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deepwalktg 5% [a] &R

deepwalkie X BIIINE S LR B /X Hsoftmax, MAZHNARERE, . .
XERFINERTE, SRNHAKRERMEEND?

EZEHEN, FREBE—TMEEEEXHHNRARE, . .

7 % |KMOEE

- Desmon 1/\BS B

< ERZFEERR, BNIRLEEARRENARRE (TUXEIEENEXEFTRRAARENSE) .
FRIABA TR AR ARERZMA R, WTASKIRCRIFER, RNSIERBGE—L, B, HIE
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AlStudio £I[Z|R& : https://aistudio.baidu.com/aistudio/projectdetail/1265981?shared=1

THE 1\EF BT
M%H#iﬂi’-}%ﬂ i EEE N TLEAXEMAEIATOOAIE /MR (3T ISHRIR FTRYyYEEZE ZREIHGZ) =S|
95 70 Notebook ‘ X {4(5) «
St 3.1 Node2Vec R+ B LR IE R
- v — BEMEDE
EWE 1.1 HARE? 1. XEHHBE, BTHENBEEESRNER, ARNXLERFHTRKES], IIGEELEH
N 1.2 EARES/RE In[16] %%writefile userdef_sample.py
1.3BTRIOBSHR--BE. HESAE import numpy as np
7 1
1.4 #EZIEMR # BEHL TR AR BR
1.5 Bl E A4y def node2vec_sample(succ, prev_succ, prev_node, p, q):
Z. IESsHHaE
2.1 AMEEREN I succ — HATT R T—MBSET RidFIR list (hum_neighbors,)
prev_succ — BI— 1 R TF—ESE T KRidFIFR list (hum_neighbors,)
*2.2 RMBERIE X prev_node — BI— I mid int
2.3 RHENHEEERT (FE) P - SEEBAL—TIVRE float
q - E#H{REDFSEZBFS float
2.4 FHES FHENBERT W T—7TTRid int
/1260103 NN
H1 & ES ZEEREVIEX
3



*DeepWalk, node2vec,
5B - BRSNS metapath2vec

3L - DeepWalk
EFIMHA. A%
SLE; | INEHERE

SE1
- HYIBfECS224WiEFE : http://cs224w.stanford.edu
- BEZE3FEE PGL : https://github.com/PaddlePaddle/PGL

F=1F  EHENEE
A()

F IR EEEE; *GCN, GAT

SCRE - GCN, GAT

‘ ST - GNN M

*ERNIESage, UniMP
*SLH - BEAINA

FIR - BMENEE
iA(2)

ESPREN EEr)
*SLRE GraphSage
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A keyword usage (2020 - 2019)

deep learning
an

optimization
neural network
generative models
unsupervised learning = —
reinforcement learnin
= convolutional neural networ
8 recurrent neural network
; machine learning
Q
=5

GNN papers published

1500 multitask learning
neural architecture searc
representation learning
adversarial robustness
_ robustness
selfsupervised learning
1000 nlp
transformer
bert
/ graph neural network
-4 -3 -2 -1 0
500
% usage
B2 A CriEE
ICLR 2020 BN ER
0
2014 2015 2016 2017 2018

EREM4E A ZRIEICEL ( 2014-2018 )

ICLR 2021 Submission Top 50 Keywords

4

7P ER

reinforcement |earnin:
representation learnin
graph neural networl
meta learnin
robustnes
neural network

self supervised learnin
generalizatiol
unsupervised learnin

interpretabilit

few shot |earnin

transfer |earnin:
. contrastive learnin
generative adversarial networl
natural language processin
deep reinforcement learnin
‘ederated learnin
adversarial robustnes:
neural architecture searc
data augmentation
generafive models
continual learn ng

I 0
on

deep Iearniné

Q<Q

SnQ@ ROQ

computer vis|
optimizat
regularization
machine learnin

ai

variational mfere%ce

adversarial training

X fransformers
semi supervised learnin
deep neural networl

. exploration

disentanglement

adversarial examples

multi task learning

classification

knowledge distillation

. former

convolutional neural network

image classification

) attention

uncertainty estimation

variational autoencoders

generative modil

K e
deep learning theo
recurrent neural networ
pruning

100 150 200

ICLR 2021 23z Top 50K

o
fo)
o
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EMAEREMNZIUGCN, GAT
R TEESRENNTE

