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1. Context 4. Contrastive Learning Framework

Cost Function Networks are a specific type of graphical model used to solve optimization problems The model learns a policy where improving variables are pulled closer to the current search state, while
in which constraints have associated with a violation costs, where the objective is to find solution that  jneffective variables are pushed away.
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Cost Function Network (CFNs) CFN Objective 5. Pr opose d method CL-VNS
CFN is defined by quadruplet (X. D, W. K) :
—Setof n variables X = {z.....z,} Find a complete assignment of the variables 1. Generate training data by using VNS/LDS+CP on CFN instances
—Set of ndomains D = {D,, ..., D,} (finite domains) (rotamers) minimizing the sum of

cost functions( the total energy of protein).
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—k > 0 (penalizes forbidden assignments) ws; EW — Negative solutions : solutions perturbed from the neighborhood of the best solution that yield
\ y, L ) only a marginal cost gain

2. Train GNN with supervised contrastive learning to distinguish effective from ineffective variables

2. Methods for Solving CFNs and guide the search.
— Attention mechanism on bipartite graph (GAT)

CFNs can be addressed by complementary solving strategies, balancing optimality guarantees, sca-  — Embedding representation using MLP from variable/constraint features.
lability, and structural exploitation. 3. Use the learned policy to predict scores for variables

4. Perform weighted random sampling without replacement to select k variables of the neighborhood

Exact Methods (complete search) Metaheuristics (local search) WCSP Instances
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1. Data collection 2. Training Process
Goal: Find an optimal solution with a proof of optimality. Goal: Quickly obtain a solution of good or very good quality, ( with VNS/LDS +CP h [ h
without optimality guarantee. ) (Positive Nei Embedding (Projection)
Current Solution + Positive Nelghborhf)od
P> Branch and Bound with constraint filtering ntermediates SOlutionSJ [Improves the solution ® Variables features
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e Forward Pass % W1

BTD [Terrioux and Jégou, 2003], DGVNS [Fontaine et al., 2013] o Message passing (GAT?) TS

BTD-HBFS [Schiex2006a]. " Attention mechanism w2,

AND/OR search [Marinescu and Dechter, 2009], CPDGVNS (HM’14), RSDGVNS, RADGVNS (ENDM’15). ® Backward Pass o

OLoss : Constrastive Learning (InfoNCE)
RDS-BTD [Sanchez et al., 2010]. o Objectif: e
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UDGVNS & UPDGVNS unified, complete and parallel versions of DGVNS.
e [Ouali et al., 2020] (UA’17, AJ’20).
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6. Conclusion

— The anytime behavior of VNS/LDS+CP is adequate to collect positive solutions

— CL-VNS capture the current state of the search process to evaluate the importance of variables for
3. VNS/LDS+CP Method the next iteration.

VNS explores the search space by iteratively changing the neighborhood size K. Its efficiency relies — Improvements :
on the quality of the variables selected to be repaired.

SELECTED VARIABLES
(to be repaired)

— Experimenting on larger and more diverse CFN instances
IMPROVED SOLUTION
§' with energy w'

CURRENT SOLUTION
S with energy W

— Extend the current CL-VNS approach to UDGVNS in order to exploit tree-based decomposition.
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— Learn a strategy to identify and select better neighborhoods.
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