, we test whether the
policy of the agent changed between episode 1 and episode
2 or remained unchanged.



Let 7m; and 75 be the agent’s policies at episode 1 and epi-
sode 2, respectively. The change detection problem consists
in deciding whether 7; is different from 75 based only on
observable information : T and T5. Formalized as a hypo-
thesis test, it can be written as
H6:7r1:71'27 Hi :m # 7.
Our approach to this problem is to use the surrogate policy
model, to estimate the agent’s policies in the two episodes,
then compare the two resulting policy estimates. Let 6% be
the population target parameter vector of the surrogate po-
licy estimator for episode e. We define the following hypo-
thesis test
H010T=9;7 Hlﬁ’f#%‘
Theorem 5. Let 07 be the population target parameter
vector of the surrogate policy estimator for episode e. Let
me = top-m(X.) be the true agent’s policy at episode e,
and X, the underlying index vector. Then

T = My —> 9?29;

By Theorem 5, we obtain H(’) = Hy. Therefore, if we
refute H, we can refute the null hypothesis Hy, and conse-
quently detect a change in the agent’s policy.

5.1 Wald Test

Let A = éQ — él denote the differencg in the estimators
between episode 1 and episode 2. Then A is asymptotically
normal, and under Hy,

14

N

where IV denotes the number of trajectories per episode.
and V = H~'XH~! denotes the asymptotic variance com-
mon to both episodes under Hy.

Let V, denote a consistent estimator of the asymptotic va-
riance at episode e. Let W denote the Wald test statistic

defined by
AN
Tt (Va o "
A ( : ) A

W$X3

A~N<0,2

w

Under H,

where d denotes the dimension of the parameters’ space.
Therefore, for a given significance level « € (0, 1), we re-
ject the null-hypotheses Hy, and consequently H|, : m1 =
o, Wwhen

w > d1—a

where g1 _,, denotes the (1 — a)-quantile of the x? distribu-
tion.
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FIGURE 2 — Empirical power (1 — ) as a function of the
sample size N for three separation values 7.
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FIGURE 3 — Empirical power (1 — ) as a function of the
sample size N for a small separation value v = 0.3.

6 Experimental Study

While previous results characterize the asymptotic correct-
ness of our approach, to be useful in practice an estimator
must provide accurate results in the finite-sample regime.
To that end, we evaluate change detection on synthetic data
using a controlled simulated environment, which allows us
to test our method’s performance across a range of settings.

Experimental setup. We simulate the behaviour of a re-
commender by a linear index-policy. We observe its deci-
sions across different sets of items, each of size n = 10. Its
interactions with each set of items yield a trajectory over
T = 5 consecutive recommendation steps. Each item is
characterized by three features : popularity, toxicity, and
profitability. The popularity value evolves in time while
toxicity and profitability stay unchanged, but all three are
randomly initialized. We conduct the change detection test
between two generated trajectory sets, one by a tfoxic po-
licy, and the other by a neutral policy ; both use the same
weights for popularity and profitability, 6,,, = 10 and
O, = 5. The toxic policy additionally assigns a positive
weight 6;,, = 7y to toxicity, whereas the neutral policy as-
signs a null weight to toxicity 0;,; = 0. Both simulated
policies prefer recommending popular and profitable items,
but the foxic recommender has systematic preferences for
toxic items, while the neutral recommender is indifferent

RJCIA@QPFIA 2026
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to toxicity.
In this setup, the change detection hypothesis test, introdu-
ced in Section 5, is formulated as

Hy : 9:01 = QZeut ) Hy : 9:01 75 e;kwut
where 6], and 6} _,,, denote the surrogate model’s estima-

tions of the weights vector of the foxic recommender and
the neutral recommender, respectively. We set the confi-
dence level in our experiments at (1 — o) = 95%.
The primary question in this section is the trade-off between
(i) cost, i.e., the number of observed trajectories required to
detect a change; (ii) separation, i.e., the distance between
the two tested policies; (iii) reliability, i.e., the ability to
detect a change when one occurs. We quantify the trade-off
between these three axes by the following metrics :
— Cost : N, the number of trajectories generated un-
der each policy.
— Separation :, the difference in the toxicity weights
between the two policies.
— Reliability : 1 — 3 (power), the probability of de-
tecting a change when one occurs.
The estimates are obtained via a gradient descent algorithm
by minimizing the empirical criterion.
We vary the cost and separation parameters in a grid where
N takes the values {40, 80, 120, 160, 200, 240, 280}, and
takes the values {0.3, 0.6, 1.0}. We repeat the test 20 times
for each pair (N, ), and we measure the empirical power
1 — B. See Figure 2.
In order to investigate the trade-off between the cost and
the reliability in the task of detecting a small change v =
0.3, we evaluate the power 1 — [ at a bigger scale of N €
{300, 400, 500, 600, 700, 800, 900, 1000}. See Figure 3.

7 Discussion

Limitations of the modeling. While our black-box mode-
ling choices simplify reality, we argue that they remain rea-
sonably aligned with it. First, assuming that the recommen-
der’s policy is index-based is not overly restrictive, since in
this type of sequential allocation problem the optimal po-
licy admits an index-based representation under mild condi-
tions [/ 7/]. Second, a linear surrogate may not adequately
represent abrupt policy shifts or strongly non-linear dyna-
mics ; extending the framework to non-linear surrogate mo-
dels lies outside the scope of this paper. Finally, the i.i.d. tra-
jectory assumption can be justified in practice by collecting
each trajectory from a different item set, or by separating
trajectories sufficiently to eliminate temporal dependence.

Feature observability. The items’ states in the present
work are represented by features that we assume capture
all the information relevant to the recommender. However,
it is usually impossible for an external party to observe that
representation in its entirety. In practice, auditors can ob-
serve a subset of the features. In that case, a change in
the recommender’s preferences with respect to the obser-
ved features can be detected, while a change orthogonal to
the observed information is invisible to the test. Moreover,
unobserved features that correlate with observed ones can
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cause omitted-variable bias in our estimates. The estimated
coefficients thus represent the recommender’s behavior pro-
jected onto the observed features space, which is sufficient
for auditing a change, though not for causal interpretation
of the features’ effects.

Beyond change detection. In the present work, we
construct a surrogate model that locally approximates a
recommender’s policy and that has statistical characteris-
tics that facilitate rigorous analysis. While we focus on the
change detection task in this work, the proposed framework
addresses a broader range of questions that we leave for fu-
ture work : What is the system optimizing ? Are there view-
point biases ? Can the system be manipulated ?

8 Conclusion

We proposed a framework for auditing black-box recom-
mender systems using a surrogate policy model. We derived
a simple surrogate policy estimator that provides a local ap-
proximation of the recommender system’s behaviour with
a characterized approximation error. We established consis-
tency and asymptotic normality of the surrogate policy es-
timator, enabling hypothesis testing and further analysis of
the local approximation. We demonstrated the auditing ca-
pability of the framework through a change detection task,
both theoretically and experimentally in a controlled simu-
lation environment.

This work opens several directions for future research. Ap-
plying the change detection method to real-world recom-
mender systems is an important next step. Moreover, the
proposed surrogate policy model can serve as a foundation
for a broader range of auditing tasks, such as bias identifi-
cation and fairness assessment.
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A Proofs

Proof of Theorem 1. Let m denote a recommender index-
policy and [ its index, m; denote a soft-index-policy
with the same index I as the recommender, C denote the
vector of the items’ state, and X;(C) = (0,1(S2) —
I(S1),...1(Sy) — I(S1)) denote the index vector.

‘We show that

e(lnn + 1n2)
XI(SO'M,+1) - XI(SUW)

where € > 0 is a parameter of the soft-top-m function [ ©],
and o the sorting permutation of the vector X;.

For simplicity we denote X = X;(C)

The concerned theorem, is a direct consequence of a result
in [| ] (Theorem 2). It states the following

[7(C) = w1 (C)ll2 <

e(lnn +1n2)
n(X1(So,.01) = X1(S5,.))
ey
where I';, ¢+ and I' are defined by (we suppress the X nota-
tion for simplicity)

IDsope(X) = T(X)||F <

Lyopt = arg lglin (Csoft, C) + eH(Loopt),

soft
s.t Fsoft12 =u, Fsoftln =v

and

I' =arg rr?n(l",C),
st 'y =wu, I'l, =v

where € > 0, u = (,...5) € R" v = ("5, %) and

C € R™*? guch that C;; = 22 and Cjp = (z; — 1)2.

