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Pasbepemcsa B 0603HaA4YeHUNAX

GraphConv GCNConv
x; = Hx; + z Wx; X' =o(D7Y2AD712XxW)
JEMLN (D]

Semi-supervised classification with graph convolutional networks (2017)
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Semi-supervised classification with graph convolutional networks (2017)
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Pasbepemcsa B 0603HaA4YeHUNAX

GraphConv
x; = Hx; + 2 Wx;

JE[LN(D)]

Uem oTnnyatoTcss A u A ?

https://arxiv.org/pdf/1810.02244 .pdf

GCNConv

X' =o(D"YV2ADY2xW)

Semi-supervised classification with graph convolutional networks (2017)
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GraphConv GCNConv
x; = Hx; + 2 Wx; X' =o(D"Y2ADY2XW)
JE[LN(D)]
Yem otnmyatotcd A u A ? A=A+1y

Ewe nuwyt tak X = GCN(4,X) = ReLU(AXW,)
Moppasymesas A =D Y?AD7Y? W A=A+1y

Semi-supervised classification with graph convolutional networks (2017)
https://arxiv.org/pdf/1810.02244.pdf https://arxiv.org/pdf/1609.02907.pdf
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r'padpoBana ceBepTka GCNConv

Ddurumn BepLUnH



r'padpoBana ceBepTka GCNConv

BN, DN, .

N/ / X' = o(D~V2AD"V2xW)

IR B

A (5x5) X (5x4) W (4x2) X' (5x2)

ReLU() L[]
_/ L]

dnun BepLUMH MaTpuua BecoB — MaTtpuua
oby4yaem amM0beaaANHroB BEPLUNH



OTnnyarTca??

GraphConv

x; = Hx; + 2 Wx;
JE[LN(D)]

HO!

Weisfeiler and Leman Go Neural: Higher-order Graph Neural Networks
https://arxiv.org/pdf/1810.02244.pdf

GCNConv

X' =o(D"YV2ADY2xW)

Semi-supervised classification with graph convolutional networks (2017)
https://arxiv.org/pdf/1609.02907.pdf
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OTnnyarTca??

GraphConv

x; = Hx; + 2 Wx;
JE[LN(D)]

HO!

PaboTaeT ans 6unapTuTHbIX rpadgos!

Weisfeiler and Leman Go Neural: Higher-order Graph Neural Networks
https://arxiv.org/pdf/1810.02244 .pdf
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X' =o(D"YV2ADY2xW)

Semi-supervised classification with graph convolutional networks (2017)
https://arxiv.org/pdf/1609.02907.pdf
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\ / /a5,3 = at(Wxs, Wx3)

al'j = at(le-, WX])

xXi = Xij=1.k



Npea Graph Attention (He mexaHn3am)

\ / /a5,3 = at(Wxs, Wx3)

aij = at(Wxi,ij)

/ xl = Xi,jzl..k

KoadhdonumeHT BHUMaHuA



Graph Attention

al-]- = Clt(W.Xl,Wx])

1. [aBante cumtaTtb a;; TONbKO ANs BEPLUMH, UMetoLLnX obLiee pebpo (nokasaHo
Ha 9KcrnepuMeHTax 4YTo xBaTaeT 1 wara) — Ha3oBeM 31O masked attention

Graph attention networks (2018)
https://arxiv.org/pdf/1710.10903.pdf
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Graph Attention

al-]- = at(le,Wx])

1. [aBante cumtaTtb a;; TONbKO ANs BEPLUMH, UMetoLLnX obLiee pebpo (nokasaHo

Ha 9KcrnepuMeHTax 4YTo xBaTaeT 1 wara) — Ha3oBeM 31O masked attention
2. [aBaunTte HopMupoBaTb KOIPPULUNEHTHI BHUMAHUS

et

a;; = softmax; (a;;) =
= softmax; (@) = 5~

Graph attention networks (2018)
https://arxiv.org/pdf/1710.10903.pdf
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Graph Attention

aij = at(le,Wx])

1. [aBante cumtaTtb a;; TONbKO ANs BEPLUMH, UMetoLLnX obLiee pebpo (nokasaHo

Ha 9KcrnepuMeHTax 4YTo xBaTaeT 1 wara) — Ha3oBeM 31O masked attention
2. [aBaunTte HopMupoBaTb KOIPPULUNEHTHI BHUMAHUS

e

a;; = softmax; (a;;) =
= softmax; (@) = 5~

3. [aBaunTe BHUMaHue caeniaem fMHenHbIM Crioem ¢ yHkumen aktnsaumm LeakyRelLU

T
pleakyReLU(a WETNERN)

aij = T
LeakyReLU(a! \Wx;||Wx
z K ie y ( [ l” k])

