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The Rise of Composites
Constituents: Carbon Fibers carry 
Tension, Matrix ensures Load 
Transfer.
Result: A Unidirectional (UD) Ply.
Anisotropy: High strength in 
Longitudinal 0°, but weak in 
Transverse 90° & Shear.

A zoom on the stacking

To resist loads in all directions, we 
stack plies at specific angles: 
Design Variable: Stacking 
Sequence 
theta = [0, 45, 90, -45...]
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The Rise of Composites
Constituents: Carbon Fibers carry 
Tension, Matrix ensures Load 
Transfer.
Result: A Unidirectional (UD) Ply.
Anisotropy: High strength in 
Longitudinal 0°, but weak in 
Transverse 90° & Shear.

A zoom on the stacking

To resist loads in all directions, we 
stack plies at specific angles: 
Design Variable: Stacking 
Sequence 
theta = [0, 45, 90, -45...]

Problem: While one sequence gives a 
unique set of LPs, the reverse is not true. 
Multiple sequences can result in the 
same LPs.

Dual Representation
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Problem Statement: The Inverse Design Challenge
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The Bi-step Optimization process

Step 1 : First Level Problem (FLP - Continuous): Fast & Efficient (Convex 
problem)

Output (step 1) = Input (step2) = The set of optimal 
lamination parameters and the optimal  number of plies for 
each stacking.

Step 2 : Second Level Problem (SLP - Discrete): A 
"Stacking Sequence Retrieval" step to find actual 
manufacturing sequences (angles) matching the FLP target.

Slow & Computationally 
Expensive
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The Bi-step Optimization process

Step 1 : First Level Problem (FLP - Continuous): Fast & Efficient (Convex 
problem)

Output (step 1) = Input (step2) = The set of optimal 
lamination parameters and the optimal  number of plies for 
each stacking.

Step 2 : Second Level Problem (SLP - Discrete): A 
"Stacking Sequence Retrieval" step to find actual 
manufacturing sequences (angles) matching the FLP target.

Slow & Computationally 
Expensive

Local (Single panel)

➔ Symmetry 
➔ Contiguity
➔ Balance 
➔ Disorientation
➔ Proportion

“Feasible Stacking”
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The Bi-step Optimization process

Step 1 : First Level Problem (FLP - Continuous): Fast & Efficient (Convex 
problem)

Output (step 1) = Input (step2) = The set of optimal 
lamination parameters and the optimal  number of plies for 
each stacking.

Step 2 : Second Level Problem (SLP - Discrete): A 
"Stacking Sequence Retrieval" step to find actual 
manufacturing sequences (angles) matching the FLP target.

Slow & Computationally 
Expensive

Local (Single panel) Global (Multi panel)

➔ Symmetry 
➔ Contiguity
➔ Balance 
➔ Disorientation
➔ Proportion

➔ Blending
Stiffness Properties

“Feasible Stacking”



Airbus AmberAirbus Amber

8

Optimal design of laminated 
composite structures 

Single Panel Generation (Local)

SeqGPT
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Using Transformers to find a solution for the inverse problem

Analogy
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Using Transformers to find a solution for the inverse problem

Goal: Use Generative AI to generate 
feasible stacking sequences that match 
target Lamination Parameters LP’s.

Analogy
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Training: Learning Physics through Language Modeling
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Next token 
prediction
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Tokenizer

Next token 
prediction
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Training: Learning Physics through Language Modeling
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Tokenizer

Next token 
prediction

Validity rate
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Interpretability using attention score
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Global Local (Markovian constraint)

Correlation between plies generation and 
physical parameters is only due to Attention

Why are attention mechanisms so powerful ? : 
● Flexibility over time
● Flexibility over space 
● Parallelization
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Optimal design of laminated 
composite structures 

The Blending Constraint
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Compatibility
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The Blending Constraint : 
Each ply present in a thinner panel must continue 
into adjacent thicker panels to ensure a 
continuous load path across the structure.
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The SPD Approach
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Idea
● Generate a Starting Sequence (S)
● Generate Adjacent Panel by Ply drops/Ply 

insertions.

