g Rl 2% . f= B Rl =ty 5 . - N
REBE FERERE 2017FE FE47HE 8 M 980-996 ¢ CPEREY Jebidt

SCIENTIA SINICA Informationis 7" SCIENCE CHINA PRESS
Mk%ﬁ?ﬁ@]k%ﬂiﬂlf‘i?ﬂ ® -I;Fit .SrossMark

Héﬁ%T > s Tk

%}Z%_%LZST’ #ﬁ ﬁs‘(‘l,Q,BT’ X'J 7/;‘:, T 1,2,3* 73—(47{:,\1 2,3

AR ENR S SEOR AR, 6 100084

Q?ﬁéhbk HRGEFE LR E (EEKRE), 63T 100084
EREERESEARERLRE (%), L5 100084

@_%1’!5%. E-mail: liuzy@tsinghua.edu.cn

IGE TN

WA H#: 2017-06-30; #25%2 H#: 2017-08-01; W% iR H: 2017-08-23

| 5% . s SRR AU R SR TR (973) (HE#ES: 2014CB340501) . EFK SR FEE ERKARTIH (HtHES: 13&2ZD190). EZK H AR
AL (AT 61572273) HERHME FAAFEZE LR (HLHES: 2016QNRC001) FiEHEKR S B ERHHIUE (#H#E'S: 201510804
06) %)

WE FME&ERBWEf R R RSN — M EEDK, £ P4 89 0575 70 8 — A~ % 52 17 ALt 2 41
R 6B FT WS FRAERE R, AN EF I HABN LR, #3 WS F T R RIEF T AN
T I AR S WS RTF A RN EERRUARERE é’]%’#ﬁ(ﬁg, FRTEHMW
MBS BN FORW, FRERTITUEAREEAIFRENEFL)RER TV A0 XML
%, AL DUPE B 2 1A o B R AT TR LA A 1&@%, P48 =0T S P AR 3 T R BB
W E b, AR A T R B 4 ko X TAESAT R LN A B 4.

KA F% xTFI NBEF], BREF, wEMN%

1 318

9 2% K dfa 1 AT DA B SR SR IA D A AN AR Te) B &R, AEBRATTHY HF A3 5 TAR sp AR AE. 2541
K3, Facebook MUHHRMIHEIIEL 7 N5 NZ AL AZ 2% BRI _E T3 A SO RS R T 9 T i
FER R4 R ST 8] (R3S Far s B R 1 D R 4. T L, A5 S X282 AT A P AR i R O L
) — A BN, 5 B PR 2 ST A £ RSO SEAMIE B, TR 2 45 B
P2, BT RIAAE B K2 AAAE, XXM 445 BT TS 700 B 3R s A AR A A £
Rz, X TR AR5 B R) 3 A, AR B G BAAK AR, e BAAERT 1SS

FELARGMETTH, 52 M RESMEZERELA. MEE KRB LS BRI R Wik, A
TR RERT U IR T I 07— R AR A U R, RET N 2% A5 2 I % Al A R0 PR R B 0 M 2 4 Jis =2 AR
T LRI A2 N A 5 T, A5 B A AR I N S5, W s 2R BERE T

SRR A, B, AR, 55 MEFRRET L. PEREE FEFEE, 2017, 47: 980-996, doi: 10.1360/N112017-00145

Tu C C, Yang C, Liu Z Y, et al. Network representation learning: an overview (in Chinese). Sci Sin Inform, 2017, 47:
980-996, doi: 10.1360/N112017-00145

© 2017 (PERZ) kit www.scichina.com infocn.scichina.com



HERBYERRE B ATE B W

[V >k

Representation

Feat . .
learning eatures Vertex classification
Link prediction
Vertex similarity
G:(V E) Network
embeddings

B 1 (MEREE) MgRrF JREE
Figure 1 (Color online) The flow chart of NRL

FEXCR I HEHE RGEAT %, B BRI N FAMA. 25 LATIR, B0 5 4445 B4 it 05 R A T
BRE AR R R R 2 AR B 1), 2 R R A S AL B AR 55 T Fee ) R At s AR DR e, o KA 52 2% A S5 Y
e Ll s 1A -3

FERAL Facebook MIHIR i 452 0 2% (I PREA & T, IR Z W FU 3 0 48 M 45 5l B BeiHR
WA RIS, AR R RIRE T, — A B U 2 A S E R R 25 R ARSI 48R
A R P AR R 1 B (B R AERR R IR s RO T AT Ge vt 2 1 05 i (K R BR BT AE,
N YRR )RR 2 A 9 S 2 A IS AT I R AN S22 ). G R 7 I BORAE B ARE 5 AL BRSSO fie
A2 S, BT U AT T R ZORE I 2% o B s D IRGEAR 2 (1 el R 7 %, B BoRA, 18
WA 2% R PSR AR DL T B B2 B AT HE ) ) R . 3 L 1) s (R B — s PR 1 ) R 52
e A UGNEE D e o Nl s e (VN R D sz N0 Gk 4 YR K VR e DNk S R P DN ERI VA b
RS 5EH.