By [ ¢] we have
7(C) = top-m(X) = n['(X) [0,1]"
and
71(C) = stin (X) = nlsop(X) [0,1]
Then
[77(C) = m(C)ll2 < n|Tsope(X) =T(X)[[r (2
By (1) and (2) we conclude
e(lnn+1n2)
[7(C) = m(C)]l2 < X1 (,s) = X1(S0)
O

Proof of Theorem 2. We show that for an arbitrary index-
policy 7 € II the following

A(Ix) C F(S,R) VC € 8™ 71, (C) 2 7(C)
where 7y, = st,,, (X7, ), and I;;(C) denotes a vector such

that I1,(C) = (Ix(S1), .. Ix(Sn)).
For simplification let X7, = Xj.
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the policy 7w admits an index-based structure, let I be its
index. Take a sequence of indexes I, = kI defined as the
recommender’s index times k. Since X}, is defined by

Xy = (0, Ix(S2) = I (S1), - - Ix(Sn) — 11(S1))

then X = kX where

X =(0,1(52) = I(S1), ... I(Sn) — 1(51))

The recommender’s policy @ = top-m X depends only
on the ranking of X, then it can also be written as 7 =
top-m kX.

Then we can consider 7 and 77, to have the same index I;,.
Hence, by Theorem 1, we have

I < e(lnn +1n2)
* = kX(S,,..) — kX(S,,)

I71,(C) = 7(C)

where o denotes a sorting permutation of X.
We have

e(lnn+1In2)

— 0
k(X (So,)

~ X(S5,.)) *

Then
71,(C) = 7(C)
Now we show that if 77, converges to 7, then
VC e 8" || Ix|| — oo.

We assume that I (C) does not diverge to infinity and we
show a contradiction.

Since I;(C) does not diverge to infinity, it is bounded and
By Bolzano—Weierstrass, it has a further sub-sequence

ij (C) — J e R™

Because st is continuous : 77, (C) = my(C).
Hence 7(C) = 7;(C), a contradiction because 7 (C) is a de-
terministic policy and 7 ;(C) is a non-deterministic policy
knowing J finite.

O

Proof of Theorem 3. Let 0* denote the population target
parameter of the surrogate policy estimator, and let Oy de-
note the empirical counterpart based on a sample of IV tra-
jectories. We show that the estimator is consistent, that is,

éN L 0*.

We begin by formulating the gradient and the Hessian of
one component of the instantaneous loss (at one state-action
pair instead of the whole trajectory). For simplicity, we de-
note this component by [, without explicitly writing the
state or time indices. We also denote by 7 the value of the



policy at a given state, viewed as a vector, and by T; its co-
ordinates. Let X denote the index vector, and let z; be its
i-th coordinate. We have

T = st (X).

Let R and R denote a partition of {1, 2., n}, where R
is the set of recommended indices and R is the set of non-
recommended ones. Then

l=-— Zlog(m) - Zlog(l — ).

i€ER i€R

The goal is to find VI and V2[. Then, by linearity of all the
criteria, we can derive any other gradient or Hessian. Since
the soft-index policies are defined as the minimizers of en-
tropic optimal transport problems [!¢], we know that they
are twice differentiable. This implies that all the criteria ba-
sed on such policies are also twice differentiable.
The KKT formula for the entropic OT problem in [
Proof of Theorem 1)

] (See

Fij = exp (
€

where f and g are the Lagrange multipliers.
We consider a small perturbation :
Fij — Pij + 5].—‘1‘]‘, T, — T+ 5$Z‘,

fi = fi+4fi,
We then obtain

gj = gj + 0g;-

(sz + 5gj — 5C”

5]?17 = Fij
’ €

Vi, j.
Since I" has constant marginals, we have
D 6Ty =0, > oLy =0.
i J
After some algebra, we obtain

{Uz’ 6fi+ 3214695 = ai,
> Lijofi+vjdg; = b,

where u and v denote the marginals of I'. The terms a; and
b; are given by

a; = 21—‘111’1 (51‘2 -+ QFZQ(J% — 1) (SIZ',
b1 = ZZF“@ 6l’i,
i
by =2 Tip(z; — 1) ;.
4

Knowing that m; = nI';2, and after some algebra, we get

>, w1 - m)ézr) |

2
omy = —mi(l —m;) ( dzy — W
T 67T( 7r)<a:
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where
W= ZT(T-(l — 7).
Therefore,
2 . .
om —W(l—ﬂi)ﬂj(l_ﬂj)a ifi # j,
;)2 (1 —m; .
(3%] E(1_7.‘-1.) (1_7T(VV7T)>7 ifi =j.

Then, after some algebra, we get the gradient of [ with res-
pectto X :

(m; — 1), ifi€R,

DN A | N

Vx,l= )
ifi € R.

— T,
€

Let M = I, — M’, where I,, is the identity matrix and M’
is the matrix whose entries are all zero except on the first
column, which is filled with ones. Then, by definition,

X =M,

where ® denotes the feature matrix and 6 denotes the para-
meter of the index.
Hence, the gradient of [ with respect to the parameter 6 is
Vi=0d"' MVl
=3 Vxl.

Using the expressions of V x[ and gg% ,

J
sian HX) of [ with respect to X :

we obtain the Hes-

4 e

) Wwi(l—m)(W—m(l—m)), ifi = j,
7=y o
*Wﬂi(lfﬂi)ﬂj(lfﬂj)a ifi#j.

We also obtain the Hessian H(?) of | with respect to 6 :
H® =o"MTH® M.
Notice that

B - S|
JF#i

forevery i € {1,...,n}.

Hence, HX) is positive semi-definite, and consequently
H® is also positive semi-definite. By linearity of the ex-
pectation and of the summation operator, we conclude that
the unpenalized risks L(f) and Ly(6) are convex. By
adding the /5-penalization term, the population criterion
L*(#) and its empirical counterpart L) (6) become 2\-
strongly convex (i.e., the Hessian matrices of both terms are
%= 2X\I; where I; denotes the identity matrix). In particular,
L* admits a unique minimizer 6*.

Since the trajectories 71, ..., Tx are i.i.d., the law of large
numbers gives, for any fixed § € R¢,

L (0) —— LX(0).
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Since Iij\\, is convex, L* has the unique minimizer 6*,
and L) (0) converges pointwise to L*(6) for every 6 €
R?, consistency follows from Newey and McFadden [ /7]
(Theorem 2.7) : A

O —— 6.

Hence, the surrogate policy estimator is consistent.
O

Proof of Theorem 4. Let 0* denote the population target
parameter of the surrogate policy estimator, and let Oy de-
note the empirical counterpart from a sample of N trajecto-
ries. We show that

VN(by —6%) -5 N (0, H'SHTY),
where ¥ = Var(VIN(T,6*)) and H = V2L (6*).
We write

E?V(G):%ZZA(T,C,Q), Un(0) = VoL ().
k=1

Then
L
A
o) = N k§:1 Vol (T, 0)

By Theorem 3, we have
Oy -2 6"

Since ﬁf‘\, is differentiable and @ N 18 its unique minimizer,
we have . o
Un(Oy) = VLN (Oy) = 0.

And since 6* is the unique minimizer of the population cri-
terion I*, we also have

VoL 6*) =0
E[VolN(T,0%)] = 0.
We now apply a Taylor expansion of W around 6*. Since

WU is continuously differentiable, there exists 6y between
On and 6* such that

0="Un(0n) =Un(0)+VENON)(On —07).
Rearranging gives
VN(Oy = 07) = =(VOn(0x) VN UN(07). (1)

We know that V2L (6y) = VU (fy) is positive defi-
nite, then its inverse in (1) is well defined.

We now study the the right-hand side of (1).

First, since 0 N L 9%, and 0 N a convex combination of 0 N
and 0%, it also converges in probability to *. Also,

VUN(On) = VEIN(ON) = Z VANTy, On).

k 1

By the law of large numbers we obtain

VU (On) 5 E[VANT,0%)] = V2L 6*) = H.
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Therefore

(VUN(ON) B H @)

Second, we have

N
quN = Z Tkve )

k:

The trajectories 717, ..., Ty are i.i.d., and

E[VINT,07)] = 0.
Hence, by the multivariate central limit theorem,

VNN 07 S N0, D), 3)

where
¥ = Var(VINT, 0%)).