Ply drop (we dropped 
both 90° angles)

Ply Insertion 
(we insert -45° angles)

Easy ? But this is in 1D…

In 2D, it is more difficult because the order in which we 
generate the sequences is important.
➔ We need to define a path (Propagation Direction) 

that guarantees blending by construction.

SA

Valid Path
Generating the Thicker (Thinner) 
Pannel than generating Thinner 
(Thicker) ones after by Increasing 
(Decreasing) order.

Need

N : number of plies
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Idea:
● Generate a Starting Sequence (S)
● Generate Adjacent Panel by Ply drops/Ply 

insertions.

Ply drop (we dropped 
both 90° angles)

Ply Insertion 
(we insert -45° angles)

Easy ? But this is in 1D…

S

A

A

Valid Path
● N=19 and N=8 are 

compatible because they 
are generated from the 
same parent N=11.

● N=31 and N=8 are 
compatible because N=8 is 
a subsequence of N=11 
which is a subsequence of 
N=31.
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Idea:
● Generate a Starting Sequence (S)
● Generate Adjacent Panel by Ply drops/Ply 

insertions.

Ply drop (we dropped 
both 90° angles)

Ply Insertion 
(we insert -45° angles)

Easy ? But this is in 1D…

S

AA Invalid Path.
The Generation Path here is not 
a valid propagation direction.
We don’t have any guarantee 
that the sequence N=11 will be 
compatible with the sequence 
N=19.
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Optimal design of laminated 
composite structures 

Neural Beam Search 
○ ply drop 
○ ply insertion
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From Independent Generation to Constrained Decoding : Idea
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What we have developed for a single panel

SeqGPT
Buckling 
Parameters

What we need for the multi-panel case using SPD

SeqGPT
With 
Constrained 
Decoding

The statistically 
most probable 
sequence matching 
the physics.

Buckling 
Parameters

Parent 
Sequence

The statistically 
most probable 
sequence matching 
the physics 
AND 
compatible with the 
Parent Sequence
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From Independent Generation to Constrained Decoding : Architecture
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If one of those rules is broken the 
final sequence will not be feasible 
or compatible with the parent 
sequence

Sample of 
valid plies
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Optimal design of laminated 
composite structures 

Horseshoe Benchmark
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SPD definition
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Generation
     with
  SeqGPT 
        +   
    Beam
   Search

First Step 
Optimization
(we don’t plot the nemeth 
parameters here)

Propagation maps 
definition

Second step 
Retrieval

1619

19 26

22

22
2834

3538

30 32

22

28

19

19

26

24
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1 2 3
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19 26
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Delta plies = 0

Training time of seqGPT  : 
5-10 min 

Inference time to generate 
this table: 

4.5 seconds

(*) François-Xavier Irisarri, Agathe Lasseigne, Fabien Simon, and Rodolphe Le Riche. Evolutionary optimization of stacking 
sequence tables for composite structures with blending and ply-drop constraints. Journal of Composite Materials, 
48(26):3285–3303, 2014.

(*)
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Optimal design of laminated 
composite structures 

References : 

[3] NEUROLOGIC DECODING: (Un)supervised Neural Text Generation with Predicate 
Logic Constraints

[2] Optimal design of laminated composite structures with ply drops using
stacking sequence tables

[1] Optimization of Long Anisotropic Laminated Fiber Composite Panels with T-Shaped
Stiffeners

[4] The design of blended laminates regardless of the stack: The search
propagation direction
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Optimal design of laminated 
composite structures 
Another method without the SPD

Annexes
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A quick recall on genetic algorithm
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45min-1 Hour
Use of an SST