Graph attention networks (2018)
https://arxiv.org/pdf/1710.10903.pdf
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Graph Attention

[Wx;||Wx;]

Graph attention networks (2018)
https://arxiv.org/pdf/1710.10903.pdf
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Graph Attention
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Graph attention networks (2018)
https://arxiv.org/pdf/1710.10903.pdf
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Graph Attention
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Graph attention networks (2018)
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LeakyReLU (aT[Wx;||[Wx;])
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=
WXL' \A
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Graph attention networks (2018)
https://arxiv.org/pdf/1710.10903.pdf
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Multihead Graph Attention

concat/avg /"
- > K
7\ 1

Graph attention networks (2018)
https://arxiv.org/pdf/1710.10903.pdf
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The graph attentional operator from the “Graph Attention Networks” paper.

!
x; = a;;O:x; + E 0; i Ox;,
JEN (3)

where the attention coefficients ; ; are computed as

exp (LeakyReLU (a, ©,x; + a] @x;))
> keniugiy P (LeakyReLU (a] ©,x; + a; ©xy)) '

j =

If the graph has multi-dimensional edge features e; j, the attention coefficients a; ; are
computed as

exp (LeakyReLU (a, ©,x; + a; ©;x; + a; O, ;))
ZkeN(i)U{i} exp (LeakyReLU (a;r(-)sxi + a] Ox; + aJ@eei’k)) .

Q@ij =

If the graph is not bipartite, @, = ©,.

https://pytorch-geometric.readthedocs.io/en/latest/generated/torch geometric.nn.conv.GATConv.html#torch geometric.nn.conv.GATConv
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LeakyReLU (aT [Wx;||Wx;])
[Wx;|[Wx;] = S

al] -
[ | aT ZkENle

LeakyReLU (aT|Wx;||[Wxk])

/

[ A

/

] aT[Wxi||ij]4> J —>  softmax > Qjj

—] LeakyReLU

Graph attention networks (2018)
https://arxiv.org/pdf/1710.10903.pdf
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e H
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_ T
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How attentive are graph attention networks? (2022) https:/arxiv.ora/pdf/2105.14491.pdf
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LeakyReLU (aT[Wx;||Wx;])

e
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T
e LeakyReLU (W [x;|x;])
al-j =

= T
Z a' LeakyReLU (W |x;||x]

How attentive are graph attention networks? (2022) https:/arxiv.org/pdf/2105.14491.pdf
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How attentive are graph attention networks? (2022)

MaTpuua
ambeaanHroB BeEpLUMH
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r'padoBana cBepTka NNConv

x; = Hx; + z x;NN(e;;)
JE[LN(D)]
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Pebpo mexay Hogamu i u j,
[ npeacTaBneHa BEKTOPOM

k "
.\C'%:h\ thuyeii e;; pasamepHoCTbio 1 x 1
OE/ SFDI

Cocen 1

https://pytorch-geometric.readthedocs.io/en/latest/generated/torch_geometric.nn.conv.NNConv.html
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r'padpoBana cBepTKka NNConv \
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https://pytorch-geometric.readthedocs.io/en/latest/generated/torch_geometric.nn.conv.NNConv.html
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Cocen 2 reshape
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https://pytorch-geometric.readthedocs.io/en/latest/generated/torch_geometric.nn.conv.NNConv.html https://arxiv.org/abs/1704.02901
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H v BbIXOAHOU csioit NN umelot paamepHocTh k x k'
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jE[l,N(i)] (NN —wyacro MLP)
Cocen N(i) _
Cocea M) _ NN ¥
k
Pebpo mexay Hogamm i u j, _ ,

HEEEEN I [T T1; npencraenena sextopom Xim = (Hx)m + Z() (NN (ej))m

~ JE[LN(D)]

cen 3 puuent e;; paamepHocTbio 1 x [

.\Qﬁﬂﬂk NN Cocen 3 I
_k

Hopa i, npeactaeneHa
BEKTOpOM cuuen k'
k X; pasaMepHoCTbiO 1 X k Cocep 2

Cocen 2

Cocen 1
Cocen 1

https://pytorch-geometric.readthedocs.io/en/latest/generated/torch_geometric.nn.conv.NNConv.html https://arxiv.org/abs/1704.02901
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(a) Dynamic graph with temporal signal.
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(b) Dynamic graph with static signal.
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Time period 1 Time period 2 Time period T

(c) Static graph with temporal signal.