FET 2% (R 7 2 STRE T B AE R R BENS SE A Mt 7T 0 A S 2% A5 L 248 v B R IR R &R, 3 4RA
DA 2 PR TE 5EN (R 2 P SRR il R G T v, A R A PR A R S RN R, TR RCE R X
HI 28R, IR, MRS 2] IR 5] T KRR E K HOE, MR SCTAE R AT, &
ORI AR R A 28 2R 7R 2 2] TARREAT RGUERI A AR 2

2 MBFRRFSINEN

ARG TE A A 20 0 4 7= 2 ST B L. BB 1 T, 2% 3 e e I 246 L e et IR 246 1
FAESS BIMF AL, IR oR o7 2) SR A 5T N4 K v 2 2 45 B 28 R BT R U RO, 2 JRIX
T R HUAT DR N R S T 5 S B W 26 SR 55, 79 mi o 28 L BE R AT AT AL 45

WWKIAME G = (V,E), Kb V 2V RS, E RUMNES. U e= (v,v)) € E RN T TR v; 3l
vy BI—2kI0. PIZEEIAIEAEREE SO A e RIVIXIVI JErr Ay = 1 3128 (vi,v;) € E, B A;; = 0. 4%
AR R 2 e 1) — R ) B BRI RIA TR 2. B RE A R AT 3R 17— s A Hefh s
REBERE IR, TR X BT R — FPRoR.
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BIRTT B, A6 P AR R 1) W 28 R0 52 BT SRR 2. SRERFERE A ST (V] x|V
I it 22 1, XA |V SRR 1 7 R I8 R R AN IR 0. 53— 7, SRR 48 KR 2802 0, HdlE
IR XA B B (A DR A R G5 0 T3 VR R N P A e R e

DRI, 7F 73 A1 T2 T D 0 28 r 3 2 SHIRGERR B 1) ) oS, TR b, 2% R4 201 H s
FOER N TR v e V 22— DEHAE R, € RFY, P RIERZERE b @z T s 8 |v).
W 24 2 2 21 R R AT DR T e B e 2 B .l AR BRI B Sh AR BT AN 7 R AE TR A R
AT RARE— 2 T T J5 SRR W 28 S FIAE 5%, 079 ml 70 2. TR LB AIRE 1 17) s 1 A5 DR v 24 ) S92 B0
JROARTRE, T AN P25 5 B8 i AS 1 X 2% 45 4.

3 ETWRLEHIMERTFES]

Bt LA ST BORIR R, X R4 AT sl RFE S ) Do 17— AR R EEL AR S5 R
TR S BRI 2 A R A N AR B B S i, PR LR O ROBL &S 2 ST SRR AN . 2511k
Y, RS T DU ERRE, IE BRI RR BN 2 S ae b, RIS, 9 5 3R0m AT DL A 2 [ A
br, T AIRARAESS 22 NI CA B P28 38R 2 S AR G .

3.1 ET EMFEEEITE

BRI T M RR L E BTk, SRR @ T 5 RIAEFERIRT b NMRFAE
FELAT R A BRI E] & 4ERT RN, KR RO N 28 R B R R FE B Laplace 6 /. X757
IR BRI T 5% R FERE AR, SRR OC R R R PRI 45 R 22 AR K. — ek IF, JETiB R KT %
RIS ) 5228 B 5 vy, DRI D Rp Ak T B R S 1) B P T SIS TR AR 2 Ve 1. 55— D7 1, 1S SRR E TR B
K ZFEFERARAE T WAE 2, BT DU ) B2 28 FE AR AN RE IS 1. X 6 = PR LR T 3% ARV AR A
HARAEL & Ly RS, IR R UMIE SR EE R S, X L6757 ik iia AR 1 .