10 min
Multiple families of solutions
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Multiagent Optimization
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Objective function 
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1619

19 26

22

22
2834

3538

30 32

22

28

19

19

26

24

Problem..
edges = [(0, 1), (0, 8), (1, 9), (1, 2), (1, 
5), (8,9), (8,10), (9,11), (2,5), (2,3), 
(5,6), (3,6), (3,4), (4,7), (10,11), 
(11,12), (11,15), (12,13), (12,15), 
(15,16), (13,16), (13,14), (14,17)]
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Annexes

More details on seqGPT results
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Optimal design of laminated 
composite structures 

Benchmark of three different solutions
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Comparison between three different approaches
Feature Irisarri et al. (2014) Scardaoni & Montemurro (2022) SeqGPT 

Paradigm Monolithic Global Optimization Optimization Bi-step Optimization Bi-step

Phase 1 (Continuous) N/A Continuous parameter 
optimization

Continuous parameter optimization

Phase 2 (Discrete) Evolutionary Algorithm with Repair Multi-start Non-Linear 
Optimization (guided by SPD)

Neural Beam Search (using seqgpt)

Blending Costly constraint within the loop Constructed via SPD Constructed via SPD

Time Complexity 
Analysis

Scalability ? 

Combinatorial Explosion: Thicker 
sequences exponentially expand the discrete 
search space 4^N.
To maintain constant quality, Ngen and Npop 
mus increase.

Time Complexity 
Analysis
(Benchmark example)

Dimensionality Curse: Thicker sequences 
expand the search space, drastically increasing 
the density of local minima. 
=> To avoid premature convergence, N_start 
and N_iter must increase non-linearly, leading 
to Unpredictable Performance.

Linear Scalability: The constructive approach is 
immune to combinatorial explosion. The inference path is 
direct. 
=> Doubling the thickness exactly doubles the inference 
time, guaranteeing predictable performance with no 
hidden costs
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What Standard SeqGPT Does What we need for blending (using SPD)

Input : 

• Targets

• Target Thickness N

Input : 

• Targets

• Target Thickness N

• Parent sequence S_parent

Process : 
● Generates the statistically most probable sequence 

matching the physics.

Process : 
● Must generate the best sequence that is strictly a subset 

of S_parent (case N <= len(S_parent)) or a 
supersequence of S_parent (case N > len(S_parent)) 
AND 
The statistically most probable sequence matching the 
physics.

-> Buckling parameters
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Optimal design of laminated 
composite structures 

SPD Approach 

[2] The design of blended laminates regardless of the stack: The search
propagation direction
Marco Picchi Scardaoni a, Marco Montemurro b,
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Core Idea: Instead of retraining the model to learn complex rules, we constrain the inference process (Decoding).

Inspiration: NeuroLogic Decoding (Lu et 
al., 2021).

● Goal of the example: Force a 
language model to include specific 
words (logic constraints) without 
retraining.

● Method: Constrained Beam 
Search with Lookahead Pruning. 
If a branch cannot satisfy the logic 
in the future, it is cut immediately.

Inspiration: Constrained Decoding via Logic (Lu et al., 2021) [3]
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Adaptation: Constrained Decoding with seqGPT
We transpose this logic from Semantics to Topology.

C1  SST Topology : We must ensure this ply exists in the remaining parent 
sequence AND that choosing it leaves enough plies to reach the target 
thickness.