BT YIIR

EARRRIRES INEZRELE
B, MiERSm R Es
aERH | BNEA UG —ARE
PUHATIEEL,

iR
B

53]

e R IRVE
LHFRBRAE | RN FRAY e ,
SYNtTE. YA, KIFaohiEil
KEEZWHEERZ. BRI &5, SfXE
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ElfHEREERIE : IRBMEELIT FPER
‘ 7 2 4 5 B T AR T 2
Be o ey @ HEKX - RAHB101ZER
. 6%-

o @) P % : Nature/Society/Information
@) %% : Node/Link/Graph

Medium

OPEN GRAPH BENCHMARK

* Jure Leskovec. Yoshua Bengio\ P hoas
}/!ItLHamllton\ Max WellingE%%& Node T;:T(S Graph https://ogb.stanford.edu/
https://github.com/graphdeeplearning/benchmarking-gnns http://keg.cs.tsinghua.edu.cn/cogdl/leaderboard.html

Leaderboard
Benchmarking Graph Neural Networks

Vijay Prakash Dwivedi'* Chaitanya K. Joshi'*
vijaypraOOl@e.ntu.edu.sg chaitanya.joshi@ntu.edu.sg
Thomas Laurent? Yoshua Bengio>* Xavier Bresson'
tlaurent@lmu.edu yoshua.bengio@mila.quebec Xbresson@ntu.edu.sg EDE ELASSIEIEATIEN
1 School of Computer Science and Engineering, Nanyang Technological University, Singapore LINK PREDICTION

2 Department of Mathematics, Loyola Marymount University
3 Mila, University of Montréal * CIFAR
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ZDF
Na+ |c|) O\\S//0
-0—5=0
HOL .,
i NH OH OH
HO o = :
OH O/S\‘
: Na+ ~ 0
"on OH OH OH
OH
XMRERE HWERSR

OpenlE

Freebase Cyo GeoNames
ConceptNet ® . ( ] [ )
GDelt
. KNOWLEDGE .
RAPH
DBpedia
. PROS.PERA
YAGO
. WordNet Metaweb
. . Knowledge Vault
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Pooling
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TRES EYES
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www.paddlepaddle.org.cn



IZE5 L

o

‘ T ES | D

\

/

) SIS 05K

I | A

i i) || 45

~

/

www.paddlepaddle.org.cn



[EERDNNTES LR BRI E

Bl _ERISTRMZS

2D-Convolution

C3:f. maps 16@10x10

INPUT gg@ 2fg;tzuare maps S4: f. maps 16@5x5
32x32 S2: f. maps

rr rrr
T

C5:layer fg: jayer OQUTPUT
120 Y 0

| Full coanection ‘ Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection
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A _FR9BFERZE 1D-Convolution

. .
i e ?
............ N o,
the — — nan, '_‘_ .....
= - T e O —
and — T ]
dO e :.N__—' ......................
Jeaaaatinn i S I N
n t T o
.., N
rent — N
it i
| | | | ' e
n x k representation of Convolutional layer with Max-over-time Fully connected layer
sentence with static and multiple filter widths and pooling with dropout and
non-static channels feature maps softmax output

TextCNN: Convolutional Neural Networks for Sentence Classification
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Graph Convolutional Network
IR |
IXIAIXT B ‘/-ﬁ\

y'
]IJ>_<IT><F><J fif—\

A MEHRETR | SSLLEIBSEER

C

&)
Xy
' hidden
layers

@ |

input layer

output layer

O =

ELRE RS R ERES

SE A SEMI-SUPERVISED CLASSIFICATION WITH GRAPH CONVOLUTIONAL NETWORKS (ICLR 2017)
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(4x0)

Graph Convolutional Network Conter sloment of the kemel s paced cver the 0% 9

source pixel. The source pixel is then replaced (0x0)

with a weighted sum of itself and nearby pixels. :g : ‘1’:

El&_ ST oxo
Source pixel 0x1)
+ (-4x2)

o°
o®
-
.
e’
-
.

