= MONASH Universi
N VErSl
%%W@

Constraint-Aware Self-Supervised Learning
for Edge Selection

Xinda Zheng®, Frits de Nijs, Edward Lam



Background

TSP

(Traveling Salesman
Problem)

Unified Edge Selection View

(General Formulation)

Minimum-cost
Hamiltonian cycle

\

-
(Orienteering
Problem)

e

Visit rewarding nodes

under budget Unified

L formulation

Given a graph with

( 3 B (; ) w
TOP o ][~
(Team Orienteering + + features
Problem) § node edge e.g., budgets,

features features #vehicles, depot,

Multiple vehicles . F) = J L time limit, ... ]
visit rewarding nodes
sy learn to select edges

\ to optimize an objective

O i T s . N T oo e S e D s S Y o\

| eee shortest path, VRP, scheduling, ... | under problem-specific constraints

it e i i ™™ i Sl 0 g o gl g 0 i £ . J

Different objectives and constraints, but the same underlying decision: selecting edges.



Background
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o Training Labels Heavy _ Narrow e
Post-Processing Problem-Specific Designs
Optimal or high-quality labels Sampling, search, or refinement Separate pipelines across problems
TSP TOP

e Requires pre-solving instances o Additional inference-time computation e Overly tailored to specific problems

for training or constraint structures
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e Label becomes cost as instance Solution quality depends on

size or dataset scale grows
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O Can we learn edge selections without solution labels or expensive search,
using a reusable framework?




Our Approach

Constraint-Aware
Self-Supervision

Learn directly from objectives
and constraints

No solution labels

w Objective
& (e.g., cost)

-« Constraints

(e.g., degree,
budget, etc. )

Neural model

Problem instance

Q No optimal/heuristic labels

Q Train on many unlabeled instances
with objective and constraints

One-Pass Feasible
Construction

Convert edge predictions into
feasible solutions

No iterative search or refinement
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Edge
predictions One-pass decoder Feasible
(constructive) solution

Q Lightweight one-pass decoding

Q Avoid heavy search, sampling,
repair, or refinement

Reusable Edge-Selection
Framework

Shared learning pipeline across problems

Task-specific objectives, constraints,
and decoders
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Q Share representations and modules

Q Adapt to different problems via
objectives, constraints, and decoders

Learn constraint-aware solution representations directly—
without labels or heavy downstream post-processing.




Framework Overview
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Graph + features
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4. One-Pass Decoder

Constructive,
constraint-aware
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Self-supervised training signal
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5. Feasible Solution %

Satisfies problem
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Training Process
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Model
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c GNN on Dense Graphs: Motivation

What does a GNN do?

Each node aggregates information

from its neighbors.

Why is this challenging on dense graphs?

Many edge-selection problems are
represented as dense graphs.

All node pairs interact

(many pairwise connections)

Edge-wise message passing
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introduces substantial

computational overhead

Q Cost-Attention Convolution (CAC)

Use the cost matrix to determine how strongly information flows between nodes.
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B. Matrix formulation

1) Cost matrix C

2) Attention matrix W

3) Aggregate messages
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Low
cost Aggregated
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g Leverages available
cost structure

Node 2 aggregates neighbor features r;

weighted by cost-aware attention W;;.

Reduces irregular

edge-wise overhead

Cost-aware
representation

of node 1

Lightweight and

easy to train




Case Study

Shared architecture and training principle, with task-specific losses and decoders.

What is shared?

Same neural architecture
(CAC + bilinear scoring)

Same way of producing
transition probabilities

over edges

Same self-supervised

training with objective
surrogate + constraint
penalties

Same single-pass
decoding principle to

ensure feasibility

TSP

Traveling Salesman Problem

Objective Signal
Minimize expected
travel cost

Constraint Signal
Visit each node once

Subtour elimination

Decoder

Degree-constrained
tour construction
(2-regular cycle)

Task-Specific Instantiation

Depot
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Orienteering Problem
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Objective Signal
Maximize collected
reward

Constraint Signal
Budget constraint

Depot usage
No revisits

Decoder

Budget-feasible
route construction
from depot

O

TOP

Team Orienteering Problem

Objective Signal
Maximize shared
reward

Constraint Signal
Per-vehicle budget

Cross-vehicle assignment
No revisits

Decoder

Sequential multi-route
construction with
assignment
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Experimental Setup
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Results: Performance
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e Best one-pass solution quality across three routing problems
o (Generalizes well beyond the training distribution



Results: TSP

Clusters Ball

e Predicted high-probability edges
align with optimal tour structure
across unseen layouts

e Orange: Optimal tour
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o Gray dashed: Top-3 predicted edges

e Best solution quality among lightweight
one-pass methods

 Much faster than search-heavy learned
pipelines and specialized solvers



Conclusion & Future Work

A reusable self-supervised framework that learns objective- and constraint-

aware solution representations directly from unlabeled instances.

Bridge the training-inference gap between continuous representations and discrete solutions

Learn richer constraint structures with less task-specific engineering

Bridge toward end-to-end prediction and optimization
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