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ConclusionExperimentsMethodologyMotivation

nDynamic Graphs: Core of Real-World Data Structures
p Dynamic Graph Neural Networks (DGNNs) have been proposed to tackle highly complex 

structural and temporal information

p Downstream Task: future link prediction on discrete dynamic graph (fixed nodes, varying links)
Given , the future link prediction aims to train a model 
that predicts edges at         given historical graphs         and next-step node feature          .  

[Picture Credit] You J. et al. ROLAND: Graph Learning Framework for Dynamic Graphs. In KDD 2022.
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ConclusionExperimentsMethodologyMotivation

nSpatio-Temporal Structure Matters for Dynamic Graph Learning
p Structures function as features aggregation paths between and within graph snapshots

p Common scenarios when DGNNs show deficient performance:
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nOne Possible Solution: Graph Structure Learning (GSL) 

p GSL aims to jointly learn an optimized structure and corresponding graph representations [1].
p Purified structures are proven to boost robust representations for downstream graph tasks.

nQuestion: Does Dynamic GSL (DGSL) see like Static GSL counterpart?

iterative optimization

ConclusionExperimentsMethodologyMotivation

[1] Zhu Y. et al. Deep Graph Structure Learning for Robust Representations: A Survey. In arXiv 2021.
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nExtending to DGSL: Newborn Key Challenges

ConclusionExperimentsMethodologyMotivation

p Challenge 1: Unacceptable            Complexity
Spatial Node-Pair Structure Attention:
Temporal Node-Pair Structure Attention: 
Temporal Snapshot-Pair Attention: 

Spatio-temporal structure optimization face           
complexity, hinders scalability for large-scale graphs.
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nExtending to DGSL: Newborn Key Challenges

ConclusionExperimentsMethodologyMotivation

p Challenge 1: Unacceptable            Complexity
p Challenge 2: Lack of Long-range Dependency

Often emphasize on local structures, overlooking long-
range dependencies that indicate predictive patterns.
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nExtending to DGSL: Newborn Key Challenges

ConclusionExperimentsMethodologyMotivation

p Challenge 1: Unacceptable            Complexity
p Challenge 2: Lack of Long-range Dependency
p Challenge 3: Undefendable Targeted Attacks

Dynamic graphs are increasingly vulnerable to targeted
adversarial attacks, making defense techs insufficient.

Train node classification model
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[Picture Credit] Zügner et al. Adversarial Attacks on Neural Networks for Graph Data. In KDD 2018.
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ConclusionExperimentsMethodologyMotivation

nExtending to DGSL: Newborn Key Challenges

nResearch Question: How to perform robust and efficient DGSL against random   
and targeted adversarial attacks?

p Challenge 1: Unacceptable            Complexity
Spatio-temporal structure optimization face           
complexity, hinders scalability for large-scale graphs.

p Challenge 2: Lack of Long-range Dependency
Often emphasize on local structures, overlooking long-
range dependencies that indicate predictive patterns.

p Challenge 3: Undefendable Targeted Attacks
Dynamic graphs are increasingly vulnerable to targeted
adversarial attacks, making defense techs insufficient.
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ConclusionExperimentsMethodologyMotivation

nDG-Mamba: Robust and Efficient Dynamic Graph Structure Learning
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ConclusionExperimentsMethodologyMotivation

nDG-Mamba: Robust and Efficient Dynamic Graph Structure Learning

(a) Kernelized Message-Passing for Efficient Dynamic Graph Structure Learning
(▷ Challenge 1)
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ConclusionExperimentsMethodologyMotivation

(b) Long-range Dependencies Selective Modeling
(▷ Challenge 1, 2)

nDG-Mamba: Robust and Efficient Dynamic Graph Structure Learning
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ConclusionExperimentsMethodologyMotivation

(c) Robust Relevant Structure Regularizing
(▷ Challenge 1, 3)

nDG-Mamba: Robust and Efficient Dynamic Graph Structure Learning
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ConclusionExperimentsMethodologyMotivation

nKernelized Spatio-Temporal Message Passing ▷
p [Assumption 1] Dynamic Graph Markov Dependence

