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What do I work on?
Method 

(Graph Signal Processing)
Application 

(Structure Function)
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What do I work on?
Application : Epilepsy
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Main paper



E
E

-6
26

 T
em

po
ra

l G
ra

ph
 s

es
si

on

M
ic

ha
el

 C
ha

n 

5

Notation & Formalization
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Notation & Formalization
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Notation & Formalization



E
E

-6
26

 T
em

po
ra

l G
ra

ph
 s

es
si

on

M
ic

ha
el

 C
ha

n 

8

● Sampling temporal network motifs

○ random walk to sample paths / subgraphs

○ supra-adjacency representation

■ DyANE Sato et al. 2019s

Other specific modelling

● Non-negative matrix factorization

● Statistical approaches to detect existence of edges / estimation

● Dynamic embedding projection based on previous snapshot

● Hypergraphs, multiplex graphs
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Learning in TGNN
Snapshots TGNN Event-based TGNN
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Learning in TGNN
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Tasks in TGNN
- Supervised Learning
- Unsupervised Learning
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Tasks in TGNN
- Supervised Learning
- Unsupervised Learning

● Regression counterpart
○ Temporal Link prediction
○ First time appearance of Edge
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Tasks in TGNN
- Supervised Learning
- Unsupervised Learning

● Temporal Graph clustering (cluster per time sequence)
● Temporal Node clustering (cluster per node)
● Anomaly detection:

● Node anomaly (e.g virus starting point)
● Edge anomaly (e.g unlikely social interactions)
● Graph anomaly (e.g detecting mutagenic molecule)
● Vector embedding per time point
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Taxonomy in TGNN
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● Model evolution
○ GNN parameters evolve over time
○ e.g EvolveGNN Pareja et al. 2020, using RNN to 

update GCN
● Embedding evolution

○ RNN on embedding outputted by static GNN
○ DySAT : self attention for static node embedding for 

each time point, self attention per node to with past 
embeddings to generate new embeddings
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● Temporal embedding
○ Explicit embedding for time - extending message 

passing considering time embedding computed 
from random fourier features

● Temporal neighbourhood
○ Learning node embedding by extending message 

passing when a neighbour of node is added or 
deleted
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Challenges

● Evaluation:
○ Standardized dataset / benchmark for performance evaluation

● Expressiveness:
○ Equivalent of Weisfeiler-Lehman isomorphism test in standard 

GNN - but for TGNN (learning power)
● Learnability:

○ Same problem of over-squashing / over-smoothing as in GNN
● Other future work: More physics driven modelling leveraging 

knowledge dynamical systems



Takeaway
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● Organizes temporally related 
methods into axis of:
○ Taxonomy (STG / ETG)
○ Learning (Transductive / 

Inductive)
○ Practical way to handle 

temporality (model / 
embedding evolution etc…)

● Gives comprehensive and 
overall perspective on TGNN
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Thanks!



Temporal 
GNN

Part 2: Applications

Alexandre CioncaOpenAI. (2024). Image generated by ChatGPT using DALL·E, November 2024
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whoami

1st year PhD in EE

Medical Image Processing lab,
Prof. Dimitri Van De Ville

Detecting community in directed 
brain graphs
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Community detection in graphs
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Objective function Optimize Fine tune

What if the graph is 
directed ?
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Bimodularity
Consider sending and receiving communities
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Bimodularity
C. elegans directed network
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Head
motion

Body motion

Body sensoryHead sensory

TBC …



G
ra

ph
 re

pr
es

en
ta

tio
ns

 fo
r b

io
lo

gy
 a

nd
 m

ed
ic

in
e 

– 
Te

m
po

ra
l G

N
N

 

Application #1

Learning Dynamic Graph 
Representation of Brain 
Connectome with Spatio-Temporal 
Attention

A
le

xa
nd

re
 C

io
nc

a

6

Kim, Byung-Hoon, Jong Chul Ye, and Jae-Jin Kim. "Learning dynamic graph 
representation of brain connectome with spatio-temporal attention." Advances 
in Neural Information Processing Systems 34 (2021): 4314-4327.
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Dynamic brain connectivity Gender and task predictions
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Spatio-Temporal Attention Graph Isomorphism Network
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Sliding windows

Fig.2 (edited) from Medaglia, John D., and Danielle S. Bassett. "Network analyses and 
nervous system disorders." arXiv preprint arXiv:1701.01101 (2017).
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Graph Isomorphism Network

Attention-based readout 
(graph)

Single-head transformer (time)
- Self-attention weight
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Spatio-Temporal Attention Graph Isomorphism Network
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Time-related features
Encoded timestamps
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Learnable timestamp encoder
- Gated Recurrent Unit (GRU) with ROI timeseries as the input
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Prediction results
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Clustering temporal attention
Temporal attention score per timepoint
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Temporal attention (task)
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- Atlas Granularity - Encoded timestamps

Ablation study
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Summary

+ Interpretation of temporal 
attention !

- Accuracy is setting dependent
- Gender and task prediction is 

an “easy” task
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“... we achieved a gender prediction accuracy of 87% …”

What do you think ?
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Application #2

Graph‐generative neural network  
for EEG‐based epileptic seizure  
detection via discovery of dynamic  
brain functional connectivity
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Li, Zhengdao, et al. "Graph-generative neural network for EEG-based epileptic 
seizure detection via discovery of dynamic brain functional connectivity." 
Scientific reports 12.1 (2022): 18998.
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1. EEG acquisition

2. Electrodes graph

3. 7 types of epileptic 
seizures
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- Generate seizure 
specific graphs (GGN)

1

2

3
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aGGN
Graph Generator Neural network
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aCGN
Connectivity Graph Generator
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Para-Learner:
- 3 Message passing GNNs
- Raw topology & temporal features as inputs

Mix-Gaussian:
- Generate edge probabilistic distribution

Gumbel Sampler:
- Generate graph edges based on the probability
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Attention mechanism
- Refines graphs to generate local and global spatial 

representations
- Learns the best neighboring range for different seizure types

Attentive graph convolution
- Update node representation

Spatial decoder 19
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Good predictive power
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CNN

GNN

Transformer

GGN
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Spatio-temporal connectivity
Focal non-specific (FN) onset connectivity (1 patient)
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Summary
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+ Generation of (meaningful) 
graphs!

+ Elegant structure

- Not yet suited for clinical 
application
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What do you think ?


