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Outline: Complex network science for AI
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1. Sparse deep learning 

o Random graph ensembles

o Learning networks (by sparsification)

2.  Graph Neural Networks:

o Spectral rewiring (Braess paradox)

o Features by running cascade process

o Learning on networks

3. Agentic networks

o Robustness of agentic LLM system

o Friedkin-Johnsen opinion formation

o Process/network weights emerge
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Deep neural networks are complex networks
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… and a cascade process runs on top of it



Fiber bundles / cracking materials

Cascade process: overload distribution

Burkholz, Schweitzer. 

Framework for cascade size calculations on random networks. PRE 2018.
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Neural network = cascade process
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Random graph ensemble of neural nets at initialization

Burkholz, Dubatovka. NeurIPS 2019.

Complex network science perspective can 
improve trainability of neural networks.

Leveraging results from complex network science

Track signal propagation at the 
edge of stability:

Spectrum of layerwise transition operator
12
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Neural network sparsification by lottery tickets

Burkholz (spotlight). ICML 2022

Burkolz. NeurIPS 2022

Burkholz et al. ICLR 2022

Gadhikar, Mukherjee, Burkholz. ICML2023

Burkholz. ICLR 2024

Gadhikar, Burkholz (spotlight). ICLR 2024

Jacobs, Burkholz, ICLR 2025

Jacobs, Zhou, Burkholz, ICML 2025.

Gadhikar, Jacobs, Zhou, Burkholz, NeurIPS
2025.

Zhou, Gadhikar, Jacobs, Burkholz, NeurIPS
2025.

Pham, Ta, Jacobs, Burkholz, Tran-Thanh  
(spotlight). NeurIPS 2025

Jacobs, Gadhikar, Rubio-Madrigal, Burkholz. 
ICLR 2026

Jacobs, Zhou, Burkholz. ICLR 2026
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Sparse complex networks

Distillation

Dynamic Sparse Training

Lottery Tickets

Continuous Sparsification

Compression

Compression ratios of 1-10%
Fischer, Burkholz. ICLR 2022.



Infinite width limit with sparsity 
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Why is training sparse neural networks hard? 

And how can we improve it?

Pham, Ta, Jacobs, Burkholz, Tran-Thanh. 

The Graphon Limit Hypothesis: Understanding Neural Network Pruning via Infinite Width Analysis. NeurIPS 2025 (spotlight). 



Infinite width limit with sparsity 
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Why is training sparse neural networks hard? 

And how can we improve it?

Pham, Ta, Jacobs, Burkholz, Tran-Thanh. 

The Graphon Limit Hypothesis: Understanding Neural Network Pruning via Infinite Width Analysis. NeurIPS 2025 (spotlight). 

Graphon Neural Tangent Kernel:



Infinite width limit with sparsity 
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Why is training sparse neural networks hard? 

And how can we improve it?

Pham, Ta, Jacobs, Burkholz, Tran-Thanh. 

The Graphon Limit Hypothesis: Understanding Neural Network Pruning via Infinite Width Analysis. NeurIPS 2025 (spotlight). 

Graphon Neural Tangent Kernel:

Conclusion: The optimization problem becomes ill conditioned.



How to handle sparsity in deep learning?
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Still open problem: Sparsity aware optimization

Gadhikar,  Burkholz.  Masks, Signs, and Learning Rate Rewinding. ICLR 2024 (spotlight).

Gadhikar, Jacobs, Zhou, Burkholz. Sign-In to the Lottery: Reparameterizing Sparse Training. NeurIPS 2025

Gadhikar, Jacobs, Rubio-Madrigal, Burkholz. A Hyperbolic Step to Regulate Implicit Bias. ICLR 2026

Jacobs, Jain, Burkholz. HORST: Composing Optimizer Geometries for Sparse Transformer Training. HiLD@ICML 2026

Adnan, Jain, Jacobs, Sharma, Krishnan, Burkholz, Ioannou. SparseOpt: Addressing Normalization-induced Gradient 
Skew in Sparse Training. ICML 2026

.

.
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Gadhikar, Jacobs, Rubio-Madrigal, Burkholz. A Hyperbolic Step to Regulate Implicit Bias. ICLR 2026

Jacobs, Jain, Burkholz. HORST: Composing Optimizer Geometries for Sparse Transformer Training. HiLD@ICML 2026

Adnan, Jain, Jacobs, Sharma, Krishnan, Burkholz, Ioannou. SparseOpt: Addressing Normalization-induced Gradient 
Skew in Sparse Training. ICML 2026

.

.

Y Zhang, H Bai, H Lin, J Zhao, L Hou, CV 
Cannistraci. Plug-and-play: An efficient post-
training pruning method for large language 
models. ICLR 2024.

Zhao, Muscoloni, Michieli, Zhang, Cannistraci. 
Adaptive Cannistraci-Hebb Network Automata 
Modelling of Complex Networks for Path-based 
Link Prediction. NeurIPS 2025.

