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Reasoning under constraints is a crucial 
challenge in many domains. 

Machine learning techniques have been 
explored as fast heuristic solvers. 

Figure from Khalil (2024) [1]
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Learning to Solve Constraint Optimization

→ →
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Learning to Solve Constraint Optimization

→ →
One-pass Heuristic: The model predicts the full solution in a single pass.

Constant computation!
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Learning to Solve Constraint Optimization

→ →
One-pass Heuristic: The model predicts the full solution in a single pass.

Iterative Heuristic: The model predicts the solution in multiple passes.
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Iterative Neural Heuristics

→ →

Tiny Recursive Network [2]
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Iterative Neural Heuristics

→ → → →

Discrete Diffusion [3]
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Iterative Neural Heuristics

→ →

ConsFormer [4]
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Why does iterative heuristics work?
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Traditional Technique: Stochastic Search
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Traditional Technique: Stochastic Search
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Why does iterative heuristics work?

Intuition: learning a single step of heuristic search.

Can we formalize this intuition?
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Method

Iterative Neural Heuristic 
(ConsFormer) → Neural  

Large Neighbourhood Search

→ →
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ConsFormer
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ConsFormer

Variable assignments as tokens 
 Token embedding for discrete domains→



14

ConsFormer

Variable assignments as tokens 
 Token embedding for discrete domains→

Variables indices 
 Absolute Positional Encodings→

Variables under the scope of the same constraints 
 Relative Positional Encodings→
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ConsFormer

Variable assignments as tokens 
 Token embedding for discrete domains→

Variables indices 
 Absolute Positional Encodings→

Variables under the scope of the same constraints 
 Relative Positional Encodings→

Restrict what the model is able to update. 
         Subset Selection→
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ConsFormer

Predicts Variable Assignment 
          Transformer→
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ConsFormer

ϕj(X ) = 0 ⟺ cj(X ) = True

min
X∈𝒳

f (X ) + ∑
j

λjϕj(X ),
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ConsFormer
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ConsFormer
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Large Neighbourhood Search
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Large Neighbourhood Search

6

Traditional Technique: Stochastic Search

Can we learn to do a single step of stochastic search?

Our model: ConsFormer

→Destroy
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Large Neighbourhood Search

6

Traditional Technique: Stochastic Search

Can we learn to do a single step of stochastic search?

Our model: ConsFormer

→Destroy →Repair

→ →Select Subset Make Prediction
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ConsFormer as Large Neighbourhood Search
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We can now improve on these components through the lens of LNS.
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Destroy Operator: which variables to update?
Some ideas from classical LNS [5]: 
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Destroy Operator: which variables to update?

Contribute the most to constraint violations. Belongs to the same constraint.

Some ideas from classical LNS [5]: 

Can we capitalize on our neural approach? 



21

ConsFormer

ϕj(X ) = 0 ⟺ cj(X ) = True
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Destroy Operator: which variables to update?
Can we capitalize on our neural approach? 

Has the largest gradient.

{

{

The model is least confident about.
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Results
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Results
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Stochasticity is important!
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Stochasticity is important!

Add randomness!
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• Related Removal 
• Worst Removal 
• Gradient Removal 
• Confidence Removal
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Repair Operator: how to update the variables?

?
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Repair Operator: how to update the variables?
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Repair Operator: how to update the variables?

Greedy 
Decode
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Repair Operator: how to update the variables?

Greedy 
Decode

Sampling 
Decode
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ConsFormer as Large Neighbourhood SearchTransformer
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• Related Removal 
• Worst Removal 
• Gradient Removal 
• Confidence Removal

• Greedy Repair 
• Sampling-based Repair
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Conclusion

✦ We view Iterative Neural Heuristics as Large Neighbourhood Search. 

✦ LNS Destroy and Repair improve performance. 

✦ It is important to combine the power of classical and neural methods!

Contact: wil.xu@mail.utoronto.ca

Thank you!

mailto:wil.xu@mail.utoronto.ca
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