Assume                           follows the Markov Chain:                            . Given graph      at present,     
the next-step graph          is conditionally independent of the past       , i.e.,

p Attentive Aggregation:

p Spatio-temporal Weights: [               ]

p Mercer’s Theorem: if           is positive and definite.

p Question: How to find       ? How does it decrease complexity?
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compute once and stored
irreducible

ConclusionExperimentsMethodologyMotivation

nKernelized Spatio-Temporal Message Passing ▷

p Kernelized Aggregation:

p Positive Random Feature:

p Structure Query:

[            ]
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ConclusionExperimentsMethodologyMotivation

n Long-range Dependencies Selective Modeling ▷
p Dynamic Graph System Modeling:

p Selective Parameterizing:

p System Discretizing with Zero-Order Hold (ZOH) Rule:

p Output and Merge: 

how current state 
evolves (random initialized)

how current state 
translate to output

how input 
influences state

(Attention)
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informativenessredundancy

ConclusionExperimentsMethodologyMotivation

nRobust Relevant Structure Regularizing ▷
p [Definition 1] Principle of Relevant Information (PRI) for DGSL

Given dynamic graph        , the Principle of Relevant Information for DGSL aims to regularize
the refined graph         by,

p Derivations:  
u intra-graph structure regularize:

u inter-graph structure regularize:



DG-Mamba: Robust and Efficient Dynamic Graph Structure Learning with Selective State Space Models (AAAI-25) 17

ConclusionExperimentsMethodologyMotivation

nOptimization and Complexity Analysis 

p Computational Complexity:  
(in linear with the length, averaged #nodes, and #edges)
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ConclusionExperimentsMethodologyMotivation

nDynamic Graph Datasets 
p COLLAB: Academic citation network.
p Yelp: Customer reviews network.
p ACT: MOOC actions network.

nBaselines
p Static GNNs: GAE, VGAE
p Dynamic GNNs: GCRN, EvolveGCN, DySAT, 

SpoT-Mamba*

nAdversarial Attack Settings
p Non-targeted: for structures, randomly remove links; for node features, add random noise
p Targeted: apply NETTACK library to perform both evasion attack and poisoning attack

u evasion: train on clean datasets and perform attacking on each graph snapshot in testing.
u poisoning: attack the whole dataset before model training and testing.

p DGSL: RDGSL, TGSL
p Robust (D)GNNs: RGCN, WinGNN, DGIB
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ConclusionExperimentsMethodologyMotivation

nAgainst Non-Targeted (random) Adversarial Attacks 
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ConclusionExperimentsMethodologyMotivation

nAgainst Targeted Adversarial Attacks 
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ConclusionExperimentsMethodologyMotivation

nScaling Efficiency Analysis
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ConclusionExperimentsMethodologyMotivation

nAblation Study
p DG-Mamba (w/o KMP): We replace the efficient spatio-temporal kernelized message-passing 

with the vanilla attention-based message-passing mechanism.
p DG-Mamba (w/o SM): We remove the long-range dependencies selective modeling.
p DG-Mamba (w/o PRI): We remove Principle of Relevant Information for DGSL regularizing term.

(Clean)
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ConclusionExperimentsMethodologyMotivation

nHyperparameter Sensitivity Analysis
for balancing for balancing
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ConclusionExperimentsMethodologyMotivation

nVisualization of Learned Dynamic Structures
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ConclusionExperimentsMethodologyMotivation

nPaper Highlights

p We propose a robust and efficient DGSL framework named DG-Mamba with 
linear time complexity for robust representations against adversarial attacks.

p The kernelized dynamic graph message-passing operator behaves efficient 
DGSL with the help of state-discretized SSM. The structural information 
between the original and the learned is regularized with the proposed PRI for 
DGSL to enhance the robustness of the global representation. 

p Experiments show effectiveness, robustness, and efficiency, demonstrating 
its superiority over 12 state-of-the-art baselines against adversarial attacks.
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