PyTorch Geometric Temporal: Spatiotemporal Signal Processing with

Neural Machine Learning Models (2021) https://arxiv.org/pdf/2104.07788.pdf
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Tuunbl " NnpumMmepbl 3agav

(FT) npeaukT knacca Hoabl B Byayuiem, npedcka3aHue mpaghghuka

TRANSDUCTIVE INDUCTIVE
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Graph Neural Networks for Temporal Graphs: State of the Art, Open

Challenges, and Opportunities (Aug 2023) https://openreview.net/pdf?id=pHCdMat0g|
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PT: Detecting critical stages during disease progression from gene
expression profiles (Gao et al., 2022)
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A Attention
B RNN/GRU

Temporal Graph Neural Networks

@ Autoencoder

¥ Y ¥ N
Evolution Evolution Embedding Neighborhood
v v ‘ N v
VGRNN DySAT DynGESN Roland SSGNN TGL
Inc FT X X X X X FT,FI X FT FT PT FT
feC FT X X X X X X X X FT X X
jfelel X X X PT X X X X X X X X
‘JU. frp FT FI.LFT,PT| PTFT X FT X FT,FI PI,FT FT FT FT FILFT
‘& fEP X X X X X X X X X X X X
g Clustering X X X X X X X X X X X X
LDE X X X X X X X X X X X X
Regression(ode) X X X FT X FT X X X X X X
Anomaly detect. X X X X X X X X X X X X
LDE == low-dimension embedding
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EvolveGCN: Evolving Graph Convolutional Networks for Dynamic Graphs (2019) https://arxiv.org/pdf/1902.10191.pdf
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EvolveGCN-H (2019)
H{YY = o(AHIWY)
W¢ = GRU(HL WL ,)

Bmecto GRU — moxxHO RNN, LSTM v np.
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(a) EvolveGCN-H, where the GCN parameters are hidden states of a recurrent architecture that takes node embeddings as input.

EvolveGCN: Evolving Graph Convolutional Networks for Dynamic Graphs (2019) https://arxiv.org/pdf/1902.10191.pdf
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EvolveGCN-O (2019)
H™ = o(AHIWY)
W¢ = LSTM(WL,)
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(b) EvolveGCN-O, where the GCN parameters are input/outputs of a recurrent architecture.

EvolveGCN: Evolving Graph Convolutional Networks for Dynamic Graphs (2019) https:/arxiv.org/pdf/1902.10191.pdf
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Temporal Graph Benchmark

Torch
Spatiotemporal

PyTorch Geometric Temporal: Spatiotemporal Signal Processing with
Neural Machine Learning Models (2021)

https://tgb.complexdatalab.com/

https://torch-spatiotemporal.readthedocs.io/en/latest/

https://qithub.com/TorchSpatiotemporal/tsl

https://www.youtube.com/watch?v=rUR3-YIHFt0

https://arxiv.org/pdf/2104.07788.pdf
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STGCN (2018)
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Spatio-Temporal Graph Convolutional Networks: A Deep Learning

Framework for Traffic Forecasting (2018) https:/arxiv.org/pdf/1709.04875.pdf
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STGCN (2018)
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Spatio-Temporal Graph Convolutional Networks: A Deep Learning

Framework for Traffic Forecasting (2018) https:/arxiv.org/pdf/1709.04875.pdf
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STGCN (2018)
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STGCN (2018)

/ ) /
Vv W | (Vemrs, ... Vi)
Vs, . V) W : !
(Vearsa ) I i : I Anpo wmpuHon K,
I I Temporal I Y /
ST-Conv Block €— | Gated-Conv, C=64 . L
I “TP]
| | 1-0 ~[p
. Spatial . Conv ||
ST-Conv Block e— I Graph-Conv, C=16 I Q
: | .
I Temporal I
Output Layer | FC X Gated-Conv, C=64 \ GLY . Temporal | [+ Y = PO (Q)
¢ I ST-Conv Block I Gated-Conv
y : v : v
v | +1 |

/ /
(Ve-mik,, ... Vi)

Spatio-Temporal Graph Convolutional Networks: A Deep Learning _ .
Framework for Traffic Forecasting (2018) hitps:/arxiv.org/pdf/ 1709.04875.pdf



https://arxiv.org/pdf/1709.04875.pdf

GLU (bopbba c 3aTyxaHnem rpagameHToB)

pagueHT gate B LSTM MpagueHT gate B GLU

V(tanh(X)®o (X)) = tanh'(X) VXOo (X) V(XOo(X)) = VXOo(X) + XOa' (X)VX
+0'(X)VXOtanh(X)

Language Modeling with Gated Convolutional Networks (2017) https:/arxiv.org/pdf/1612.08083v3.pdf
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STAEformer
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* Notably, we also apply layer normalization, residual
connection and multi-head mechanism

STAEformer: Spatio-Temporal Adaptive Embedding Makes Vanilla

. . https://arxiv.org/pdf/2308.10425v5.pdf
Transformer SOTA for Traffic Forecasting (okT 2023)
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