Wu, Zhang, Zhao, Cannistraci. Alignment-
Enhanced Integration of Connectivity and Spectral 
Sparsity in Dynamic Sparse Training of LLM. ICLR 
2026

Hua, Zhang, Zhang, Gu, You, Xiong, Cannistraci, 
Chen. Cannistraci-Hebb Training on Ultra-Sparse 
Spiking Neural Networks. ICLR 2026

.
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GNNs equate data and computational structure
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• GNNs learn from graph-structured data



GNNs learn message passing algorithm
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• GNNs learn from graph-structured data

• Training GNNs → message passing on input graph

Messages:



GNNs learn message passing algorithm
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• GNNs learn from graph-structured data

• Training GNNs → message passing on input graph

Messages:

Aggregation/computation in node:

Fi(                                                )

i



Rewiring the input graph
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NeurIPS 2024 ICLR 2025



Not all graphs propogate information easily

• Bottlenecks           over-squashing

• Common mitigation: add few edges

25



Over-squashing

Bottlenecks obstruct the flow of information during message passing

Bottleneck

Normalized Laplacian: 𝐿𝐺 = 𝐼 − 𝐷−1/2𝐴 𝐷−1/2

Spectral gap: 𝜆1 − 𝜆0 (= 𝜆1)

Small spectral gap ≡ bottlenecks

26



Do we need to balance over-squashing and over-smoothing?

Trade-off?

No bottleneck!

Over-squashing! Over-smoothing?

Bottleneck

27

(info. prop. hampered) (nodes too similar)



Adding this extra road 
causes delays (Braess, 1968)

Braess Paradox
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• Not all edge additions increase 
connectivity

• Not all edge deletions decrease 
connectivity

(Eldan et al., 2017) ⇒ there is a Braess
Paradox for the spectral gap of the 
normalized Laplacian

We can 
1. DELETE edges
2. INCREASE spectral gap λ1 

(mitigating over-squashing)



Random walker analogy to rewire graph
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• We can delete edges and still fight over-squashing

• and, simultaneously, over-smoothing.

• Note: Random walker still converges quickly 

(⇒ smoothing is still going on).
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Do we have to learn graph convolutions?

Rubio-Madrigal, Burkholz. Fixed Aggregation Features Can Rival GNNs. ICML 2026.
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Do we have to learn graph convolutions?

• Anwer: No (mostly)!

Rubio-Madrigal, Burkholz. Fixed Aggregation Features Can Rival GNNs. ICML 2026.
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Do we have to learn graph convolutions?

• Anwer: No (mostly)!

• Can use simple process 

instead. 

• No training needed!

Rubio-Madrigal, Burkholz. Fixed Aggregation Features Can Rival GNNs. ICML 2026.
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Do we have to learn graph convolutions?

• Fixed Aggregation 

Features (FAFs) can 

turn graph struct. data 

into tabular data

• Sum/mean 

aggregations have 

strong inductive bias

Rubio-Madrigal, Burkholz. Fixed Aggregation Features Can Rival GNNs. ICML 2026.
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• LLM agent:
• Individual objectives
• Unique data access
• Specialized expertise/competency
• Process information
• Take actions
• Use tools
• Make decisions

• Multi-agent system (LLM-MAS):
• Multiple, heterogenous LLM agents 

• Interact via (dynamic) graph                             
(e.g. send messages)

Multi-Agent LLM Systems



Multi-Agent LLM Systems
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emergence of collective intelligence & systemic risk

• LLM agent:
• Individual objectives
• Unique data access
• Specialized expertise/competency
• Process information
• Take actions
• Use tools
• Make decisions

• Multi-agent system (LLM-MAS):
• Multiple, heterogenous LLM agents 

• Interact via (dynamic) graph                             
(e.g. send messages)



Robustness of opinion formation in agentic network

Abedini, Mavali, Schönherr, Pawelczyk, Burkholz. Don’t Trust Stubborn Neighbors: A 
Security Framework for Agentic Networks. CompLearn @ ICML, 2026 

.37



Robustness of opinion formation in agentic network
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Friedkin-Johnsen model fits LLM opinion formation!

Abedini, Mavali, Schönherr, Pawelczyk, Burkholz. Don’t Trust Stubborn Neighbors: A Security Framework for Agentic Networks. CompLearn, 2026 

Bause, Niederle, Pawelczyk, Burkholz. Multi-Agent Systems are Mixtures of Experts: Who Becomes an Influencer? CompLearn @ ICML, 2026 



Robustness of opinion formation in agentic network

Abedini, Mavali, Schönherr, Pawelczyk, Burkholz. Don’t Trust Stubborn Neighbors: A Security Framework for Agentic Networks. 
CompLearn @ ICML, 2026 

Theory:

Agreeable agents get 
dominated by stubborn
agents.

39



How to increase robustness?

• How to increase robustness?

+ 

40



How to increase robustness?

• How to increase robustness?

- Downside: 
• expensive 
• requires high 

stubbornness/low 
effective peer pull           
-> less consensus/utility

- Downside: 
less consensus/utility

41



How to increase robustness? – Control trust/network

• How to increase robustness? – Control trust/network

- Downside: 
• expensive 
• requires high 

stubbornness/low 
effective peer pull           
-> less consensus/utility

- Downside: 
less consensus/utility

+ Advantage: 
High utility and robustness

42
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Abedini, Mavali, Schönherr, Pawelczyk, Burkholz. Don’t Trust Stubborn Neighbors: 
A Security Framework for Agentic Networks. CompLearn @ ICML, 2026 

.

Robustness of opinion formation in agentic network



Summary: Complex network science for AI
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