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Dynamic Graph Convolutional Networks (PR 2020)
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EvolveGCN: Evolving Graph Convolutional

Networks for Dynamic Graphs (AAAI 2020)

Node embedding Node embedding Node embedding
GCN | GCN 2 GCN 3
Layer 2 weights RNN 2 1 Layer 2 weights I RNN 2 Layer 2 weights
Layer 1 weights RNN 1 l Layer 1 weights RNN 1 Layer 1 weights

. ° ®
| |
. ey st
Time | Time 2 Time 3

¥ RNN £52] GCN 1, §—F GCN I ELEK (MARTRNE
fiE) @i RNN BT ER L EE

BB (HIXZ HEEk) BEHZME St



EvolveGCN: Evolving Graph Convolutional

Networks for Dynamic Graphs (AAAI 2020)
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{a) EvolveGCN-H, where the GCN parameters are hidden states of a recurrent architecture that takes node embeddings as input.
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EvolveGCN: Evolving Graph Convolutional

Networks for Dynamic Graphs (AAAI 2020)
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(b) EvolveGCN-0, where the GCN parameters are input/outputs of a recurrent architecture,
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EvolveGCN: Evolving Graph Convolutional

Networks for Dynamic Graphs (AAAI 2020)
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DynGEM: Deep Embedding Method for Dynamic

Graphs (Arxiv 2018)
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Predicting Dynamic Embedding Trajectory in
Temporal Interaction Networks (KDD 2019)
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Predicting Dynamic Embedding Trajectory in

Temporal Interaction Networks (KDD 2019)

Update function (t, f)
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Predicting Dynamic Embedding Trajectory in

Temporal Interaction Networks (KDD 2019)
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DyRep: Learning representations over dynamic

graphs (ICLR" 19)
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DyRep: Learning representations over dynamic

graphs (ICLR" 19)
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DyRep: Learning representations over dynamic

graphs (ICLR" 19)
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DyRep: Learning representations over dynamic

graphs (ICLR" 19)
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Inductive representation learning on temporal

graphs (ICLR 2020)
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Inductive representation learning on temporal

graphs (ICLR 2020)
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Temporal graph networks for deep learning on

dynamic graphs (ICML 2020)
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Temporal graph networks for deep learning on

dynamic graphs (ICML 2020)
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Temporal graph networks for deep learning on

dynamic graphs (ICML 2020)
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Temporal graph networks for deep learning on

dynamic graphs (ICML 2020)

Wikipedia Reddit Twitter
Transductive Inductive Transductive Inductive Transductive Inductive
GAE* 91.44 +0.1 t 93.23 + 0.3 t — f
VAGE* 91.344+0.3 f 92.92 +£0.2 t — f
DeepWalk*  90.71 0.6 t 83.10 £ 0.5 t — f
Node2Vec* 91.48 + 0.3 1 84.58 £ 0.5 t — f
GAT* 9473 +02 9127404 9733+02 9537+03 675704 6232405
GraphSAGE* 9356 £0.3 91.09+0.3 9765+02 9627+02 6579+06 60.13+0.6
CTDNE 92.17+0.5 f 91.41 +0.3 f — f
Jodie 9462405 93.11+04 9711+03 9436+11 852024 79.83+25
TGAT 9534+0.1 93.99+0.3 9812402 96.62+03 70.02+06 66.35+0.8
DyRep 94.59+0.2 92.05+0.3 9798+0.1 95.68+02 8352+3.0 78.38+4.0

TGN-attn 98.46+0.1 97.81+0.1 98.70+0.1 97554+01 9452+0.5 91.37+1.1
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