New pixel value (destination pixel)
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Graph Convolutional Network

ElfS_ERIETRIRE ElZ5H LRSI

WV ey, =
-16 . )
Wé&?ﬁi — \
.
gt
B MEE A AR SRR AR I E Bk,
T

F—1 1 R AERPERR AN ESINREX.
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Graph Convolutional Network

BRI AR
HUD = a(@}_%fib
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Graph Convolutional Network

EERMEITEARN
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Rl
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~ 1
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0 0 0 DL 4 N0 0 0 0 0o So~_ Y- N9 0
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Graph Convolutional Network
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Graph Convolutional Network
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Graph Convolutional Network
IR |
IXIAIXT B ‘/-ﬁ\
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A MEHRETR | SSLLEIBSEER
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Xy
' hidden
layers

@ |

input layer

output layer

O =

ELRE RS R ERES

SE A SEMI-SUPERVISED CLASSIFICATION WITH GRAPH CONVOLUTIONAL NETWORKS (ICLR 2017)
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S FiHREE S T SEH EETRNES

www.paddlepaddle.org.cn



BN

Graph Convolutional Network

HEREE

Message Passing

ar

&‘i?éSend

B ERRET R EERT RARIERE
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Graph Convolutional Network
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Message Passing
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FATWERIRHERITRE
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Graph Convolutional Network

AHW pstppmma v EHa
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Graph Convolutional Network

D :AD 2z H®
EPGLFMessage PassingsCEH]

1 0

\/§\/§ =) from paddle.fluid.layers import sequence pool as pool

0= 1 # RIERE, MERERsrcEREBRRdst

=l .4_._ —_— —. 1—‘:'5 def send(src_feat, dst feat, edge feat):
V 3 V 3 return src_feat["norm"] * dst feat["norm"] * src_ feat["h"]
1 ® - # EIRRE, MRERsrcElRiXBinRdst
- 2—5 def recv(message):
\/3\/4 return pool (message, "sum")
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Graph Convolutional Network
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input layer output layer

ELRE RS R ERES
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GCNBEEEE O+ — a( D-3AD-% H(z)Wa))

£—%: D3 AD 3z HO) TAETEEES
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Graph Convolutional Network

GCNEES TR D) — a(D—%AD—%H(’)W@)

EEUX , SRR , LU EEEIRMES

C
D
) (I
] Fo)——f—
[:]] ' hidden
@ @ layers
- input layer output layer
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EESRMNES MRz

Hidden layer Hidden layer
N
e I
Input ¢ e ® o Output =
h3
RelLU RelLU
hs
v = v v - : - — -
BSR4 (GCN) BiE= M ( GAT)
Klpf, Thomas N and Welling, Max Petar Veliékovié, Guillem Cucurull, Arantxa Casanova, Adriana Romero, Pietro Lio and YOShUa
Semi-Supervised Classification with Graph Convolutional Networks Bengio
ICLR 2017 Graph Attention Networks,

ICLR 2018

-- www.paddlepaddle.org.cn
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concat/avg

EiT =ML ( GAT)

Petar Veliékovié, Guillem Cucurull, Arantxa Casanova, Adriana Romero, Pietro Lio and YOShuUa
Bengio

Graph Attention Networks,

ICLR 2018

-- www.paddlepaddle.org.cn
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Graph Attention Network

GCNHRIHIITE ;
D~ A . SRR

. AEES
1
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(@07 —@ ,o . WETHBSENRL
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Graph Attention Network

attentionit& 5%
iv:;)/. 0e e o exp (LezkyReLU (?é\zﬁiu\ivﬁj])) >>
~;, €xp ( LeakyReLU ( &’ [Wh;||Wh]
- e °.0)¢ 5 )

RAER A5

f( o0 ® = . .

h; =0 Z OzijWhj

JEN;
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Graph Attention Network
B GATHEEEEPGLF Message PassingsCij

ttentionit&5%
atien IC)r1]’ s / from paddle.fluid.layers import sequence pool as pool

from paddle.fluid.layers import sqgeuence softmax as edge softmax

import paddle.fluid.layers as L

exp (LeakyReLU (5’T [th“WhJ]))
Qij = - - # RERY, MREFsrcBR%BimRdst
— 5 m R
ZkeM exp (LeakyReLU (a [Wh’L”th])) def send(src_feat, dst_ feat, edge feat):

src_weight = L.fc(src_feat["h"], size=1, name="al weight")

dst weight = L.fc(dst feat["h"], size=1, name="a2 weight")

%?E?Eééi-l_%ﬁii weight = L.leaky relu(src_weight + dst weight, alpha=0.2)
# WEB—FLRT KRR BRT REX %
return {"weight": weight, "h": src feat["h"]}
—», —
h’z’ =0 E : Qg W h’j # FEUWEREN, MRIZERsrcE RZEBEFRdst
.jejvg def recv(message):