C2 Balance  : We verify that the remaining parent sequence contains a sufficient 
inventory of counter-angles to resolve any orientation imbalance before the 
end of the stack

C3 Proportion : we must have at least 10 % (min_percent)  of each angles

Hard Constraints
Second filter based on the score

Soft Constraints

SC 1 We lower the likelihood of choosing an angle if we have to skip many 
others to get to it

Beam search schema

First filter based on the constraints
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Constrained Decoding with seqGPT : Ply drop Example
Parent Sequence : [45, -45, 45, 45, -45, 45, -45, 0, -45, -45, 45, 90, -45]

Generated Sequence : [45, -45, 45, 45, -45, 0, -45, -45, 45, 90]

[45,-45]

45

0

90

-45

N = 13

N = 10

❌ PRUNED: C1 (Topology)
Action: Attempt Long Jump 
Reason: Remaining Parent Plies < Target Plies Needed 

❌ PRUNED: C1 (Topology)
Action: Attempt Long Jump 
Reason: Remaining Parent Plies < Target Plies Needed 

Score = 0.4

Score = 0.2

Score = 0.1

Score = 0.3
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Constrained Decoding with seqGPT : Ply drop Example (Second Filter
Parent Sequence : [45, -45, 45, 45, -45, 45, -45, 0, -45, -45, 45, 90, -45]

Generated Sequence : [45, -45, 45, 45, -45, 0, -45, -45, 45, 90]

[45,-45]

45

0

90

-45

N = 13

N = 10

C1(❌)

C1(❌)

0

90

-45

45

0

90

-45

45

C1(❌)

C1(❌)

C1(❌)

C1(❌)

(...)

(...)
Candidat
es

Sequence Cumulative 
Score

1 [45, -45, 45, 45, 
-45, 0, -45, -45, 
45, 90]

3,4

2 [45, -45, 45, 45, 
-45, 0, -45, 45, 
90, -45]

2,7

3 [45, -45, 45, 45, 
0, -45, -45, 45, 
90,-45]

2,4

4 [45, 45, 45, -45, 
0, -45, -45, 45, 
90, -45]

1,9
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SST : Ply-drop (Inspired from Irisarri work) [2] 
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Ply-drop : A particular spd 

Nmax = 31 Independent variables Note (*) :  
● Irisarri imposed a rigid Master Guide 

because Genetic Algorithms could 
not handle the combinatorial 
explosion of a flexible topology. 

=> He had to sacrifice design freedom for 
computational solvability.

● With SeqGPT it is possible to try 
different PD’s in a reasonable time.
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Budget = | Size_son - Size_parent |

Constrained 
Decoding 
with seqGPT

Ply drop algorithm

Insertion
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For our test base, we generate 
for each sequence of Irisarri 
solution, the buckling 
parameters and the number of 
plies.

The Benchmark & The Baseline Solution

46

 SST of Solution 1 in Table 6. Columns corresponding to the laminates of the panels are 
marked in bold letters. SB-cycles are numbered with Roman numerals. 

Baseline problem

Solution (Ply Drop SPD)

This is done in the first step (FLP)

Buckling
Constraints
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Cette 12ème édition d’APIA se tiendra à Arras, dans le cadre de la Plate-Forme Intelligence Artificielle. 
Nous recherchons des contributions pour illustrer des applications concrètes de l’IA et partager des 
travaux dont l’objet d’étude concerne des problèmes opérationnels ou des données réelles, et nous 
sommes particulièrement intéressés par les propositions qui mettront en avant les sujets suivants, en lien 
avec l’IA Agentique :

● Orchestration de systèmes complexes, collaboratifs
● Recherche de résultat optimum
● Délégation de raisonnement
● Traitement du langage multimodal, nouvelles applications

Dates APIA
● Envoi des résumés des soumissions : 15 février 2026 

(10 lignes au maximum, dans le style PFIA)
● Soumission des articles : 1er mars 2026
● Notification aux auteurs : 15 avril 2026
● Réception des versions définitives : 8 mai 2026
● Dates de la conférence : du 29 juin au 1er juillet 2026

https://pfia26.cril.fr/
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MLP
Input Strategy: We solve the inverse problem by injecting the targets at the start: Input = [ Buckling_Targets | Ply_1, Ply_2, ]

● Role: The attention mechanism creates a global context by calculating 
relationships between the current position and all previous tokens.