JREB KR (locally linear embedding) (6,7 (BB AR FE WA — AN A R AFEAR 2. R
T It R AR — N5 BRI E A8 R I R R AL TR I — AN R A ) X k. a2 i, — A9 o
(2R AT U8 i 88 515 s R AR IR H & RIS 2. R BBt Al T AR Ja -1 s s 1 AL
HE 5 IR B R BV 0 R B fe /MU A5 2K BRI 1) R A B AR A 50 SR A R AR AIE 17
B R R iR

Laplace F#{iF3 (Laplace eigenmap) 39 ] B FEE 8¢ R AN AH I (1)1 psi B3R 7 ROTZ AR . o 1) 1, 1%
R RAH I 2 H 1) B s R PR R 88 FA)~F 75 R g S iz Ak 6] T AR A 46 9 Laplace FE R )%y
(nACIapcAETfE

A ERR (directed graph embedding) 19 #—P9 & T Laplace FFIER 7725, 254N [F A4
BRI EI LAAN [A] PR AS . oy R B 2 e 2 T B AL 28 B 7 V5K TR 5, 4N PageRank.

AR TR 77, Tang A1 Liu M RS SRR R — 40 BE %75 OB T — MR X (com-
munity) FI5RE, BEMEEE (modularity) 1IN 71K BREL. BEHCME 217 5 X 28 5 B RE FE I FR AR,
(RS R R R A [R])— AR N 70 R B T A (RIS () 7 p AR . I &z A 1) R AL
T A4k Laplace H8 P HRAIE ) BH5E. IR T7 75— MRS E L — AR T IR B Bl IR A3 R
PRI SR JE R s A o) B A A5G R FE R B R AR ) B U B 1R L X — SR OT VR R R B Bk SAE T R
2% B+ RS REL B2E PR R AE ) T B A 8 VA T SR A ) 60 723 [ £
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#z 1 FEB%MRT (LLE). Laplace 4¥ff3% (Laplace eigenmap). BEEFRTR (DGE) BIER ML
Table 1 The comparison of LLE, Laplace eigenmap, and DGE

Model Graph type
Undirected Weighted Directed
LLE v - -
Laplace eigenmap v v -
DGE v v v
# 2 DeepWalk &AM word2vec RYZELL
Table 2 The comparison between DeepWalk and word2vec
Model Target Input Output
Word2vec Words Sentences Word embeddings
DeepWalk Nodes Node sequences Node embeddings

3.2 ETHBMEMENEEL

3.1 NI TT %, X B AU o) K S e XL A, AR ALE [v) B 350, 0T R £ 19 245
PR AR (. 5 —T71H, T P& M 2% 7775 C A AR B IRE 5 M G B U EIAS T 4R
R, BIRERIE T B S B8 715 R ORI R A5 B e A e @38 1) e D0 A, L A2 A 2 I 5% (1)
T3 AR R I B AR A BUAH M AN 25 R

DeepWalk 597 1 55— VORIR BE 2 2] v IR 51N 31 I 45 375 2 =) K. DeepWalk 5% 7843
F T 2% G4 b B BEALIEAE 7 81 A5 5. A FHBE LIRS 7 BT AN fe SR ME L A A W s %, B8
B E R 8 R AR T R A5 U2, BT LART L@ 20 A sRAIE 2 ZR 458 17 A P <08 42 R B4 A i 20T P 5 £
SAEAE T NAE A, T I A6 550 e R T BT (B A0 23 (R VE FE. 55—, XS R MLIEAE 7 #1 3E AT AR ] LA A
BAR 0-1 T AB AT SRR R (07 22 AAN T € 1.

T B RN 2 T EAE B ARE & AR O AR 2 T 2 2 S 5. Perozzi 4 U Jdid 5246
BOAE T REATLY E R 0 b1 R SORS o f BAE] — REAR AR BUE H (power-law), MTTRE— 2 25 44 ()
V] RN 2] Bk word2vee 1214 v FHTEREALIE 1 L, 24 2035 SRR,

T A, AR A B BB E P9 v, B2 w BIE DRI v, i1, Vi, - -
Vipw. DeepWalk FESS B IO £ v, PPN ROIRER. VEORAL R4k, Skip-Gram A2
WS 7T s (R PR S RO R EE S R BT LUR A b B 5 (1) o

w

min Z —log Pr(viyx|R;), (1)
k=—w, k0
Horb Pr(vigr|Ry) X (2) € L softmax pREAS 21):
R,CT
Pr(v;|R;) = ;Tp( D @)

el exp(Rng)

