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Source: Rainie, Harrison, and Barry Wellman. Networked: The new social operating system. Vol. 10. Cambridge, MA: MIT Press, 2012.
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Finding key players in complex networks through
deep reinforcement learning
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Source: Fan, Changjun, et al. "Finding key players in complex networks through deep reinforcement learning.” Nature machine intelligence 2.6
(2020): 317-324.
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Source: Fan, Changjun, et al. "Finding key players in complex networks through deep reinforcement learning.” Nature machine intelligence 2.6
(2020): 317-324.
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Source: Fan, Changjun, et al. "Finding key players in complex networks through deep reinforcement learning.” Nature machine intelligence 2.6
(2020): 317-324.
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Source: Fan, Changjun, et al. "Finding key players in complex networks through deep reinforcement learning.” Nature machine intelligence 2.6
(2020): 317-324.
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« BkIEHT: (Bt E/ERE

1
Qk (st ar)=Qx_1 (s, ar) + " (Rk (St ar) — Qi1 (e at))
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Source: Fan, Changjun, et al. "Finding key players in complex networks through deep reinforcement learning.” Nature machine intelligence 2.6
(2020): 317-324.
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Source: Fan, Changjun, et al. "Finding key players in complex networks through deep reinforcement learning.” Nature machine intelligence 2.6
(2020): 317-324.
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« Q-learning: 1EFEFEQERARIBRMERTT

Q(s,a) < Q(s,a) + alr+ymaxQ(s’ a) — Q(s, a)]

ititE IBfEHE '_—Luau/E’J 2 J%+'F—“=E’Jﬁ|‘1§ IBf&iHE

* é 'fb:I:a:?j\Hj Qk(str at)l‘li_&j:i /_LE1EQtrue (Str at)
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1
Qr(st,ar) — Qr_1(se,ar) = A ((Tt Ty maax Qr—1(Se+1, a')) — Qr—1(5s¢, at))

Loss

Qtrue(Se,ar) — Qpred(str at)‘ = ((Tt t+y m;lx @(St+1; a, @)) — Q(st, ag; @)>

Source: Fan, Changjun, et al. "Finding key players in complex networks through deep reinforcement learning.” Nature machine intelligence 2.6
(2020): 317-324.
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Qtrue(Se,ar) — Qpred(st; a) = <(7”t Ty m;lx Q(St+1; a, @)) — Q(s¢, ag; 9))
o FEIRLossERE: #%2Q-learning
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o [E|EEfYLossRREN: %mléiﬂ
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@ sy lyi Ay semeecanorn
T R R
* ,'E'\LOSS@%i Loss(©q; Ormbed) = E(svaririssnssisn)~(D) (Ttp4n + YMaXer Q (8110, a'; Og) — Q(st, as; @Q>)2l
O = (Wi, W W3} i

N
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Source: Fan, Changjun, et al. "Finding key players in complex networks through deep reinforcement learning.” Nature machine intelligence 2.6
(2020): 317-324.
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Algorithm S2 Encoding process in FINDER
Input: Graph G(V, &), input features {X, € R1*¢, Yo € V}, depth K, weight parameters Wy € RSP, W, €

Rp*((®/2) W3 € Rp*(@®/2)
Output: Embedding vector z,, Yo € VU {s}
1: Create a virtual node s which connects all nodes in the graph, denoted as the graph state
2: Initialize h” « ReLU(X, - W}), A « h? /|AV|2, Yo € VU {s}
3: forl=1to K do
4: for v € YU {s} do
5: IIAI,(LI) — ZJeA ) /Y 1)
6: h{" « ReLU([Wy-hY™ Wy /,j\’(j)’])
7: end for
8: B « b /|IRP|2, Vv € VU {5}

9: end for

10: z, « hS) Vo € VU {s}

Source: Fan, Changjun, et al. "Finding key players in complex networks through deep reinforcement learning.” Nature machine intelligence 2.6
(2020): 317-324.
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IZQUERTMINSSIERE Fal AR K RIN AR