● Pattern Recognition: It detects prohibited patterns (like checking if placing a 90 
next to 0 would violate a learned constraint) while simultaneously tracking the 
Mechanical Targets.

● Contextual Alert: It effectively highlights discrepancies: "We are below the 
required % of 90° plies", “We are unbalanced” or "We need more stiffness to 
meet Buckling Target 1."

● Inverse Mapping: Instead of just looking at past plies, the model constantly 
"looks back" at the target parameters (P1-P4). It asks: "Given these targets, what 
ply is needed?"

● Conflict Resolution: The MLP processes this complex context where 
physical targets and manufacturing rules might conflict.

● Implicit Logic: It has learned to prioritize valid designs. For instance, even if 
a 0° ply is best for buckling, the MLP will output a 45°  ply if the "max 
contiguous" or "no 0/90" rule requires it.

● Final Output: It refines the embedding to strictly favor the optimal token (ply) 
that satisfies both mechanical and manufacturing constraints

The model is composed of multiple layers (or blocks), each containing an 
attention mechanism followed by an MLP.
➔ By stacking several of these attention + MLP blocks, the model can 

build increasingly sophisticated and nuanced representations, which 
leads to more accurate and coherent sequence generation.
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=> Sequences with length under 10 are out of the ODD.
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Annexes

More details on beam search constraints
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As described by Herencia et al.[1] and Scardaoni and Montemurro [4] , the 
optimization of complex composite structures is computationally expensive due to the 
nonconvex nature of the design space.

Goal : Accelerate Step 2 by replacing the 
slow Genetic Algorithm with a fast Neural 
Inference model (SeqGPT).

The Rules
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Context & Framework - The Bi-Step Optimization Strategy
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- Buckling parameters
- Sequences Lengths

       
SeqGPT 
with Beam 
Search

 Guided generation

GenAI:
GA:

Adaptable

Generalizable 
Training
& Fast Inference

Compatible with 
manufacturing

New
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Constrained Decoding with seqGPT : Ply drop Example (Valid Paths)
Parent Sequence : [45, -45, 45, 45, -45, 45, -45, 0, -45, -45, 45, 90, -45]

Generated Sequence : [45, -45, 45, 45, -45, 0, -45, -45, 45, 90]

[45,-45]

45

0

90

-45

N = 13

N = 10

✅ SELECTED: Index 3 (+45°) --------------------------- [v] 
C1 (Topology): OK Inventory (10 plies) > Needed (7 plies) 
[v] 
C2 (Local Rules): OK Diff: 90° (No 0/90 jump) 
Contiguous: 1 (Max 3) [v] 
C3 (Balance): OK Current Bal: +1 Solvency: Parent stock 
contains enough -45° to fix. [v] 
C4 (Quota): OK Path to mandatory 0° & 90° remains 
open.

✅ SELECTED: Index 4  (-45°) --------------------------- [v] 
C1 (Topology): OK Inventory (9 plies) > Needed (7 
plies) [v] 
C2 (Local Rules): OK Diff: 90° (No 0/90 jump) 
Contiguous: 1 (Max 3) [v] 
C3 (Balance): OK Current Bal: -1 Solvency: Parent 
stock contains enough +45° to fix. [v] 
C4 (Quota): OK Path to mandatory 0° & 90° remains 
open.

C1(❌)

C1(❌)
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Constrained Decoding with seqGPT : Ply drop Example (Proportion rule)
Parent Sequence : [45, -45, 45, 45, -45, 45, -45, 0, -45, -45, 45, 90, -45]

Generated Sequence : [45, -45, 45, 45, -45, 0, -45, -45, 45, 90]

[45, -45, 45, 45, -45, 45, -45]

N = 13

N = 10

Let’s consider one of the feasible path 

0

90

-45

45

❌ PRUNED: C4 (Quota Lookahead) 
Action: Attempt to pick +45° (Index 3) 
Lookahead: Taking this 45° skips the last compatible 
path to the 0°. Result: Cannot satisfy ISO 10% rule. 