+ 2 JEE T DeepWalk HiEAT word2vec [ZRELIE L. DeepWalk B G 2% T RAEAE AlOK = 1R
WLIEE R, #RJGH Skip-gram A1 Hierarchical Softmax A5 X AT E 7 51 v &N J &8 E N B9
FON AT MR A, e AR BEHLIE AE P Z LR E A, JF B & A FH B HLAR . T B2 21 S5
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*® 3 AEIMERRF AR

Table 3 The comparison of various NRL methods

Method Matrix Accuracy Speed Performance
Spectral clustering L Precise Fast Low
k
DeepWalk > 5:1 A? Approximate Fast Medium
GraRep AF k=1, K Precise Slow High

Fe T A7 B 2R I 24 10 5 — MR TR R M 2% 2 2 2] SRR LINE 553% 91, Tang 48 9§41 7
AT AIE A K AT ) i BB I 2 R 2 ST Bk, O 1R RUTE) (R 98 R EAT |4, LINE 5
IHEE BB S RRERRZ ] 15— AU I AR, AN BRI A P37 e (0 R <08 2 3K Py
AR AR AR SR 2R B b, R LR A AT ) 9 3% 10 20 A A7 T TR 1 2%
SRHEFE P AR, (B — SR8 P L 6 AR R AR R AR R A, T LA i B3k — 20 20 55 — AR A
KAKE B BIRIFAEIEANE, ERILFEIR R BT /S, AT 28— ZOR LR 45 5 7 LA FE.

BARKAL, LINE S350 Fr A 15— OB R AN SR — ZARDLRE 1 s d#EAT 7 B A, IR /Mt
MR AR50 70 A1 T KL BEES. S8 > BaALeR B2 T PSR e .

3.3 ETHEMIENGE

Y558 R BRI, R OC R FE MEEAT AE B 20 RIS B B AR ROR, ANITTAS 25 s N 4% KR, Yang 55 (16]
UEW] T DeepWalk SHy%S2PR_EAFH T FANRE € 58 RAERERUFEFE > #. Bt ml WL, R R0 R SEA 2 o7
IR R ) — P E T B

GraRep By D7) B R8T — R ] R 2 R GraRep #id SVD 73X 1Z ¢ R H FE AT B4
MAFE] k BMZEIR. TR, (RBCE Jexd SBHFERE A BEATAT IR — AL BE, (450 A Tha4T 8n
MEET 1. W) GraRep SLELETHE k D MR 0 1 FERE AR, 1258 RAERE T B B0 B 9
A RIS kDR RELE IR RS, B30, GraRep 221 T ARK & 18, HRAR & EXS
R k0 s o Pt ok, i B B i . IR RE /I B BRI T R IR. {2 GraRep 32 2GR S7E
THAETHE R R AR BHE TR IRAK.

Yang &5 18] 75 H f5 S8 T ARt 56 T4 BR 43 A Bl mT DA A0 B R 40 A8 100 D 15 e 8 e [ — A B vk
FEZR: 88— DRy ™y ria A58 RAERE, 58 D RZAERE AT REFE > R RS B M 8 . 2 TARRE
%2757 MU, DeepWalk Fl GraRep J7 55— D@ G RAERERIEFRIEAT T 400 b, JEREEER 3
Hr, Hrp L /& Laplace 5%,

X 3 KIS, ATLAMSH AR, — 20 E oS R AR BR @ w] DR T 45 R OR
HIRCR, —RRGH R T =B o8 R RE AR THRRCRARMR. XA S5 R e A JAT] 54k —FfmT DA Ja) 4
WALk i 9% SR AR R BN I vH S S R R T V.

Yang %5 18] 7t T — ol i 5 (1 0 2% 2 B B SR NEU, @ik (3) Fios:

Rpew = R+ MA-R+ XA (A-R), (3)

HAdr Ay, N BESH, —MBKEN 0.5 F10.25. 1ZTAEIER 730 (3) FRysERg ] BLLE 53T 5 1
28RN I LEEAN T ME S B B 28 R R R i ok, A IR R AR, SEbs b M SVEER T
DeepWalk B0k it H 45 BBy, R 5 DeepWalk 503 1% WIS a], 5] LA B 5.2 R 20R .
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Unsupervised component Unsupervised component

