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Graph structures are pervasive

social network transportation infrastructure

computational architecturechemical structure



Graph-based functions are pervasive

• Graph-wise functions

function: authenticity of 
news in original post 
task: fake news detection

function: potential of 
molecule inhibiting bacteria 
task: drug discovery

function: test performance 
of cell-based architecture 
task: architecture search



Graph-based functions are pervasive

• Node-wise functions

function: infection time of 
individuals 
task: finding patient zero

function: influencing power of 
individuals 
task: influence maximisation

function: criticality of road 
junctions 
task: resilience monitoring



Optimisation of graph-based functions

• Diverse problem formulations 
- graph-wise functions 

- node-wise functions 

• Search space is challenging 
- discrete and combinatorial search space 

- large number of candidates 

- graph may not be known beforehand (e.g., epidemiological contact network, 
offline social network) 

• Functions are often black-box and expensive to evaluate 
- no analytical form or gradient information 

- often requires simulation or real-world intervention



Bayesian optimisation

1. query function value at 
currently chosen point 

2. fit surrogate model, e.g., 
Gaussian processes (GPs): 

3. use acquisition function to 
find next query point, e.g., 
upper confidence bound (UCB): 

4. repeat steps 1-3 until query 
budget exhausts

<latexit sha1_base64="L+UDy+A4rSHuEoi1j47sMCEGcwI="></latexit>
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Kernels for graph-based functions

• Graph-wise functions 
- key is comparison between two graphs 

- idea 1: embed graphs into vector space and use classical kernels 

- idea 2: use graph kernels [Borgwardt20]

Borgwardt et al., “Graph kernels: State-of-the-art and future challenges,” Now Publishers, 2020.
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Kernels for graph-based functions

• Node-wise functions 
- key is comparison between two nodes in the graph 

- idea 1: embed nodes in the graph into vector space and use classical kernels 

- idea 2: use kernels defined on graphs [Smola03] (e.g., functions of graph Laplacian)

Smola and Kondor, “Kernels and regularization on graphs,” COLT, 2003.
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Case 1: Neural architecture search

• Objective: search for effective cell-based architecture for neural networks

Ru et al., “Interpretable neural architecture search via Bayesian optimisation with Weisfeiler-Lehman kernels,” ICLR, 2021.



Case 1: Neural architecture search

Methodology 

• surrogate model: Gaussian 
process via Weisfeiler-Lehman 
(WL) graph kernel measuring 
similarity between graphs 

• candidate generation: mutation 
algorithm 

• acquisition function: expected 
improvement (EI)



Case 1: Neural architecture search



Case 2: Adversarial attacks on graphs

• Objective: find graph perturbation most harmful to trained graph classifier

Wan et al., “Adversarial attacks on graph classifiers via Bayesian optimisation,” NeurIPS, 2021.



Case 2: Adversarial attacks on graphs

• Methodology 
- surrogate model: Bayesian linear regression with WL features 

- candidate generation: mutation by edge edit distance 1 from current evaluation 

- acquisition function: expected improvement (EI)



Case 2: Adversarial attacks on graphs

PROTEINS+GCN: clustered adversarial perturbationIMDB-B+GCN: modify/destroy communitiesTwitter+GCN: attack low-degree nodes



Case 3: Identifying most important user

• Objective: find the node with maximum value of a function on node set 
• Methodology 

- progressively sample subgraph on-the-fly

Wan et al., “Bayesian optimisation of functions on graphs,” NeurIPS, 2023.



Case 3: Identifying most important user

• Objective: find the node with maximum value of a function on node set 
• Methodology 

- progressively sample subgraph on-the-fly 

- surrogate model: Gaussian process via kernels measuring similarity between nodes 

- acquisition function: expected improvement (EI)



Case 3: Identifying most important user



Case 3: Identifying most important user



Case 4: Identifying subset of important nodes

• Objective: find the node subset with maximum value of a function 
• Methodology 

- convert original graph into combo-graph where each node corresponds to a subset 

- follow methodology in case 3

Liang et al., “Bayesian optimization of functions over node subsets in graphs,” NeurIPS, 2024.



Case 4: Identifying subset of important nodes

• Objective: find the node subset with maximum value of a function 
• Methodology 

- convert original graph into combo-graph where each node corresponds to a subset 

- follow methodology in case 3

Liang et al., “Bayesian optimization of functions over node subsets in graphs,” NeurIPS, 2024.



Case 4: Identifying subset of important nodes

• Objective: find the node subset with maximum value of a function 
• Methodology 

- convert original graph into combo-graph where each node corresponds to a subset 

- follow methodology in case 3

Liang et al., “Bayesian optimization of functions over node subsets in graphs,” NeurIPS, 2024.



Case 4: Identifying subset of important nodes



Discussion

• Combination of Bayesian and graph modelling 
- Bayesian modelling provides probabilistic perspective  

- graph modelling provides geometric/topological perspective  

• New and interesting problems 
- Optimisation of graph-based functions 

- Gaussian processes/uncertainty estimation on graphs 

- Graph structure optimisation for downstream tasks 

• Open challenges 
- computational complexity and scalability 

- theoretical analysis
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