Combining (1), (2), and (3) with Slutsky’s theorem yields

VN(@Oy —07) S —H'Z,  Z~N(0,%).
Since H is a Hessian matrix, it is symmetric, and since —Z
has the same distribution as Z, we get

~H'Z~N(,H'SH™).
Therefore

VN(by —07) 5 N (0, HT'SH™Y).

O

Proof of Theorem 5. Let 67 be the population target para-
meter vector of the surrogate policy estimator for episode
e. Let m. = top-m(X.) be the true agent’s policy at epi-
sode e, and X, the underlying index vector. We show

T = My —> 01‘:9;

In order to show that implication, we have to prove that a
well-defined mapping F'(7) = 6* exists.

Under the assumption that all trajectories are i.i.d, the initial
distribution of the features ®; is the same between episode
1 and episode 2.

Since the transition probabilities in the system depend only
on the current state and action, the joint distribution of the
features in a trajectory depend only on the policy that have
been played. Consequently, the joint distribution of the ac-
tions in a trajectory also depends only on the policy that has
been played.

Then the distribution of the trajectories Py depends only
on the policy that has been played. And we know that the
population target parameter vector is derived from the dis-
tribution the trajectories. Hence a mapping m — Pr — 0x.
We conclude

T =Ty = 07 =03.
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Résumé

Les erreurs de fixation sont des erreurs d’origine humaine
qui surviennent lorsqu’un individu se concentre de maniére
excessive sur une seule idée, une solution, une information
ou une perspective, au point d’ignorer d’autres possibilités
ou alternatives. Cet article présente un modele fondé sur la
logique formelle pour détecter des erreurs de fixation d’un
opérateur humain dans une situation critique. Les informa-
tions communiquées a I’ opérateur ainsi que ses actions sont
représentées par des prédicats. Nous utilisons la théorie
des fonctions de croyance pour calculer les états possibles
du monde, puis nous utilisons le résultat dans le cadre pos-
sibiliste pour déterminer si les actions de I’opérateur sont
cohérentes ou non pour alerter en temps réel I’opérateur
sur un risque de fixation. Nous illustrons ce fonctionnement
sur deux cas d’étude médicaux.

Mots-clés

Logique, Incertitude, Biais cognitifs, Théorie des possibili-
tés, Théorie des fonctions de croyances

Abstract

Fixation errors are human-induced errors caused by an ex-
cessive focus on a single idea, solution, piece of informa-
tion, or perspective, to the point of ignoring other possibi-
lities. This paper presents a logic-based model for detec-
ting fixation errors made by a human operator in a criti-
cal situation. The operator’s actions and the information
they receive are represented using predicates. We employ
belief functions theory to compute the possible states of the
world, and then utilize the possibilistic framework to de-
termine whether the operator’s actions are consistent with
these states. This enables real-time alerts to be issued to the
operator about a risk of fixation. We illustrate this approach
with two medical case studies.

Keywords

Logics-Based Modeling, Uncertainty, Cognitive Biases,
Possibility Theory, Theory of Belief Functions

1 Contexte et problématique

Le travail présenté dans cet article est réalisé dans le cadre
du projet ANR IDEFIX (artificial Intelligence to DisEngage

from FIXation) qui vise a décrire, étudier et prévenir les er-
reurs de fixations a I’aide d’un modele d’intelligence arti-
ficielle. Dans des domaines comme la médecine ou 1’avia-
tion, dans lesquels la décision de I’opérateur met en jeu des
vies humaines, il existe de nombreux outils ou méthodes
pour aider 1’opérateur dans sa décision. Les aides cogni-
tives [0, 2] sont tres utilisées : elles indiquent des conduites
a suivre ou des éléments & vérifier mais elles n’aident pas
toujours a identifier les bons diagnostics [*].

Les systemes d’aide a la décision peuvent aussi étre uti-
lisés [ /] mais ils présentent des risques de biais d’auto-
matisation [|°]. Dans le projet ANR IDEFIX, nous nous
intéressons a une autre approche qui consiste a utiliser I’in-
telligence artificielle pour alerter les opérateurs lorsqu’ils
se trouvent dans des situations ou ils pourraient étre vic-
times de biais de fixation. Le biais de fixation [Y] est un
cas particulier de biais cognitif [| 7] qui survient lorsqu’un
individu se concentre de maniere excessive sur une seule
idée, une solution, une information ou une perspective, au
point d’ignorer d’autres possibilités. Il est particulierement
critique en médecine ou en aviation et se retrouve sous dif-
férentes formes (tunnelisation, biais de confirmation, biais
d’ancrage) [V]. Notre objectif n’est donc pas de dire a I’opé-
rateur ce qu’il doit faire, comme dans un systeme d’aide a
la décision, mais de I’alerter d’un risque potentiel.

L’un des enjeux dans le déploiement d’un tel outil est celui
de I’explicabilité : un modele « boite noire » peut diffici-
lement indiquer a I’opérateur les raisons de I’alerte. C’est
pourquoi nous faisons le choix de nous appuyer sur un mo-
dele en logique formelle qui manipule une représentation
des informations et des actions de 1’opérateur. Concrete-
ment, dans le cadre du projet IDEFIX, les opérateurs sont
confrontés a des scénarios (congus par des experts métiers
et des psychologues) favorisant I’apparition de biais de fixa-
tion. Le modele informatique doit alors suivre en temps réel
les événements du scénario et alerter 1’opérateur en cas de
risque de fixation.

Nous espérons, a terme, montrer que 1I’IA permet de sortir
plus rapidement de la fixation. Dans cet article, nous pré-
sentons une premicre version du modele et du mécanisme
d’alerte.

La construction d’un tel modele souleve plusieurs problé-
matiques :
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1°) Pour créer des alertes pertinentes, il est nécessaire
d’évaluer la possibilit¢é d’une maladie (en médecine) ou
d’une panne (en aviation) au cours du temps a partir des
informations disponibles. Pour cela, il faut déterminer a
quel point chaque information est associée a une maladie
ou une panne, et comment ces associations se combinent
quand plusieurs informations concernent une méme mala-
die ou panne. Nous devons donc construire un modele lo-
gique capable d’effectuer des raisonnements de ce type.

2°) Les informations transmises a I’opérateur sont parfois
incompletes ou incertaines. De méme, les régles de raison-
nement qui relient ces observations aux maladies ou pannes
peuvent étre ambigués, ainsi que les reégles qui décrivent les
actions a effectuer pour les traiter. La raison en est qu’il
n’est pas possible de capturer 1’ensemble du réel dans des
regles exactes et qu’il est donc nécessaire de manipuler des
regles floues, avec de I’incertitude. Par exemple, une per-
sonne qui a la grippe a généralement de la ficvre, mais pas
toujours. Un traitement est recommandé contre la COVID,
sauf si le patient a des contre-indications, et cetera. Nous
aurons donc besoin d’un modele logique capable de mani-
puler des incertitudes aussi bien au niveau des prédicats
que des regles d’inférence.

3°) Les experts humains utilisent des regles propres a leur
métier pour réagir a des informations qu’ils recoivent. Ces
regles sont liées a des concepts situés a différents niveaux
d’abstraction que les experts manipulent dans leur raison-
nement. Par exemple lorsqu’un patient tousse, le médecin
pense a une infection pulmonaire (concept abstrait), sans
immédiatement décider entre une grippe ou une COVID
(concepts plus concrets). Il faut donc que notre modele mé-
tier supporte une modélisation hiérarchique des pannes et
des maladies pour pouvoir effectuer des raisonnements sur
des concepts de différents niveaux et les relier aux dif-
férentes actions. Mais surtout, ces actions peuvent nous
renseigner sur le processus de décomposition des possi-
bilités effectué par 1’opérateur dans son diagnostic. Par
exemple, demander un test bactérien permet d’isoler un
sous-ensemble de maladies infectieuses sans pour autant sa-
voir de quelle maladie précise il s’agit. Nous aurons donc
besoin d’un modéle métier qui permet de catégoriser des
concepts de différents niveaux d’abstraction.