Q(s,a) = WS ReLU(z! -z, - W,)

o« XEBW, € RP*1, W: € RPIEBNESSE, z, € R¥*P,z, € RPEYg

ISAVEN , for state and action respectively,

Source: Fan, Changjun, et al. "Finding key players in complex networks through deep reinforcement learning.” Nature machine intelligence 2.6
(2020): 317-324.
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Code: https://github.com/FFrankyy/FINDER
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CommunityGAN: Community Detection with Generative
Adversarial Nets

Authors: Yuting Jia, Qingin Zhang, Weinan Zhang, Xinbing Wang Authors Info & Claims

IS ESLEEEE PSS, WIE T cliqueScommunityfigiE<E, HETF
GANEKEIE, £5AGM (Affiliation Graph Model) kES /X AT
RETFFIES Ficliquell RAGMIEEY, EFGANFHITFHLXZIN,

HPER N EST X RIUESAEE; "‘5&)% %ﬁ?iijul%mﬂ: *’J%Hﬁj‘ﬂjﬂm

Table 2: The occurrence probability of cliques for vertices
sampled from all vertices or from one community. R: from Cirknt —H- paue

all vertices. C: from one community. = AN Y z I
Cl cl Cl i / / '>f// i
2-Clique 3-Clique 4-Clique B s i .
Dataset R[C| RJC[R[C : Y/ ‘/ :
LiveJournal | 4E-6 | 0.80 | 2E-11 | 0.18 | 0 | 0.08 3™ Ve E
Orkut 2E-5 | 0.82 | 8E-11 | 0.18 | 0 | 0.06 N = o
Youtube 4E-6 | 0.73 0010 0] 0.02 5 _é,f;;‘/i-'-? <
DBLP 1E-5 | 052 | 1E-10 | 031 | 0 | 0.23 - T L. e b e et
Amazon 6E-6 | 0.53 0.18 | 0 | 0.05 (a) 3-Clique (b) 4- C‘hque

- XD ,'f—ii%éi\_;;ﬁl:#_‘? , SETREERE; RIAGMAT RN SHEHXXR

HEUESTT, SJLAIRfEA2-Clique, ASGH—EH53,4-CliqueSHEHXHEE

Source: Jia, Yuting, et al. "CommunityGAN: Community detection with generative adversarial nets." The World Wide Web Conference. 2019.
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Figure 3: Framework of CommunityGAN

Source: Jia, Yuting, et al. "CommunityGAN: Community detection with generative adversarial nets." The World Wide Web Conference. 2019.
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D(s) = l—[ o(d,, - dy)

(u,v)es,u#v

. HERRSRG: BT By, HOKESIEESRERY, | SEEEE
AT ST
G(slve)
=Gy (05, [051) G (V5 | U1 V5y) - -+ G (Vs [Dsys - - -» Vs 1)
. BEENSE, Eisoftmacke bR E
exp(XTT 8T, os,)

m-1 _T )

Zve(vsl seesUsp 1 ) eXP(Z i—1 8v gvsi

— 1

GU(Usm |v.5‘19 SRR Usm_l) =

Source: Jia, Yuting, et al. "CommunityGAN: Community detection with generative adversarial nets." The World Wide Web Conference. 2019.
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XN T RE T NiIXE’\JffEEZAZO BTFRE, £RFEG, NFHA

XJ(u, V) BIEEREL, KB T™ATITEREER:
p(u,v) = 1—exp(=F; - Fy)
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F 2 21 23
V3 F;‘] F 33 v

vOo@@eoeooeo L

Community Affiliation Network weight matrix

B e

Figure 4: AGM framework. V: vertices; C: communities; F:
affiliation of vertices to communities.

Source: Jia, Yuting, et al. "CommunityGAN: Community detection with generative adversarial nets." The World Wide Web Conference. 2019.
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AGMEE
p(u,v) = 1—exp(—F, - Fy)

» BLEIWRA "WTFTRE {vyve, - ve} | BEEACliqueRYilf

n
=" -
== .

