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QAOA for Combinatorial Optimization
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QAOA for Combinatorial Optimization
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Classical Optimization of QAOA
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Classical Optimization of QAOA
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Classical Optimization of QAOA
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Challenge: Noisy Optimization Landscape
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Red-QAOA: Insights
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Red-QAOA: Key Idea

Optimize QAOA parameters with a
reduced graph.

But how to find such graphs?
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Red-QAOA: Heuristic for Finding Reduced Graphs
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QAOA Layer

1. QAOA operators == edges
2. Node degree ¢=) edges

Can node degrees be used as a heuristic?
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Red-QAOA: Heuristic for Finding Reduced Graphs

Get random graphs .\/:> § ‘i‘

Get all subgraphs

Node degree vs landscape difference
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Red-QAOA: AND vs Landscape
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Red-QAOA: AND Threshold
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Red-QAOA: Reduced Graph Construction
1. Initialize with a random node
(©’J 2. Choose a random neighboring node )
Input Graph 0/0 3. Create the neighboring graph > Repeats
4. Better neighboring graph (higher AND)?

Yes! Accept it.
No! May accept it (with probability).

——————————————————

Simulated Annealing
nitial stage: high (exploration) :

\Later stages: low (exploitation)| 15
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Red-QAOA: Design
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Red-QAOA: Design
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Red-QAOA: Design
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Red-QAOA: Design
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Red-QAOA: Design
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Red-QAOA: Design
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Red-QAOA: Key Result
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Red-QAOA: Key Result
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Red-QAOA: Compared to GNN-Based Pooling

0.06 —@— Adaptive Structure Aware Pooling!!!
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[1] Ranjan, E., Sanyal, S. and Talukdar, P., 2020, April. Asap: Adaptive structure aware pooling for learning hierarchical graph representations.
In Proceedings of the AAAI conference on artificial intelligence (Vol. 34, No. 04, pp. 5470-5477).
[2] Lee, J., Lee, I. and Kang, J., 2019, May. Self-attention graph pooling. In International conference on machine learning (pp. 3734-3743). PMLR.

[3] Gao, H. and Ji, S., 2019, May. Graph u-nets. In international conference on machine learning (pp. 2083-2092). PMLR.
24



C
W
(@)

)

Summary

e C(Classical optimization finds optimal parameters.

 Reduced graph for parameter identification.

 Reductions: 28% (nodes) and 37% (edges).

 Maintains identical optimization landscapes.

 Qutperforms GNN-based methods.

 Enables execution of larger QAOA.
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Thank you!
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