Pour répondre a ces trois problématiques (et donc détecter
un potentiel biais de fixation), nous proposons dans cet ar-
ticle un modele logique capable de gérer 1’incertitude et de
suivre une exploration hiérarchique des pannes ou des ma-
ladies a I’aide d’un mécanisme d’inférence. Dans la pro-
chaine section, nous présentons les travaux sur lesquels
nous nous sommes appuyés pour construire ce modele.
Nous présentons dans la section 3 un premier cas d’étude
qui servira d’exemple pour illustrer notre approche. Nous
présentons le modele lui-méme dans la section 4, ainsi que
le résultat obtenu sur notre cas d’étude. Dans la section 5
nous appliquons notre approche a un cas d’étude du projet
IDEFIX. Enfin, nous discutons des limites et perspectives
de ce modele dans la section 7.
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2 Etat de I’Art

Un de nos objectifs (problématique n° 1) est d’évaluer la
possibilité des maladies ou pannes selon les événements qui
se présentent dans le scénario. Ces évenements peuvent étre
interprétés comme des symptdmes déclenchés par les mala-
dies et pannes elles-mémes, ce qui se traduit par des regles
logiques de la forme :

maladie /panne — symptome

Dans ce cadre, retrouver 1’origine du symptome consiste a
utiliser [’abduction logique. Des approches comme la lo-
gique abductive [+, 5] permettent de lister les causes pos-
sibles a partir des effets.

Dans nos travaux, nous avons besoin de combiner ces mo-
deles abductifs avec un modele de I’incertitude et avec un
modele de catégories hiérarchiques. Nous présentons dans
les sections suivantes différents travaux allant dans ce sens.

2.1 DP’incertitude

Pour modéliser le raisonnement de 1’opérateur, nous avons
besoin d’introduire de I’incertitude a la fois au niveau des
prédicats et au niveau des regles. 11 existe de nombreux tra-
vaux utilisant la logique pour le diagnostic médical, en par-
ticulier les systemes experts tels que MYCIN [~0] reposant
sur des regles logiques et des facteurs de certitude, et les ap-
proches bayésiennes [ 5, | |]. Cependant, une difficulté est
que nous n’avons pas connaissance des probabilités exactes
associées a chaque fait et regle dans le contexte, ce qui rend
difficile I’utilisation d’approches probabilistes, y compris
des approches bayésiennes de I’abduction [ 0].

Logiques possibilistes

Un cadre logique permettant 1’utilisation de poids non-
probabilistes est le cadre de la logique possibiliste [©]. Elle
vise a représenter et manipuler des connaissances incer-
taines qualitatives ou ordinales, sans recourir a une inter-
prétation fréquentiste ou strictement probabiliste. Chaque
formule logique est associée a un degré de nécessité (a
quel point elle est nécessairement vraie) ou de possibilité
(a quel point elle est possible d’apres les informations dis-
ponibles), compris entre 0 et 1. Ces degrés ne sont pas in-
terprétés comme des probabilités, mais comme des niveaux
de compatibilité avec 1’état du monde considéré. La com-
binaison des informations repose sur des opérateurs min
et maz, traduisant respectivement la conjonction prudente
des contraintes, et 1’agrégation de sources compatibles. Ce
cadre a été utilisé avec succes pour représenter des raison-
nements humains [ ©].

Cependant, dans nos travaux, nous faisons face a une diffi-
culté supplémentaire : dans les scénarios sur lesquels nous
travaillons, les observations sont nombreuses et peuvent
donner des informations contradictoires. Dans le cadre pos-
sibiliste, la révision et la fusion d’informations se font avec
les opérateurs min et maz, ce qui avec nos données ne per-
met pas de conserver la finesse nécessaire au diagnostic.
Si un symptome faiblement associé a un diagnostic donné
apparait, les symptomes suivants, méme tres significatifs de



ce méme diagnostic, seront absorbés sans pouvoir faire aug-
menter le degré de possibilité du diagnostic car I’algorithme
prendra le minimum des valeurs de possibilité.

Exemple

On cherche a maximiser la mesure de possibilité de 1’hy-
pothese H, qui peut étre soit Pneumonte, soit Covid. On
observe deux symptdmes : des nausées (représentées par
le prédicat nausee) puis un résultat de scanner caractéris-
tique d’une pneumonie (que nous noterons scan_p). La
nausée est tres peu associée aux deux hypotheses (0.1) tan-
dis que le résultat au scanner est trés associé a la pneumonie
(0.9) et treés peu a la COVID (0.1). La mesure de possibilité
conjointe est donnée par :

m(nausee, scan_p|H)
= min(m(nausee|H), n(scan_p|H))

Si H = Pneumonie :
m(nausee, scan_p|Pneumonie) = min(0.1,0.9) = 0.1

Si H = Covid :
m(nausee, scan_p| Covid) = min(0.1,0.1) = 0.1

Dans cet exemple, on dit alors que les deux hypotheses
Pneumonie et Covid expliquent les symptdmes avec la
méme mesure de possibilité (0.1). Pourtant, on voudrait
pouvoir associer I’hypothése Preumonie a une valeur plus
élevée, étant donné qu’elle est bien plus fortement associée
au résultat de scanner obtenu.

Théorie des fonctions de croyance

Une autre approche proposée dans la littérature est la théo-
rie des fonctions de croyance, introduite par Dempster [ /] et
formalisée par Shafer [ | V], qui introduit la notion de « pro-
babilités incertaines » : la probabilité associée a chaque fait
ou regle peut étre comprise dans un intervalle (au lieu d’une
valeur exacte). Elle permet ainsi de calculer la probabilité
associée a chaque panne ou maladie a partir d’informations
et de regles imprécises ou incertaines. En particulier, dans
un cadre abductif, elle permet de raisonner sur des situa-
tions dans lesquelles un méme symptdme peut €tre obtenu
de maniére incertaine a partir de pannes ou maladies diffé-
rentes. On définit pour cela une fonction de masse qui attri-
bue une valeur a chaque sous-ensemble de I’espace des hy-
potheses. La masse d’un ensemble représente la proportion
de faits qui supportent I’hypothese que 1’état du monde soit
dans cet ensemble et non dans un des sous-ensembles pos-
sibles. Elle représente donc a la fois le degré de certitude
que I’état soit dans un ensemble, et 1’absence d’informa-
tion permettant de préciser 1’état exact du monde. La regle
de combinaison de Dempster permet alors d’agréger deux
fonctions de masse indépendantes m; et mo définies sur le
méme ensemble d’hypotheses :

m=mi D me
Nous illustrerons ce calcul dans la section 4. Nous montre-

rons qu’il n’y a alors pas d’effet d’absorption lié aux opé-
rateurs min et max.
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Remarque

La théorie des fonctions de croyances suppose un cadre de
discernement (c’est-a-dire 1’ensemble des abductibles ex-
primés) qui est fermé. En d’autres termes, I’ensemble des
pannes ou maladies possibles doit étre exhaustif. C’est le
choix que nous avons fait dans notre modeéle méme si cette
hypothese pose plusieurs problémes que nous discuterons
dans la section 7.

2.2 La catégorisation

Le deuxiéme probleme auquel nous faisons face est que le
raisonnement des experts ne se situe pas directement au ni-
veau des maladies mais utilise des catégories de plus haut
niveau. Ce probléme a été bien étudié par la communauté
de I’ingénierie des connaissances, par exemple avec les lo-
giques de description [!]. Ces modeles permettent de rai-
sonner avec une représentation hiérarchique de la connais-
sance. Par exemple, on peut décrire qu’une atteinte pulmo-
naire provoque de la toux et en déduire que la grippe, qui
est une sous-classe des atteintes pulmonaires, provoque ce
symptdme. Dans notre cas, les actions menées par les opé-
rateurs lors de leur exploration des possibilités peuvent étre
associées a des catégories de maladies ou pannes de plus
haut niveau; les représenter permet donc de suivre leur rai-
sonnement. Par exemple, une radiographie thoracique peut
étre réalisée lorsqu’une atteinte pulmonaire est soupgonnée,
mais cela ne permet pas de savoir si I’opérateur envisage
une atteinte en particulier, comme une pneumonie.

Dans cet article, nous allons utiliser ce type de représen-
tation et combiner cette catégorisation avec la théorie des
fonctions de croyances pour mesurer la nécessité de la réa-
lisation ou non des actions associées aux catégories.