P(Ul, UZ‘J"'SUM):I_ (1_pC(U1: U2s----.-’vm))

:l—EXp(—G(FUI, F‘Uz) "“.'va))’

. ESATISR, ETLARBLECIESFIBISED, A
D(s) = 1~ exp(~ © (doy. doy. - . .. o)

- AREEGCHENTRIRELAETF LR, (FEEsoftmaxitESEE
R

Go(Vsy, [Usys o o5 Vs, o)
B 1-exp(—© (gvsl s o e s Bugy, )
Zvi(vsl,...,vsm_l) 1- EXP(_ ©) (gvsla SRR gvsm_] > gv))

Source: Jia, Yuting, et al. "CommunityGAN: Community detection with generative adversarial nets." The World Wide Web Conference. 2019.
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SCIGZEER
F1-Score NMI
Model Amazon | Youtube | DBLP Model Amazon | Youtube | DBLP
MMSB 0.366 0.124 0.104 MMSB 0.068 0.031 0.000
CPM 0.214 0.058 0.318 CPM 0.027 0.000 0.066
AGM 0.711 0.158 0.398 AGM 0.635 0.025 0.059
node2vec 0.550 0.288 0.265 node2vec 0.370 0.071 0.068
LINE 0.532 0.170 0.208 LINE 0.248 0.070 0.027
GraphGAN 0.518 0.303 0.276 GraphGAN 0.417 0.049 0.083
ComE 0.562 0.213 0.240 ComE 0.413 0.091 0.059
CommunityGAN 0.860 0.327 0.456 CommunityGAN 0.853 0.091 0.153

- SFEENMRESIXIENRbaselineEZARLL, FEEE

It XESEICommunityGANIR T EERIFES Rk,
- ERkERTIAIBIERZ BRI AR /MEZIR I Community GANTE
AGMRYERE_E3RIE T BERIIERENTH,

Code: https://github.com/SamJia/CommunityGAN
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Dynamic hypergraph neural networks

Authors: Jianwen Jiang,

Yuxuan Wei, Yifan Feng, Jingxuan Cao, Yue Gao

-+ RUHT—MESEEME(DHG) DA, 1&%73iEKAk-NNZEER

BEANES, @idk -

meansRBEEH AT BAEFHBIALE., BEIIS

HEEMERE, ALIRBEERESRAIERXEA.
© BT T E TS| MDA ARINBETUNAISEIE. EETK
LHIES T, ARBREANTRSHAGE, FENAERY

SESMEETFHNE

FE. RN RETRNSE, AR
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. T — Algorithm 1 Hypergraph Construction
* §%$E}E E(AEEEEE-I'XT-I- E Input: Input embedding X; hyperedge size k; adjacent hy-

peredge set size S

E’J '?J-.E.l_'f T k-means Output: Hyperedge set G

Function: k-Means clustering kM eans; k-nearest neighbor-
N Y AN o : U : . _
% I£° X{I‘ /|\¢ﬁ'.l )\-|j/|-\l_\__'\ u, hpod sel(?ctlon krm,. distance function dis; S — 1 smallest
distance index selection top K
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Source: Jiang, Jianwen, et al. "Dynamic Hypergraph Neural Networks." IJCAI. 2019.
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Algorithm 2 Hypergraph Convolution

— 1

Input: Input sample x,,; hypergraph structure G

Output: Output sample y,,

xlist =

. for e in Adj(u) do
X, = VertexSample(X, G)
x, = VertexConv(X,)
xlist.insert(x.)

end for

X, = stack(xlist)

x, = EdgeConv(X,)

yu = 0(x, W + b)

RN A e

©

Source: Jiang, Jianwen, et al. "Dynamic Hypergraph Neural Networks." IJCAI. 2019.
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FRFEEIGE— hyperedge AT mEVEE X R HTEIEFIFRT.
EERZS— 1 ERRERHTHENEYE, SR8 SXET AL
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Transform
Conv )
matrix

alm

Hyperedge T = MLP(XU)

Feature

g oM I xe = conv(T - MLP(X,))

Source: Jiang, Jianwen, et al. "Dynamic Hypergraph Neural Networks." [JCAI. 2019.
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Centroid

Vertex w = softmazr(x.W + b)
Feature
|Adj(u)]

