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Contextual optimisation
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> You observe a set of designs {x;}
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Contextual optimisation

Imagine...

> You observe a set of designs {x;}
» Each design x; is a solution of an unknown optimisation model
» This model depends on an observed context w;

» You’d like to learn how to generate new designs from new contexts w
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8 9 4 3 ! LGVSVGDYVEVKKVD
w X w X
Sudoku grid with solution Protein structure with its sequence

The model is written as a pairwise Graphical Model
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Pairwise graphical model (weighted CP)

Reminder
> Aset X of variables nvariables
» Variable x; has domain D; max. size d
> A set of cost functions ¢j: Dy x Dy — R U {oo}
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Pairwise graphical model (weighted CP)

Reminder
> Aset X of variables nvariables
» Variable x; has domain D; max. size d
> A set of cost functions ¢j: Dy x Dy — R U {oo}

Variables and parameters/costs

» The joint cost C(-) is the sum of all cost functions Cost Function Network
> |t defines a probability distribution: P(x) o exp(—C(x)) Markov Random Field
» Normalizing constant is #P-hard to compute

317 INRAC



The neuro-symbolic architecture
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The neuro-symbolic architecture
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The neuro-symbolic architecture

Sudoku
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Issues
» Gradients either zero or undefined

> Requires to repeatedly solve random NP-hard instances

417 INRAC



The neuro-symbolic architecture
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Natural choice: the negative loglikelihood #P-hard
» E-PLL loss: improves Besag’s pseudo-loglikelihood [1] (sublinear) ICAI23[6]

. o e Py Scalable Coupling of Deep Learning with Logical Reasoning*
> Kicks the solver out of the training loop (scalable training)
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Many approaches

The hardness of Sudoku grids depends on the number of given (17 is minimal).

Type Approach Acc. #given Trainset Train time (h)
DL RRN NeurlPS18[11] 96.6% 17 180,000 >50
Rec. Trans. ICLR23[13] 96.7% 17 180,000 >50
DDPM ICLR25[14] 99.2—-100% 33.8 100,000 13.6
DDPM 0.2% 17 - -
Relax+DL  SATNet ICML19[12] 95.1-99.8% 36.2 9,000 2.9
SATNet 86.1-86.2% 17 - -
Cco MaxSAT IJCAI23[2] 100% - 200 0.01
CO+ML  GMJAPLL CP2020[3] 100% 17 9,000 1.5
CO+DL Struc. Perceptron ||CAI23[6] 100% 17 1,000 >50
E-NPLL [JCAI23[6] 100% 17 100 0.05
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Learning to play Visual Sudoku
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Learns symbols and rules simultaneously
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» The meaning of the given is removed from the training set label
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> For the E-PLL, we use their optimal values given the currently learned model
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Comparison with state-of-the-art (same dataset)

Approach Solved Training (h)
Rec. Trans. ICLR23[13] 75.6% 5.1
NeSy. Prog. Neurlps23(8]  92.2—94.4% 4.7
E-PLL jcai23[6] 93.4% 3.2
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Application to Decision-focused learning

Decision Focused Learning

» Assumes constraints are known
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Application to Decision-focused learning

Decision Focused Learning

> Assumes constraints are known
» Data: pairs (w, ¢) where ¢ define the criterion parameters
> Aim: minimize regret (difference in real cost of the predicted and optimal solution)

We can compute the optimal solution x* and compare to a DFL approach
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MinCut and MaxCut solving

Simple model

> Node variables: side of the cut

» MaxCut cost matrix o identity (/)
» MinCut cost matrix o< (1 —I)

» Predicted multipliers, E-PLL
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MinCut, MaxCut, Regret and SPO+ [7]
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Learning to design proteins: Effie

PDB Design
200,000 (w, x) constraints
v v
solver «
W — Neural net Model
toulbar2

P(x|w)
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Comparison with recent models

Outperforms all-atoms Rosetta scoring functions

> Metric: Native Sequence Recovery rate (NSR)

Approach Rosetta  Effie
NSR  17.9% 32.8%
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Comparison with recent models

Outperforms all-atoms Rosetta scoring functions

> Metric: Native Sequence Recovery rate (NSR)

Approach Rosetta  Effie
NSR  17.9% 32.8%

Outperforms recent pure Deep Learning scoring functions

ProteinMPNN  Effie
NSR 45.9% 48.4%
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Predicting SARS-CoV2 variants

RBD

Enumerate CoViD variants with a bounded number of mutations
» Uses only the initial March 2020 RBD-ACE2 structure + Effieftoulbar2
> Relies on a global constraint to bound mutations [9]
» Predicts all the first SARS-CoV2 VoCs (a, 3,7, 0, K, ¢, A and )
» In afew seconds, on one CPU-thread.

Approach experimentally shown to predict contagious antibody-resistant variants [5]
Also designed experimentally tested anti-SARS-CoV-2 nanobody binders
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Design of an enzyme organizing platform

Design of an heteromeric hexamer

o M tbi
> Design A and A that self-assemble as VA¥ but not as VA¥ or VAV mEnE——

» Compare Effie+tb2 (bi-criteria [4]) with ProteinMPNN (multi-state)

AVA
av

AVA
A/ \4
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How oftenis "4 better than ":v?

Scoring —  Effie  PMPNN

Effie 100% 99.5%
PMPNN 30% 82.6%
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How oftenis "4 better than ":v?
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Conclusions

A Neural Net, a GM, and a discrete optimizer in a NeSy autoencoder

> A NeSy Generative Al that benefits from each component
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Conclusions

A Neural Net, a GM, and a discrete optimizer in a NeSy autoencoder

> A NeSy Generative Al that benefits from each component

> Neural Network: ideal to extract a representation of P(x|w) from raw inputs
> Represented as a GM in a fully explorable and controllable latent layer

» Using discrete optimisation (toulbar2) that accepts side constraints

> All this with scalable training
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Learning to play Many-Solutions Sudokus

Sudokus have only one solution (single target for DL)

» Existing DL architectures fail on many-solutions Sudokus [10]
> Corrected using a Reinforcement learning approach

» Training set with 5 solutions per instance

> Ability to generate additional solutions
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Learning to play Many-Solutions Sudokus

Sudokus have only one solution (single target for DL)

» Existing DL architectures fail on many-solutions Sudokus [10]
> Corrected using a Reinforcement learning approach

» Training set with 5 solutions per instance

> Ability to generate additional solutions

Our architecture directly learns how to solve many-solutions Sudokus
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Learning to play Futoshiki

) G

Sudoku is easy, only one type of constraint L] =] ] [s]] 2]
» Our architecture directly learns how to play Futoshiki ‘Tl ‘Tl ‘Tl lTl ITI
» Includes both difference and inequality constraints ‘E] ‘?l ‘;l l?H?l

> Perfect solving, expected constraints learned

poomn
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