C1(❌)

✅ SELECTED: Index 3 (0°) 
C1 (Topology): OK Inventory (5 plies) > Needed (3 plies)
C2 (Local Rules): OK Diff: 90° (No 0/90 jump) Contiguous: 1 (Max 3)
C3 (Balance): OK Current Bal: +1 Solvency: Parent stock contains 
enough -45° to fix. [v] 
C4 (Quota): OK Path to mandatory 0° & 90° remains open.

❌ PRUNED: C4 (Quota Lookahead) 
Action: Attempt to pick -45° (Index 4) 
Lookahead: Taking this -45° skips the last compatible 
path to the 0°. Result: Cannot satisfy ISO 10% rule. 
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Constrained Decoding with seqGPT : Ply drop Example (Balance and local rules)
Parent Sequence : [45, -45, 45, 45, -45, 45, -45, 0, -45, -45, 45, 90, -45]

Generated Sequence : [45, -45, 45, 45, -45, 0, -45, -45, 45, 90]

[45, -45, 45, 45, -45, 45, -45, 0]

N = 13

N = 10

Let’s consider one of the feasible path 

0

90

-45

45

C1(❌)

❌ PRUNED: C2 (Local Rules) 
Action: Attempt to pick +90 (Index 1) 
Lookahead: Taking this 90 will create a 0/90 jump which is not 
allowed

❌ PRUNED: C3 (Balance)
Action: Attempt to pick +45  (Index 3) 
Solvency: Parent does not  stock contains enough -45° to fix. [v] 
remain(-45) = 1 < |Current Bal| = 2  
( we also need rem_steps >= current balance)

✅ SELECTED: Index 4  (-45°) 
C1 (Topology): OK Inventory (4  plies) > Needed (1 ply)
C2 (Local Rules): OK Diff: 90° (No 0/90 jump) Contiguous: 1 (Max 3)
C3 (Balance): OK Current Bal: 0 Solvency: Parent stock contains 
enough -45° to fix. [v] 
C4 (Quota): OK Path to mandatory 90° remains open.
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Results with SST

Training time of seqGPT  : 
5-10 min 

Inference time to generate 
this table: 
2 seconds

What do we do about 
the case where we 
have transition between 
a seq with N = 2k and a 
seq with N=2k+1

Total Delta_plies = 7
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X_train[0,0] : [parameters] + [3, 4, 4, 3, 3,  1, 4, 2, 2, 1, 2, 2, 0, 0, 0, 0, 0, 0, 0, 0, 
0]

Shape :  (5,) (21,)

nn.Embedding(config.voc
ab_size, config.n_embd)

Output shape : (21,48)

nn.Linear(config.latent dim,  
config.n_embd),

Output shape : (1,48)

Positional array : Gives information about the position of each 
token

X : Embedding shape : (22,48)

E
N
C
O
D
E
R

[0,1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21]

nn.Embedding(config.block_size, 
config.n_embd)

Pos : Embedding shape : (22,48)

Addition  X = X + Pos -> because Each 
token needs to be “localized” in 
the sequence

self.lm_head = 
nn.Linear(config.n_em
bd, config.vocab_size, 
bias=False)

X : Embedding shape : (22,48)

 X = X + Pos -> because Each 
token needs to be “localized” in 
the sequence

After Embedding…

Attention + MLP 
Blocks 
(n_heads attention block )
(n_layers MLP blocks)

better_X : Embedding 
shape : (22,48)

logits: Embedding 
shape : (22,5)

Last Layer
To projects our 
Embedding into logits

Probabilities
Shape : (22,5)