E w'x;,
i=0

Hyperedge
Features

Source: Jiang, Jianwen, et al. "Dynamic Hypergraph Neural Networks." [JCAI. 2019.
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SEIGEER : SIXMILESELS
o XANHENES | IR EGEECoraift T T —&RAIRISELE, Cora #iE
SEEEREENESEN, B TRAEFRHBFANE, XEXRTNE
ZEREES IR, 8T TRREE—MAIEFALREN— IR,
RINCXATERIER. EEFE AR HIRIEHEIE /)8R 5k
ISUEARIERUE, LIRERUT:
Ir #train GCN  HGNN GAT DHGNN

std 140 81.5% 81.6% 83.0% 82.5%
2% 54 69.6% 754% T4.8% 76.9%
52% 140 771.8% 719.7%  79.4%  80.2%
10% 270 799% 80.0% 81.5% 81.6%
20% 540 81.4% 80.1% 83.5% 83.6%
30% 812 81.9% 82.0% 84.5% 85.0%
44% 1200 82.0% 81.9% 852% 85.6%

- DHGNNEIZXJLLEMSEZE—E5E, FEEIIGERVNTIRETT
SRR,

Code: https://github.com/iMoonLab/DHGNN
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- MIBEEUERRIREEEESMIEIES, 28 5550 FKHEX, He
4196 FAIERIBR, 1345 FAMEBR. B8MEEEENF.
ER. RE=1TES, LRPDHIA=MESHEET =NELE,

HEXEEAESHI— ZIESEEE.
Method Acc Train Time

CBM-NB [Wang et al., 2014] 71.6%
CBM-LR [Wang et al., 2014] 79.9%
CBM-SVM [Wang et al., 2014]  81.6%

HGNN [Feng et al., 2018] 86.8% 2ml1s
MHG_noW [Chen et al., 2015]  87.3% -
MHG [Chen et al., 2015] 88.6%

MMHG [Chen et al., 2015] 88.7% -
Bi-MHG lJi et al., 2019] 90.0% 58.5h
DHGNN (our method) 91.8% 1m32s

- S5HERCHAAEENL, DHGNNESIEBETTWMES . 3K
1§87 1.8%HYERIERRTT, RIRTARKEAERE 1)lIZRRT 8],

Code: https://github.com/iMoonLab/DHGNN
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. FIAHETENEE(Dynamic Time Warping, DTW)E ,f FiHEAR
EISLIREBTRITEXRE. DTW SAERASATHIRIMmEIESEIU
B, ENBETIUNEERESIRERESE QEEE—Z?EI’JJ‘EUE‘E
1. DTW IiRERERILAN A2 S FER SR BRI E & £,

§Li% 1 DTW FBRRIRE

A SR (K1, Ks, -, K}
A BRIk R R KRB SIS HRR K, BE: o ZROHRAT RGN B R
A it pikinm gk Table 1 The situation data of battlefield K, in ¢; Bl ESSHEAE G = (V. E. X)
P e e fEL B iR KW o ISP B 20 AT 4 S
/ B +* } 1 (-3151,-12556,100) 166 187 Fr AL wfa FS) Tr(n), n=1,2,--- N, PAK
X B\ 4 \\ 2 (-4751,-2816,743) 187 216 FFti bl B X
| - )‘:: Y ; (3865,-2111,673) 193 189 A 2 {1 DTW gk, R A2 i
Tk A +*'// 4 (-3151,-5367,118) 80 156 50 DTW P &:DTW(i,j),i,j = 1,2---,N,
g, ; :; F : (4651,-3576,23) 68 142 SRKRHL it DTW BHEsmEA N D
\\\\\ ///// 3: XA 5 DTW BB & 3Ff 7 Min-Max
o At dew(i, j) = DING)-mnD

4 AN —EEANT o TS, B
A‘/\ E(Il) — ldl\\'l).j)<(:- %EH”%]M’“I[; (7' —
(V,E, X).

Source: YRR, D17 A2, EL1E Hd7 B AL BN RIS ERE MK TS E)/OLL ERER R F R 1-11
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