(Local structure preserved cost) (Local structure preserved cost)
| I | |
| | | |
iGeX XeoXoX XeB} (Ce0CeO)
| | | |
| | | |
| | . | |
(@O0 @O ) | sueniscdcomponer | (@O @O ] |
| | (Global structure preserved cost) | b ‘
[ T T T T oo T \
‘ ‘ Laplace ‘
} eigenmaps

4—>h

& 2 (MLKMFE) SDNE &% (& BE3c#k [19])
Figure 2 (Color online) The framework of SDNE (modified from [19])

3.4 ETREBHENENTGE

A2 H A PR R AR A IR 25 B T VA AN R], SDNE 19 i 3% J et 448 DO 465 5 1 sl s [ ) AR e AT
AR, MR AT DL 7 AN Ay — N2 Laplace JE P W B 1GR3 — UL EE AR, 53—
AN R TC B IR 2 B A A X B AR R R AT L. 2 SDNE AR )Z B it &1
AR R 2R, RN 2 o,

3.5 ETHEXLIMMEX

W BESRAE TP R I, WHUE DB B MAL ORI L 22 ST g RoR. BRI, w21k
TR ERE— YR BOZ T BT — XIS, IR G Wi i tl HAREAT SR, IXRAE 225115
B L A X 9 R R, AR B DR B SE R T 27 S AR X5 ok R RS L R mT LA 1
R JC MBS AR s R 2 ST L AR

BIGCLAM 20 {E R —AN Al fi AL XOR IEIE, AL P f22 5] 17— Bk &k 4R
A B 7R, BIGCLAM S90S [ 2% i 25 100 O 2 BB BEAT L. IS RO TRl R AR, B4
XA 5 T8 B IR v, S i e Al H AR 2 B I 28 S5 A4 (K i AU e DA SR
i 2 B ) I RE R RE AL R T P SIS B

3.6 IRTFHIAMEBBIME RN

A5 P 17 B o A TR 19X 2% 0 SRS 72 117 SRAE A [ I, oo 2 SRR 22 SRR W 28 vh 145 2. Ehtk
2 BN 28 3212 20 5 iR ) 1) B RS 18] 1R A AR B0 A 2 B 28 22 1 AR ABLE . (B A AR B AR 52 e
FETCF), R RM AR RAERRRE. 55— D7, — S8R T P2 S e SRR, WAEIX (community)
EEE, haEMBRRFEINERETEXR.
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3 (MEHRFE) CNRL ¥% (Bt [22])
Figure 3 (Color online) The framework of CNRL (modified from [22])

HOPE 5i% Y J9REAN17 izl 1 PR AN 3R, IF 3 IR T 0R A7 SR AR I 26 () AR AR A5 2.
HOPE #% 1AF R AR FRI K RFERE, S5 IDGSVD SVEREATHE R FEEAS 25 A5 X 2% 7.

CNRL %03k 221 28 7 AET s iR AR Bl 4L X A5 2. a1 3 i, CNRL &A1Y
RIBT 2, MR RAEITA AR X B — MR 7015 DeepWalk K BEALIE AE £ BT
FeANEAESR) T, R B 895 B AR SR ], B I ZR1A) [A) 20 Skip-Gram A8 ZRT5 511w
B RIXFIELEIA A&, CNRL R 2% BOAE IXCR AR SO A 1 328, gt A2 35, 19X 268 A R A7 B
TATREALIX, T SCAS oA SG B ) o A8 32 8. (R, CNRL BERAE 2L B BENLI E 81 L, e
RUF B BRSO, 3@ T Gibbs SRFEM) LDA 23 S22 2] UL X 0 A7, il BEALR A
(77 2, ARG 7 41 BT R4 OO R AL X ARAE. BEJE, 7E Skip-Gram BB EEAY b F A0 7m0
R RIS L AR A X 7 (7] I 25 FUI B M L3 2E P 7] PP R RI3E , NITRE A X 54015 S PR AFAE 19 R
E L

N TR I 3 AU RAS I HE AL X — N EDWL R SZ, SRR 0 48 B A X SR EE Dy SCAR A i
AR IERATE, CNRL XA/ Karate PIZEREAT 1 4L DORBLAT RIGRTHLL, Wil 4 Fros. nTRUKEL,
CNRL AEW A7 RO HH AN R R AT B B 94 DX, DR AT AR R3]t A X2 5
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E 4 (MEEFE) Karate MEHXAMERTIRML (RIFRFEE. CNRL-2. CNRL-4) (&% 8 3C# [22])
Figure 4 (Color online) Community detection results on Karate (Fast unfolding, CNRL-2, CNRL-4) (modified from [22])