# WHEXMHI{Tsoftmax J3—1
alpha = edge softmax(message["weight"])
hidden = pool(alpha * message["h"], "sum")

return hidden

. - - - - --- www.paddlepaddle.org.cn
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Graph Attention Network

attentionit& 5% 23k Attention B & 75i%
e (Lea.kyReLU (aT [Wfiz-IIWiij])) N
i e, XD (LeakyReLU (5T [Wﬁi||Wﬁk])) hi = ” > oy Wh;
= JEN;

BHER AT 75

for head_no in range(n_heads):

# 15T B L RIGATHI S
- single_output = single_head_gat(graph_wrapper,
Z g4 Wh
. node_feature,
JEN; hidden_size,

name="head_%s" % (head_no) )
heads_output.append(single_output)

(Rl BRI

num_nodes * feature size —> num_heads * num_nodes * hidden size

-- www.paddlepaddle.org.cn
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GCN. GATERETERAHIRE y ”
\. 2%
#R/9 Spatial (Z3/8]) GNN e
GCN
KEBSH9Spatial GNNEFRTLAFE f(or0) o 0%
p .“%’ 12

Message Passingscill \
f(e,e) @ =

- HRRERIE
- HE RS




Message Passing

BFH

}L(t>

ZEMLP

A\

./

A7 B2 ¢
K ?B E)ﬁlm\
F 2 B4 H K ‘
B % mMean/Max/Sum

7P E

{1289 Graph Neural NetworkfiEH AT
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Message Passing 7P

Y (w) = F(Y, F{RT (W)l € N(v)})

Message Passingiiifz O

1. SRR RIE(EE ® O
2. FEL\E(ER Birsksams = ® O

www.paddlepaddle.org.cn



Message Passing 7P

Y (w) = F(Y, F{RT (W)l € N(v)})

RiEHRE

Message Passingiife

1. PEIRIEERE
2. FRILIBE1ER BinsEE BRI A

www.paddlepaddle.org.cn



Message Passing 7P

Y (w) = F(Y, F{RT (W)l € N(v)})

RIS

Message Passingiife
1. PEIREEE
2. FRILEFRHREBEERA

GCN: F = EFERIINSCKFD
GAT: F = E7F Attention B9 J08GKH0
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Message Passing 7P ER

L

Y (w) = f(RD FETV (u)u € N(v)})

FAMessage PassingfJBU iR )RR
1. FESNEFERES (81FAS )
2. B/ RHHEEIES M MEER (BIERS)
3. SRYEEHEENFEREGS (BIEE0)
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Message Passing 7P ER

Y (w) = F(Y, F{RT (W)l € N(v)})

' 1. Bl SRR e (IEaT )
0 0 J 73KMax
.
0 0 y S 0
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Message Passing 7P
hi' (o) = S F {0V (W)l € N()})

1
1. ESNSEFTEeS (85F8S)

0 f’ JoskMax
0 ; ‘ , SETHREINES
0
0

I - - - - --- www.paddlepaddle.org.cn
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Message Passing PP ER

.|

Y (w) = F(Y, F{RT (W)l € N(v)})

1
2. BB RINEEIRZI M EER(BIEEC)
0 0 J  JakigfEMean
—
° 0 * 0
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Message Passing 7P
hi' (o) = S F {0V (W)l € N()})

12 2. M BRMEEIRES MMM EBR(EEETS)

F  fkigEMean
/<Q7 - /<Q7

| - - - - --- www.paddlepaddle.org.cn
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Message Passing PP ER

.|

Y (w) = F(Y, F{RT (W)l € N(v)})

1 3. L SRS E N RN S (BIEAaS)
JF AkMax
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Message Passing 7P

Y (w) = F(Y, F{RT (W)l € N(v)})

3. ISR R 2 EEREERE S
(BB 8)
JF AkMax

FEIRIEN
1. —kEEREs

www.paddlepaddle.org.cn



)l

l\'
s

Message Passing 7P

Y (0) = F(R{Y, f{h?‘”(unu e N(v)})
3. [t E R 2 EEIREFEREES

(BiEE58)
JF AkMax
7 ‘ 7 SR
1. — B EEEEA
FEIRER
2. ZHEEEeER

| - - - - --- www.paddlepaddle.org.cn
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Message Passing PP ER

.|

Y (w) = F(Y, F{RT (W)l € N(v)})

. . 3. R E N2 BERNEERE S
(B8iF85)
0 0 1 1
’ 0 *\‘o ' 1 *\‘o
1 1
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, 1%
5 ® 05 f(e,0)
~ ‘%.— 0 0
’%. " .'\ " 0 7
1 ® = f(e,e) ® = 0 0 2L 0
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