3 Cas d’étude

Le modele présenté dans la section suivante a été testé sur
un scénario tiré d’un exemple réel dans lequel un médecin
donne un traitement inadapté en raison d’un biais de fixa-
tion de type « tunnelisation » (c’est-a-dire une attention fo-
calisée sur un symptome ou une maladie particuliere) décrit
dans [”]. Nous utiliserons ce scénario pour illustrer les dif-
férents composants de notre modele. L’ implémentation de
ce modgle est disponible sur GitHub '.

Le scénario se déroule ainsi : un patient se présente avec
un ensemble de symptomes (toux, fievre, difficultés respira-
toires). Le médecin en charge fait alors une série d’actions
épistémiques (examens, tests, scanner) et regoit des résul-
tats. Il explore le diagnostic le plus probable, une pneu-
monie bactérienne typique, et donne le traitement asso-
cié. N’observant pas d’amélioration de 1’état du patient, ce
qui suggere un mauvais diagnostic, le médecin se tourne
ensuite vers un diagnostic trés peu probable, la COVID,
vraisemblablement en raison du contexte de pandémie au
moment des faits, et cela malgré des informations orien-
tant vers une pneumonie atypique. Il donne donc le mau-
vais traitement alors qu’il disposait des bonnes informa-

1. n 5://github.com/G rcher/RJCIA_2026
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tions (test COVID négatif, scanner suggérant fortement une
pneumonie).

[atteinte pulmonaire]

infectieuse

non infectieuse

bactérienne

COVID [grippe] [typique] [atypique]

FIGURE 1 — Hiérarchie des atteintes pulmonaires

La hiérarchie des maladies que nous considérons est re-
présentée sur la figure 1. Comme discuté dans la section
précédente, il s’agit d’un monde fermé (alors que cet arbre
est forcément tres incomplet). Cette hiérarchie nous permet
d’associer des actions a différentes catégories de maladies.

4 Modéele proposé

4.1 Principe général
Nous proposons de définir la fixation comme un écart
entre la possibilité d’une maladie et a quel point 1’opéra-
teur semble 1’envisager. Ainsi, un opérateur qui semble se
concentrer sur une possibilité considérée comme peu pro-
bable par le modele sera alerté d’un potentiel biais de fixa-
tion. L’algorithme évalue d’abord les pannes ou maladies
possibles a partir des observations pour déterminer celles
qui sont les plus probables. Il évalue ensuite les potentielles
erreurs de I’opérateur en observant ses actions.
Notre proposition se divise donc en deux grandes parties :
— La détermination de la probabilité de la maladie ou
panne, a partir des observations ;
— La détermination de la nécessité d’exécuter une ac-
tion d’apres des regles métier.
Selon le scénario, I’opérateur peut avoir a diagnostiquer une
panne, une anomalie... Dans cette partie, de part le choix
de notre cas d’étude, nous parlerons de suivi des maladies
pour décrire les pistes réelles pouvant étre explorées par les
opérateurs.

4.2 Associations observations — maladies

Cette premiere partie de notre modele s’appuie sur la théo-
rie des fonctions de croyances de Dempster-Shafer [ 1] et
la définition de fonctions de masses.

Considérons :

Q ={dy,...,d,} le cadre de discernement, corres-
pondant a I’ensemble fini des maladies possibles;

O ={o01,...,0r} I’ensemble des observations pos-
sibles (symptdmes, signes, résultats d’examens);
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29 I’ensemble des sous-ensembles de €.

Pour chaque observation o € O, nous devons définir
une fonction de masse sur I’ensemble des diagnostics pos-
sibles :

me = 2% — [0,1]

telle que :
> m(S)=1 et my(2)=0
scQ

Interprétation :

mo({d;}) représente le poids directement attribué a
la maladie d; par I’observation o;

me(S) avec |S| > 1, représente le poids associé aux
éléments de S, sans discrimination (I’observation
soutient un ensemble de maladies sans distinction)

m(2) modélise I'incertitude globale associée a1’ob-
servation.

Illustration sur le cas d’étude

Dans notre exemple, nous considérons 4 maladies (pneu-
monie typique, pneumonie atypique, grippe et COVID) :

Q = {pneumo_t, pneumo_a, grippe, covid }

et un ensemble d’observations correspondant aux symp-
tomes, aux résultats d’examens cliniques ou a 1’état général
du patient :

O = {toux, fievre, sat, rales, scanb, ac}

ol touz et fievre correspondent aux symptomes décrits par
le patient a son arrivée, sat représente une saturation en
oxygene normale mesurée par I’oxymetre, rales représente
la présence de rales crépitants a I’auscultation pulmonaire,
scanb représente la présence d’une structure en arbre en
bourgeon lors du scanner thoracique et ac représente une
amélioration générale de I’état du patient.

Il y a bien sir d’autres observations (symptomes, examens
ou description de I’état du patient) dans le scénario complet
mais nous nous limiterons a cette liste pour illustrer notre
modele dans cet article.

Les valeurs attribuées aux fonctions de masse de chaque
observation pour les maladies sont définies arbitrairement
(elles nous permettent simplement ici d’illustrer les proprié-
tés du modele, pas de valider un résultat médical).

Voici un exemple de fonction de masse : 1’observation
d’une structure en arbre en bourgeons au scanner thoracique
est un signe radiologique indiquant plutot une pneumonie.
Nous pouvons le représenter par :

0.8 — pneumo,
_J0.05 — grippe,
Mscant = 0.05 — cowvid,
0.1 —Q



avec pneumo = {pneumo_t,pneumo_a} le sous-
ensemble regroupant les deux pneumonies. L’ observation
scanb supporte donc fortement 1’hypothése « pneumonie »,
sans permettre de discriminer les deux types de pneumonie.
Remarquons que tous les sous-ensembles de () ne sont
pas associés a une valeur. La masse des ensembles non-
mentionnés est nulle. La masse d’(2 représente 1’incertitude
globale sur le diagnostic.

4.3 Calcul du score a partir des observations

Considérons A C ) un ensemble de maladies et deux ob-
servations o7 et oo dont on souhaite calculer la combinaison
des fonctions de masse (m,, ©m,,)(A). Dans la théorie de
Dempster-Shafer, le calcul de @ se fait de la maniere sui-
vante :

(Moy © Moy)(A) = —-

- ﬁ Z Mo, (B) Moy (C)

BNC=A

K= Z Mo, (B) mo, (C)
BNC=o

représente le degré de conflit entre les deux sources d’infor-
mation, mesurant la contradiction entre ces sources.
Cet opérateur combine donc les fonctions de masse de tous
les sous-ensembles qui soutiennent I’hypothese A pour les
deux observations.
Lorsque plusieurs observations sont faites dans un scénario,
nous notons m(A) le score final associé au diagnostic A
apres combinaison des fonctions de masses de toutes les
observations (A peut aussi bien étre une maladie dans (2,
ou une catégorie de maladies dans 2°) :

m(A) = (m01 oD mok)(A)

Ilustration sur le cas d’étude

Pour illustrer cette combinaison des fonctions de masse,
considérons deux observations : une saturation en oxygene
normale (sat), plutdt indicatrice de grippe ou de COVID, et
la présence de rales crépitants a 1’auscultation pulmonaire
(rales), plutdt indicateurs d’une pneumonie, sans que cela
permette de distinguer le type de bactérie responsable. Les
valeurs des fonctions de masse pour ces deux observations
sont décrites dans le tableau suivant :

A Mgat (A) Myales (A)
{pneumo} 0.2 0.60
{grippe} 0.30 0.10
{covid} 0.40 0.20
Q 0.10 0.10

Nous calculons alors la valeur du conflit K (ce qui est assez
simple dans notre cas puisque tous les éléments sauf €2 sont
disjoints) :

K = 02x(01+0.2)
+0.3x (0.640.2)
+0.4 x (0.64+0.1)
= 0.58.
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Les masses combinées sont alors déterminées comme suit
(avec 1 — K =0.42):

m({pneumo}) =
O%Q(msat({pneumo})) “ Myates ({pneumo})
+Mgat ({pneumo}) * Mygles ({Q})

+ WLsat({-Q}) * Mygles ({p”eumo}))
~0.476

m({grippe}) =
0,% (msat ({grippe}) * Mygles ({grippe})
+ Msat ({grippe}) * Myales ({Q})

+ Msat ({‘Q}) * Mrales ({grippe}))
~0.167

m({covid}) =
525 (Masat ({ covid}) - mpares ({ covid })
+ Msar ({ covid}) - Mypates ({2})
+ Mot ({2}) - Myates ({ covid}))
~0.334

m(Q) =
Olﬁ(msat(g) . mrales(Q))
~0.024

Remarquons que la combinaison des masses par ¢ permet
bien d’obtenir des valeurs reflétant les informations don-
nées par les deux symptomes, ou les poids peuvent étre ren-
forcés et affaiblis : ce type de résultat permet donc de dé-
terminer a quel point les maladies sont soutenues par toutes
les observations, et donc la pertinence qu’aurait le médecin
a les explorer (actions épistémiques) ou a les traiter (actions
curatives).