SoftmaxUnembedding
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SeqGPT

6 48

48 192 3

192 48 3

48 16 3 3

16 48 3 3

16 48 3 3

16 48 3 3

48 6
288

6912

6912

6912

6912

27648

27648

288

83520 

A
T
T
E
N
T
I
O
N

1
/
3

2
/
3

M
L
P
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Séquence 0 : [ 1.0003,  1.5773,  0.0000,  0.0000, 14.0000]

Séquence 5 : [ 1.0934,  1.9508,  0.0000,  0.0000, 21.0000]

Sequences : [3, 4, 2, 1, 4, 1, 3]  [3, 4, 2, 4, 1, 1, 3]
Parameters: [1.0321849 , 1.47879003, 0.03464391, 0.03251711], 
[ 1.07005468e+00,  1.63965861e+00, -9.93e-17,-6.50e-17]
Errors: [0.0576331357046758, 0.08475433118895138]

Sequences :
[3, 4, 4, 2, 3, 3, 4, 2, 1, 1, 1], [3, 4, 4, 2, 3, 3, 4, 2, 1, 2, 1], [3, 4, 4, 3, 2, 2, 4, 3, 1, 1, 1], 
Parameters:[
[1.10212972, 1.93909147, 0.0000847900229, 0.0000698038421],
[1.1066388, 1.94219748, 0.0000852732905, 0.0000696307766], 
[1.10777241, 1.91697368, -0.00603158, -0.00491507], 
Errors : 
[0.010879964824355515, 0.015802309971113322, 0.019056462069878863]

Impact of Sample Size on Sequence 
Reconstruction Error

N = 50 is sufficient to keep the error below 10%.
Higher sample counts (N=250) stabilize the prediction, keeping the error 
consistently below the 5% threshold when the length is not too small. 
Increasing the sample size more (N=450) offers negligible improvement.
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A new method : seqGPT
Generate a meaningful            ⇔      Generate a feasible     
Sentence that answer a prompt    Sequence that target    

But How to condition it ? 

Idea : 
● We are adding the lamination parameters-length in the 

beginning of each sequence :  (LP’s = prompt)
➔ The model’s attention mechanism uses both previous 

tokens and these parameters at every step.
➔ This allows the model to generate sequences directly 

influenced by the lamination parameters.

It’s a simple, effective* way to condition generation without extra 
architectural changes.

 (*) Adding lamination parameters as conditioning inputs reduces the 
training loss more quickly and to a lower value.

buckling (or lamination) 
parameters
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X_train[0,0] : [3, 4, 4, 3, 3,  1, 4, 2, 2, 1, 2, 2, 0, 0, 0, 0, 0, 0, 0, 0, 0]

y_train[0,0]:  [4, 4, 3, 3, 1,  4, 2, 2, 1, 2, 2, 5, 0, 0, 0, 0, 0, 0, 0, 0, 0]

… And ignore 0

6 tokens : 0 : Padding ; 5 : End of the sequence 
1 : 0° 2 : 90°  3 : 45° 4 : -45°

Unconditional Conditional

X_train[0,0]          +[3, 4, 4, 3, 3,  1, 4, 2, 2, 1, 2, 2, 0, 0, 0, 0, 0, 0, 0, 0, 0]

y_train[0,0]  [padding]   + [4, 4, 3, 3, 1,  4, 2, 2, 1, 2, 2, 5, 0, 0, 0, 0, 0, 0, 0, 0, 0]
… And ignore 0

[parameters]

And ignore padding

Attention

……

Time = 50 min 
(we could stop the training after 15 min)

With a current loss of 0.6 against a random baseline of ~1.6, 
the model demonstrates strong predictive power. While this 
result confirms effective learning, there is still margin for 
refinement

The Loss: (same for both conditional and unconditional)

If j is the real class for the token 
i
If not
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Blending 
Constraint

SPD 
(Search 
Propagation 
Direction) [4]

31 = 11 - 8 + 19-11 + 31 - 19  
Number of indep 
variables 39 = 31 + (19 - 11) 31 = 31 - 8 + 31-11 + 19 -8


