Beijing Forest Studio
ITREBTXZFERRFARFEUMEEPIL

GraphGAN
BN BELIthRE

201911H03H8



SE B3 4 AL
B=I8])I

BN
HikRiE
s Ll
WS
235k



«  FRHAULIR
- 1. ABBRARRERE

— 2. I8

#GraphGANBRIEERIE

- 3. TH

AL NG




. g(Graph)E'—AEIE*%‘“%‘“ BISELS) :

32T M 4EE B IRSH 3B EM DR EE S, 20N Mg

B 2—TRERSHR

SHEE(BGR, WS h2ESREN—fEHEI, B

« GraphfffssZ

- SHEHE: !IIJEEJZN%,E, E-LE“:,E

Z0Lle, ZEARIn)ER

- BtREIRE: 1—:;—::1%%’?54%&73

Bi4imiek .

.l’
5, 3 #ﬁﬂ ‘fi’ZIE,

IR

HAN P R HRENLIn S

_ ENEME: HRE

SHEEIZIEDIR, BERNEGraph

Embedding (GE) , Graph Convolutlonal
Networks(GCN)Z



*A or MBERRFES] or MBI A

X

- SEMNBEEPFIFEMNSPETHREH. XE.
RERRERR, ZBIXETRETRMILAEAT BT
WAFEEMIMBSNRESD, WTHRSE. RN, &
BRI, oI IESS S,

G=(V)

Vector Space

gy
J A

Can apply classical ML methods



IR

« AP

R A3k

EERELEIN %ffr—@" | GAN
- GEN" b GraphGAN
ANE

LINE CENE
SDNE
GraRep CANE
node2vec
Trans-Net
struc2vec
GraphSAGE

GraphWave



GraphGAN

BB =



BNl =

- Embedding
- WHAT?
 Embedding®¥lF E2—THE, f: X —>Y, BIE—
TR EI S —17 =08, #EEME4HIBRZSE
BRST R4 R RBIZ(E],
« —RISIEHRAFBIRFTREG A HIIEBER RIS HT
- WHY?
- HRFIBINIZE—TREFRRR
o FENNABEMNBETLIRRLEEESE
 fi2Rone-hotsmt3|olEx
— one—hotfl+:
» HEFE: ["hE", "EE, "iEE"] (XBN=3) :
» PE => 100; £B => 010; ZEBE => 001




BNl =

« GAN (Generative Adversarial Network )
— R ES
— ELE: ERBMER

pgim | PSR

(Discriminator)

BBz [ A | ARG

(Generator)

FIESZ2017F1MAT BERIRS (GAN) —BBHY



BNl =

 GAN ( Generative Adversarial Network )
— BWEBERL: EREEG [ AIRIED
— R EH—ENIRS R EzRELEHIRESERSIER 31,
FRIRR2— T a2, HilmARESEIRAERENRF
7K,
— JEMEERITEI—E, UWRENZEREMBIEIE, GEMS{E
HARESHFENFIZISBALEERAIN, FEaE3ChrtE

EEFE 7 AXSER .
FUSR AR

(Discriminator)

BiHLR 2 [ R | ARG

|
|
(Generator) | :
|

Wiyl X

10



BNl =

« LItBIRmEL

minmax V(D,G) = Egp, . (2)log D(z)| +E,p_ () log(l — D(G(2)))]

G D

- HhxRREIHIE, zREMALEREGHIIES, G(2)
FZRGERBIERETE,

- D(x)ZRFARIZDHIMTEEEIEX2EHEXRBE,
D(G(z))zED#JIi‘ﬁGEEJZE'HFxﬁSHEB'] H LA %

ToI

11



BNl =

mén max V(D.G) = Epmpu(z)log D(x)] +E, (2 [log(l — D(G(2)))]

« DBIBAY:
- EECKHHARIEEN MR, DRGENME, D(X)Ni%
K, D(G(2)) Wiz, XBV(D,G)aZTX, Hit
L FUFDERIR 2K TR Kmax),
- GRIBH
- BREEEBE—IRABSG6, 2R, 2
- FEBCAERPEIE “HBIIETHE” . GHE

D(G(2))RUJEER K, XKV (D, )TN, Bt TR
BIE AN S Eming

=H

12



BNl =

GANE LA

GANlIZk AL BT 2 sebr ERM T IRRFBESF#EE T
FZBINEERE

Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets, The number of
steps to apply to the discriminator, k. is a hyperparameter. We used £ = 1, the least expensive option, in our
experiments.

for number of training iterations do
for [ steps do

e Sample minibatch of m noise samples {2, ..., 2"/} from noise prior py(z).
e Sample minibatch of m examples {x'V' ... 2™} from data generating distribution

Paaa(T ).
e Update the discriminator bts stochastic gradient:

mw

vﬁ.r,% Y [log D (m“}) + log (1 D (G‘ (z{ﬂ)))] ,

i=1

end for

e Sample minibatch of mrofsesamples {21, ..., 2{"™} from noise prior p,(z).
e Update the generator w ts stochastic gradient:
1 I ]
Vo, — Y log (1-D (G (7)),
™ ; o8 =
end for

The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum in our experiments.
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Algorithm 2 GraphGAN framework

Require: dimension of embedding k, size of generating samples
s, size of discriminating samples ¢
Ensure: generator G (v|ve; 8c), discriminator D(v,ve;6p)

1: Initialize and pre-train G(v|ve; @) and D(v,ve;0p);
2: Construct BES-tree T for all v. € V;
3: while GraphGAN not converge do
4. for G-steps do
5: G(v|ve; 8c) generates s vertices for each vertex v, ac-
cording to Algorithm 1;
6: Update 6 according to Eq. (4), (6) and (7);
7:  end for
8:  for D-steps do
0: Sample ¢ positive vertices from ground truth and ¢ nega-
tive vertices from G(v|vc; 0) for each vertex v.;
10: Update #p according to Eq. (2) and (3);
11:  end for

12: end while
13: return G(v|ve;fc) and D(v,ve;60p)
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Datasets

JdarXiv-AstroPh: 18,772 vertices and 198,110 edges
darXiv-GrQc: 5,242 vertices and 14,496 edges
JBlogCatalog: 10,312 vertices, 333,982 edges and 39 labels
JdWikipedia: 4,777 vertices, 184,812 edges and 40 labels

- MovielLens-1M: 6,040 users and 3,706 movies

Baselines

dDeepWalk (KDD 2014)
ULINE (WWW 2015)

JdNode2vec (KDD 2016)
dStruc2vec (KDD 2017)
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Table 1: Accuracy and Macro-F1 on arXiv-AstroPh and
arXiv-GrQc in link prediction.

arX1v-AstroPh arX1v-GrQc
Model Acc Macro-F1 Acc Macro-F1
DeepWalk | 0.841 0.839 0.803 0.812
LINE 0.820 0.814 0.764 0.761
Node2vec | 0.845 0.854 0.844 0.842
Struc2vec 0.821 0.810 0.780 0.776
GraphGAN | 0.855 0.859 0.849 0.853
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Table 2: Accuracy and Macro-FI on BlogCatalog and
Wikipedia in node classification.

BlogCatalog Wikipedia
Model Acc Macro-F1 Acc Macro-F1
DeepWalk | 0.225 0.214 0.194 0.183
LINE 0.205 0.192 0.175 0.164
Node2vec | 0.215 0.206 0.191 0.179
Struc2vec 0.228 0.216 0211 0.190
GraphGAN | 0.232 0.221 0.213 0.194
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