4.4 Modélisation des regles liées aux actions

La deuxieme partie de notre modele consiste a déterminer
la nécessité d’une action. Cela permet d’alerter I’opérateur
(i.e. le médecin dans notre exemple) d’un possible biais de
fixation s’il ne la fait pas. Pour cela, nous allons nous ap-
puyer sur la représentation hiérarchique des maladies.

Hiérarchie des maladies

Nous notons H la hiérarchie structurant les concepts de
différents niveaux que manipulent les opérateurs dans un
contexte donné (et dont un exemple est donné sur la fi-
gure 1). Ces concepts sont soit des éléments du cadre de dis-
cernement 2, soit des concepts plus abstraits, par exemple
infection_bacterienne qui regroupe les deux cas de pneu-
monie présents dans €.

Notons que la hiérarchie H peut aussi inclure des nceuds ne
correspondant a aucune maladie spécifique de notre étude,
tels que la catégorie « non infectieuse » sur la figure 1. Bien
qu’aucun élément de (2 n’appartienne a cette catégorie, sa
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représentation reste nécessaire dans notre modele : elle per-
met d’associer des actions spécifiques d’un médecin en pré-
sence de ce type de pathologie. Les éléments de {2 sont né-
cessairement des feuilles de H car ce sont les diagnostics
les plus concrets auxquels nous nous intéressons.

Le savoir-faire de 1’opérateur détermine les actions a en-
treprendre en fonction de la catégorie de maladie suspec-
tée. Nous représentons ces connaissances de 1’expert sous
forme de régles indiquant la nécessité o € [0, 1] de réaliser
une action a en présence d’un diagnostic C' € H :

[e3
C=a
Le degré de nécessité o représente la nécessité de 1’action
lorsque toutes les prémisses sont pleinement satisfaites.
Par exemple, en présence certaine d’une atteinte pulmo-

naire infectieuse d’origine bactérienne, il est nécessaire a
90% de prescrire des antibiotiques :

. 0.9 o
bacterienne —> antibio

Pour déterminer la nécessité d’une action, il nous faut com-
biner la nécessité d’appliquer une regle et la certitude que
nous avons sur un diagnostic. La théorie de Dempster-
Shafer qui a été pertinente pour fusionner les informations
issues des observations (comme nous 1’avons montré dans
la partie précédente), ne s’applique pas ici. En effet, il ne
s’agit pas de combiner différentes sources pour en déduire
des faits, mais de mettre en regard la confiance dans un
diagnostic et la nécessité de faire une action. Nous nous
placons donc dans un cadre possibiliste.

Dans ce contexte, nous interprétons les fonctions de masse
précédemment obtenues comme des degrés de nécessité au
sens possibiliste, c’est-a-dire la nécessité que le patient soit
atteint d’une maladie donnée.

Ainsi, pour tout concept C' € H, nous définissons son degré
de nécessité N (C) comme suit :

— Si C € Q, le degré de nécessité de la maladie est la
valeur donnée par la combinaison des fonctions de
masse pour toutes les observations :

N(C € Q) = m(C)

— Sinon, le degré de nécessité d’un concept de plus
haut niveau est défini comme la somme de sa masse
et des degrés de nécessité de ses fils :

N(C¢Q) =m(C)+ >  N(D)

Dis-a C

avec is-a la relation entre deux sommets de H :
Dis-a C si D est fils direct de C' dans I’arbre H.

Notons que la nécessité d’un concept qui ne généralise au-
cun élément de €) (comme « non infectieuse » dans notre
exemple) sera toujours nulle. Cela correspond au fait que,
dans le scénario considéré, cette catégorie de maladies est
extrémement peu probable et aurait di &tre écartée par
I’opérateur.
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Nécessité d’une action

Pour une regle donnée, en suivant le cadre de la logique
possibiliste présenté a la section 2, nous pouvons calculer
le degré de nécessité associé a I’action a comme la combi-
naison, avec 1’opérateur min, du degré de nécessité de C et
de celui de la regle :

N(a) = min(a, N(C))

Dans le cas général, lorsque plusieurs regles métier peuvent
conduire a la méme action, nous combinons ces regles avec
I’ opérateur max :

N(a) = max(min(a, N(C)))

c3a

Ainsi, le degré de nécessité d’une action correspond au
maximum, pour toutes les régles qui s’appliquent, du mi-
nimum entre :

— le degré de nécessité de la prémisse,
— le degré de nécessité de la regle logique associée.

L'utilisation du max pour combiner les nécessités induites
par plusieurs régles, plutdt que d’utiliser Dempster-Shafer,
se justifie par le fait que 1’on combine des nécessités et pas
des masses : a partir du moment oll une action est néces-
saire, cette nécessité ne peut pas étre amoindrie par le fait
qu’une autre regle la rend aussi nécessaire, mais a un degré
moindre.

Illustration sur le cas d’étude

Dans notre scénario, supposons que nous avons la reégle sui-
vante :

.. 0.9 . .
covid = traitement_covid

Si m({covid}) = 0.1 alors le degré de nécessité associé a
I’action traitement_covid est min(0.1,0.9) = 0.1.

Seuils d’alerte

Pour déterminer quand alerter I’opérateur qui n’effectue pas
une action nécessaire, nous définissons trois valeurs :

— un seuil d’alerte 7,,;, qui représente le degré de né-
cessité en-dessous duquel une action ne devrait ja-
mais étre faite;

un seuil d’alerte 7,,,,, qui représente le degré de né-
cessité a partir duquel une action devrait absolument
étre faite ;

une durée ¢ qui représente le délai maximum avant
une alerte pour les actions non effectuées.

Notre modele déclenche une alerte dans deux cas :

— T’opérateur fait I’action a alors que N (a) < Gumin,
— il existe une action a telle que N(a) > 0pq. depuis
au moins J, et qui n’a pas été effectuée.

La durée § permet de prendre en compte le temps nécessaire
a I’opérateur pour effectuer 1’action, et d’éviter les alarmes
intempestives.

Dans ces deux situations, nous considérons qu’il y a un
risque d’erreur de fixation de la part de I’opérateur.



4.5 Résultats sur le cas d’étude

Nous avons implémenté le scénario de notre cas d’étude
(voir section 3) avec des fonctions de masses définies
comme illustré dans la sous-section 4.3. Nous avons choisi
Omin = 0.2 comme seuil d’alerte pour les actions effec-
tuées et 0,4 = 1. Nous ne déclenchons donc pas d’alerte
pour les actions non-effectuées car nous ne considérons
dans ce scénario que les cas de fixation entrainant une ac-
tion non justifiée, en raison de 1’absence d’information sur
les autres actions possibles [].

La figure 2 illustre 1’évolution des masses des quatre ma-
ladies, de ’ensemble {2 (ignorance totale) ainsi que les va-
leurs du conflit . Nous voyons que la COVID est plus pro-
bable au début du scénario et diminue assez vite (apres les
premiers examens) alors que la masse associée a la pneu-
monie atypique augmente rapidement et domine les masses
des autres maladies. La valeur de K qui reste élevée montre
un conflit significatif pendant la majeure partie du scéna-
rio, jusqu’a ce que la bactérie responsable de la pneumonie
atypique soit découverte par un test.

1.0
0.8
—— Pneumonie Typique
0.6 Pneumonie Atypique
E — Gr|9pe
K —— Covid
0.4 —— Ignorance totale
— K (conflit)
0.2
0.0
0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Temps

FIGURE 2 — Masses et conflit cas n° 1

Au cours du scénario, le médecin effectue plusieurs actions.
Notre modele donne une alerte pour quatre d’entre elles :
— La premiere a ¢t = 9 lorsqu’il donne un traitement
permettant de soigner les pneumonies typiques. A
cette date, la masse associée a ce type de pneumonie
est particulierement faible.
Dans la réalité, il n’est pas anormal d’explorer cette
piste en premier. En 1’absence d’information com-
plémentaire, ce traitement va permettre au médecin
soit de guérir le patient, soit d’écarter la maladie la
plus probable en I’absence d’amélioration.
La seconde alerte a ¢ = 11 concerne un test CO-
VID : au lieu de persister dans la catégorie des in-
fections bactériennes, qui est 1’explication la plus
plausible, le médecin décide de tester la COVID qui
est peu probable au vu des informations.
Dans la réalité, le contexte général de la pandémie
en 2020 explique le choix de cette action épisté-
mique, peu invasive.
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— Malgré un test COVID négatif, le médecin décide
de donner un traitement anti COVID (¢ = 13) et de
réaliser un second test COVID (¢t = 14).

Il s’agit 1a manifestement d’erreurs de fixation.
Notre modele déclenche des alertes car la valeur at-
tribuée a COVID continue de décliner.

Ce scénario simple montre deux choses : premi€rement, que
toutes les situations d’alerte ne correspondent pas nécessai-
rement a des erreurs de fixation (f = 9ett = 11) : le méde-
cin peut avoir de bonnes raisons de faire une action qui ne
semble pas nécessaire. Deuxiemement, malgré la simplicité
des regles métier utilisées, notre modele est capable de re-
pérer une situation de fixation. Nous pouvons penser que si
le médecin avait été alerté, il n’aurait peut-étre pas fait 1’er-
reur de prescrire un traitement anti COVID. C’est justement
ce que nous voulons étudier dans le projet IDEFIX.

5 Un scénario du projet IDEFIX

Dans le cadre du projet ANR IDEFIX, des scénarios ins-
pirés de situations réellement vécues a 1’hdpital ont été
construits dans un but de formation des éleves médecins.
Ils sont congus spécialement pour conduire a une fixation.
Dans un de ces scénarios, le patient (qui est un manne-
quin de simulation médicale dans nos expériences) présente
des troubles neurologiques et des symptomes infectieux,
ce qui conduit & un premier diagnostic de méningite (co-
hérent avec ces symptdmes). Des informations ultérieures
viennent contredire ce diagnostic initial (le patient souffre
en réalité de deux pathologies : une grippe, expliquant les
symptomes infectieux, et un AVC, expliquant les troubles
neurologiques). Une trentaine d’éleéves de 1’école de mé-
decine de Lyon ont été confrontés a ce scénario et enregis-
trés (vidéo, audio et données du simulateur médical utilisé).
Les informations nécessaires a I’application de notre mo-
dele ont été extraites d’un de ces enregistrements afin de
nous permettre d’évaluer son potentiel sur un cas réel.

Modélisation des hypotheses multiples

Ce scénario présente une problématique particuliere : le
patient présente conjointement deux pathologies. Le cadre
de discernement (I’ensemble des hypotheses envisageables
dans la théorie des fonctions de croyances) est ici constitué
de la méningite, la grippe, I’AVC, et I’occurrence simul-
tanée d’une grippe et d’un AVC : les hypotheses du cadre
de discernement devant étre mutuellement exclusives, nous
gérons la présence de plusieurs pathologies simultanées en
les ajoutant explicitement au cadre de discernement. Ainsi,
{grippe} correspond a un patient atteint de grippe seule-
ment, tandis que {grippe_avc} correspond a un patient at-
teint de grippe et faisant un AVC.

Pour gérer I’attribution des masses dans ce cadre, lorsqu’un
symptome est lié a deux maladies du cadre de discerne-
ment qui peuvent €tre simultanées, on attribue la masse
au sous-ensemble comprenant tous les éléments du cadre
ou la maladie figure. Par exemple, si le test de la grippe
revient positif, on attribue la masse au sous-ensemble
{grippe, grippe_avc} indiquant qu’'une de ces deux hypo-
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theses est vraie (grippe seule ou grippe avec AVC) sans pou-
voir déterminer laquelle d’apres le résultat de test.

De la méme maniere, dans la modélisation de la néces-
sité des actions, si la grippe entraine une action, on écrira
que grippe V grippe_avc implique I’action : par exemple,

grippe NV grippe_avc = tamiflu signifie que si le mi-
nimum de « et de la masse associée a la grippe seule ou
a la grippe avec AVC dépasse un seuil donné, le médecin
devrait donner au patient le médicament antiviral Tamiflu,
indiqué contre la grippe.

Entrées du modéle : observations du médecin

Nous distinguons les observations de 1’opérateur, qui nous
renseignent sur 1’état du monde, et ses actions, qui nous
renseignent sur les hypotheses qu’il envisage. Toutes les
observations connues du participant sont utilisées en entrée
du modele de diagnostic (Dempster-Shafer), qu’elles soient
présentes dans le briefing pré-intervention ou qu’elles sur-
viennent lors du déroulement du scénario. Sont donc pris
en compte des facteurs de risques (age, fumeur, hyperten-
sion), des constantes vitales (fréquence cardiaque, pression
artérielle, saturation en oxygene), des symptomes apparais-
sant spontanément (état des pupilles, niveau de conscience),
et des résultats de tests ou d’actions réalisées (résultat de
ponction lombaire, réactions a un traitement).

Entrées du modéle : actions du médecin

Les actions de I’éleve médecin comprennent des actions
qu’il effectue directement et des actions qu’il délegue aI’in-
firmier anesthésiste. Dans notre modele, 1’action « examen
des pupilles » représente donc aussi bien I’examen des pu-
pilles par le médecin que le fait qu’il demande a I’infirmier
de les examiner. Nous distinguons également les actions de
prise d’information, dites épistémiques (comme 1’examen
des pupilles), des actions de traitement, dites pragmatiques
(par exemple administrer un antibiotique). Parmi ces der-
nieres, certaines actions ne servent qu’a stabiliser 1’état du
patient et ne sont pas spécifiques a une pathologie particu-
liere. Nous avons décidé de ne pas les représenter dans le
modele, car elles ne donnent pas lieu a des biais de fixation.
Nous n’avons pas non plus représenté les actions de verba-
lisation des hypotheses (« je crois qu’il a la grippe ») mais
nous verrons plus tard qu’elles pourraient étre utiles pour
valider notre modele.

Comme dans le premier cas d’étude, les pathologies consi-
dérées sont regroupées en catégories dans la hiérarchie
représentée sur la figure 3. Ces catégories sont utilisées
comme prémisses dans les régles de nécessité des actions.

Résultats

L’évolution des masses des différentes pathologies au cours
du scénario est illustrée sur la figure 4. At = 0, les masses
sont assez précises étant donné que les nombreuses infor-
mations données dans le briefing ont déja été enregistrées.
Si pendant la premiere moitié du scénario, I’hypothese de
la méningite est favorisée, elle diminue nettement a t = 16
au profit de I’hypothese de la grippe et de I’ AVC conjoints,
lorsqu’on apprend que le patient est positif a la grippe. Cette
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[infection bactériennej grippe

[méningite] [infections pulmonaires]

FIGURE 3 — Hiérarchie de pathologies du scénario

tendance se poursuit a ¢ = 28 lorsque le patient présente
une mydriase, un état de dilatation de la pupille caracté-
ristique de I’AVC. Nous pouvons aussi remarquer que la
masse de I’AVC seul reste a zéro car, des le début de la si-
mulation, il y a des indices clairs de maladie infectieuse,
qui rend impossible ce singleton. De méme, la masse de la
grippe seule reste assez basse en raison des symptomes qui
favorisent les sur-ensembles incluant aussi des affections
neurologiques.

Méningite
Grippe

AVC

Grippe et AVC
Conflit

0.8 4

0 5 10 15
Temps

FIGURE 4 — Masses et conflit cas n°2

Dans ce scénario, nous obtenons six alertes (avec les seuils
Omaz = 0.7 et oin = 0.3) en réaction aux actions de
I’éleve médecin. A partir de t = 16, alors que la masse de
I’ensemble avec grippe et AVC passe au dessus de 0,42,
nous recevons une premiere alerte indiquant que 1’action
«réaliser un scanner avec injection » (scanner permettant de
détecter I’AVC) doit étre réalisé, étant donné que le degré
de nécessité associé a cette regle est également supérieur
au seuil fixé. Il s’agit de la seule action spécifique a I’AVC
n’ayant pas encore été réalisée par I’opérateur dans ce scé-
nario. Dans la réalité, il sera intéressant de notifier ce type
d’action, qui pourrait permettre a I’opérateur d’envisager a
nouveau la piste de I’AVC.

Les cinq alertes déclenchées ensuite correspondent a des
actions spécifiques soit a la méningite, soit a des infections
respiratoires, qui n’auraient pas di étre réalisées d’apres le
modele, telle qu’un scanner thoracique. En réalité, bien que



les maladies détectables par ce test soient associées a des
masses tres faibles, réaliser ce type de test peut toujours
étre intéressant et surtout peu cofiteux pour le patient s’il
est stable.

En conclusion, le modele propose des alertes cohérentes sur
ce scénario en jugeant correctement les hypotheses les plus
probables, et serait capable de notifier un utilisateur a la
fois pour suggérer des actions et mettre en en avant des ac-
tions réalisées mais non-nécessaires, pouvant étre causées
par un biais de fixation. Il sera intéressant d’appliquer ce
modele avec les mémes parametres a d’autres participants
a I’étude sur ce méme scénario pour observer si les alertes
restent pertinentes. Les prochaines étapes du projet IDE-
FIX vont consister a voir si les indications de notre modele
permettent effectivement au médecin, sur ces mémes scé-
narios, de sortir plus tot de la fixation.

6 Discussion

L’approche permettant 1’évaluation des probabilités par la
théorie des fonctions de croyances semble montrer de bons
résultats sur le cas d’étude et le scénario du projet que nous
avons utilisés, mais elle présente aussi plusieurs limites.
En particulier, lorsque la valeur de K est trop élevée, Za-
deh montre dans [ 2] qu’il faut conserver une certaine pru-
dence dans I'interprétation des résultats. En effet, lorsque
les sources sont contradictoires, la normalisation amplifie
les masses des sous-ensembles non vides. Dans notre pre-
mier exemple, en sortie du modele, une seule maladie do-
mine trés largement les autres, alors que dans la réalité plu-
sieurs pistes sont probables en particulier en début de scé-
nario alors que peu d’informations sont encore disponibles.
De plus, dans notre modele, nous avons travaillé avec un
cadre de discernement fermé (considérant que toutes les hy-
pothéses sont représentées dans () et avec des hypotheses
mutuellement exclusives, comme le propose Shafer [1"].
Pourtant, travailler avec un cadre ouvert et pouvoir repré-
senter le fait que plusieurs hypotheses peuvent étre vraies
en méme temps serait plus proche de la réalité a laquelle
sont confrontés les opérateurs.

Enfin, I’attribution des masses est aussi une problématique
importante pour I’ utilisation de notre modele. Elle nécessite
une expertise métier dans un contexte spécifique a chaque
situation. Dans notre exemple, le choix des masses permet
de produire trois bonnes alertes mais il cause aussi une
alerte qu’il aurait été préférable d’éviter, alors que 1’opé-
rateur explore la possibilité d’une pneumonie typique.

La section suivante propose des pistes de résolution pour
les problématiques identifiées ici.

7 Conclusion et perspectives

Ce travail propose un modele formel pour la détection en
temps réel du biais de fixation chez les agents humains dans
des contextes critiques, en combinant deux approches com-
plémentaires : une modélisation de la réalité via la théorie
des fonctions de croyances (Dempster-Shafer) pour estimer
dynamiquement la nécessité des maladies ou pannes, et une
modélisation de la pertinence des actions possibles via la
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logique possibiliste pour déterminer si le comportement de
I’opérateur est conforme aux regles métier.

Parmi les problématiques citées dans la section 6, nous
avions noté que Dempster-Shafer suppose que tous les
éléments de € sont mutuellement exclusifs, ce qui n’est
pas toujours le cas dans les applications que nous envisa-
geons. Des modifications du cadre ont été proposées pour
prendre en compte la conjonctions de plusieurs hypotheses,
par exemple dans [*], Laurence Cholvy consideére que leur
conjonction est une hypothése que I’on ajoute explicite-
ment au cadre. Cela permet de mieux représenter la réalité
des problématiques auxquelles les opérateurs sont confron-
tés. Selon le nombre d’hypotheses considérées, le nombre
d’états peut exploser.

De plus, la théorie des fonctions de croyances suppose un
cadre de discernement fermé, comme nous 1’avons évoqué
dans la section 2 et la section 6. Nous faisons 1’hypothese
que toutes les maladies possibles sont décrites dans €2 puis
rassemblées dans 7. En pratique, ce n’est pas réaliste et
nous voudrions conserver la possibilité d’autres maladies
non représentées. Pour cela, il est possible de s’appuyer
sur le modele de croyances transférables [ | ] qui définit un
cadre similaire a la théorie des fonctions de croyances tout
en adoptant une hypotheése de monde ouvert, sans normali-
sation, ou la masse sur I’ensemble vide représente soit un
conflit réel, soit la possibilité que la vérité ne se situe pas
dans le cadre considéré. Ce modele pourrait théoriquement
permettre de mieux représenter 1’état du monde, en parti-
culier hors de scénarios contr6lés, mais c’est une piste qui
reste a explorer.

Enfin, nous avons souligné la problématique de 1’attribu-
tion des masses dans la théorie des fonctions de croyances.
Il faudra étre en mesure de calibrer les valeurs du modele
informatique pour chaque scénario (a 1’aide d’une méthode
de calcul de point fixe ou d’algorithmes évolutionnaires
d’exploration de I’espace des parametres comme CMA-
ES [10] qui est souvent utilisé en simulation) afin d’opti-
miser les différentes masses pour obtenir des résultats cor-
respondant a ceux observés dans nos scénarios réels avec
des médecins humains dans de bonnes conditions, c’est-a-
dire sans biais.

Malgré ces limites bien identifiées, notre travail ouvre des
perspectives intéressantes en termes de modélisation de
I’erreur humaine. Nous voudrions compléter notre modele
en y intégrant une représentation des désirs et intentions des
opérateurs, qui permettraient d’expliquer des actions qui ne
sont pas nécessairement des erreurs (par exemple lorsque
le médecin donne priorité a la survie du patient plutot qu’a
son diagnostic) et de prendre en compte les conditions et
effets des actions comme formalisé dans les logiques d’ac-
tion de type BDI. Nous voudrions aussi modéliser différents
niveaux d’urgence (au lieu de seuils fixes pour I’ensemble
des maladies) pour qu’une piste relativement peu probable
mais grave, donc représentant un risque important, puisse
étre explorée par 1’opérateur. Il pourrait au contraire étre
intéressant de ne produire certaines alertes qu’en situation
d’urgence et ainsi de ne pas saturer 1’opérateur, ce qui ris-
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querait de le désensibiliser et de diminuer sa réceptivité. De
plus, nous avons pu remarquer que certaines alertes pro-
duites dans nos expérimentations sont un peu trop rigides;
une action épistémique peu cofiteuse pour tester une mala-
die ou une panne, méme dont la masse est faible, n’est pas
nécessairement une erreur.

Enfin, dans le cadre du projet IDEFIX, ce mode¢le sera uti-
lisé sur différents scénarios, médicaux et aéronautiques, au-
prés de professionnels. Quatre scénarios en médecine ont
été implémentés et quatre autres en aviation sont en cours
d’implémentation. Nous modéliserons les activités des 30
sujets dans chaque domaine (aviation et médecine) a I’aide
de notre modele pour étudier 1’apparition d’alertes et déter-
miner comment calibrer notre modele en vue d’expérimen-
tations futures : les verbalisations des médecins lors des
scénarios seront alors des outils précieux pour évaluer la
pertinence des prédictions de notre modele.

En appliquant notre approche a ces différents scénarios,
nous pourrons Vérifier si le cadre de modélisation que nous
avons développé est suffisamment riche pour donner des ré-
sultats cohérents a la fois dans des contextes différents et
dans plusieurs domaines métiers.

A terme, nous espérons construire un modéle qui permette
non seulement d’alerter 1’opérateur sur la possibilité d’un
biais de fixation, mais aussi de produire des explications
sur ces alertes, ce qui peut les rendre plus acceptables par
I’humain. Notre objectif, dans une démarche d’interaction
humain-IA, est de proposer un modele d’TA explicable pour
aider les médecins et les pilotes a mieux éviter ces erreurs
qui peuvent avoir des conséquences dramatiques.
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