I k
< > <>
A
P I
<l p ——»
< M — > %X o % T
v

5 (MEKIRFE) TADW &% (i BE3k [16])
Figure 5 (Color online) The framework of TADW (modified from [16])

4 HBEINMEERINERRES

FLSLAEF A B R AR AR AR & NS, BSOS B AR5 855, kst
W 2 Fe 7R 2] R BRI T P LS AN A5 B, T 288 TR B R R I AR AE B R, W fe] BE A% 78 X 2%
TR R, B SR LEAMRAE ., B P 28R A 5 B M 55 RO [ B AE W 48 WA 55 L HRECR,
7 A 48 7 2 1 AU B

4.1 FEXKEEHRE

FERI AR, BREDT R L5 B BN, BT IR 2 AR T M I SCARE R Btk ss s,
BB IEGF AR AR, B F 5 B PR B 8 N A S5 SOARE 2. RATTRT DA T I e SOA S
EAE IR 2% G5 R (5 BRI T8, 1k — 2D 1 9 X 2% 755 R R R R B AR

TADW 6] 7ERE R0 fRAE SR R, K795 s SCARRRAE ST N2 7R 22 21 il 5 7R, TADW S0ik
BT REFE D R ) DeepWalk SESE— D INSRAGR): KR RIERE M iR 3 AN/ MIFERESERR,
RO T R E N SORRHIE A &, 3PN SRR, TADW SR R LH0RR T ik
AR W AEREA H FERE SRS

LS F e () W 2% 9 i A 5 HAR S RO AT AS BN, AR AR S B AN R U T AR L B, — S
FoE S AR T KA SRR AR AL A [ AR 0 3 A AZ AR o (1 2 RO AN R SR R
FoAt ] P SLER R AR, CA B RIR 5 T IR AT i 22 2] — N2 R 1, A
BB R I H 5] — 5 A0 T AN [R) 4T J 15 R A Ca AR . BeAh, SR 877 VAN BE XS 15 R ] R 9K SRR AT A R4 )
FERTRNAERE. TR, CANE P4 ) FY 0 22 55 1 B SCARAR SRR 15 ki RV 2% AR HEAT ARE, SR I 46717
R AN [ Y40 i 27 21 BT SCHR IR IR 28 K.
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6 CANE 8% (E%E it [24])
Figure 6 The framework of CANE (modified from [24])

CANE Bt B4 19 s AR A B SO FoR [ B A MR IR R K, e, SORFRoR A &4
SR 53 BB REAR SR, BT DAAE Y s g B SCHISR . Bl 6 TR, CANE A& AR A
2o W 20— 2% B AN R SOARAE BT gD, FE SCARER R AR BRI AR b, R A LA 3 0L,
T PN RAR A AR R R AR G5 SR A s (R SRR [

4.2 FHREHNNERRFES]

T B B 2% R 2, R SUE SR Z A UL R BRI N RFIE I 1Y R0 SRR 55 2RI AR
T I B M8 KR 2 2, AR T oy REENLER S SR 550, S X, MBI R 43R
AN SRR AR A 2R FRTE B R R B BRI AR, I B0 28 2R 0s 22 ST i R v,
MBI BB T T 1 8 R AE 5 8270 FAT 55 T AR

AT FRPEXAN R, Tu 55 2] -1 T —Fhp BB I 28 KR4 210710 MMDW, k2 214 X 43 1
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DeepWalk as matrix factorization

s DBiased gradient

® Support vectors

Classification

Max-margin classifier boundary

& 7 (M%KHFE) MMDW &% (1B 3k [25])
Figure 7 (Color online) The framework of MMDW (modified from [25])

IR 28 2s. W 7 Fros, MMDW [R5 29 56 B ) AT QI I 2 o AR B A B K el B 7y 2Rds. o T
R W 25 R n B X 3P, MMDW 2815005 73 2830 b ) S ) vk B8 i B o) o, Al L AE 2 ST il R v
1e T8 RO 20 7 D AT i L, AT 8 K ) B X 70 e

SERORIALBE I 5 SR RO, U ST 15 A AL 5 S SRR AE, th 2 525k
BRI M. A6 AU S TSRS URAED) T MMDW RS F b MBI SRR 10 B35 e
§b, LI R IFTOLLH (AFE 8), AL FTBLSEEITH 152 1A 01X 5P I BB S 1 6. DDRW (20
{7 0000 772, TR UIZR DeepWalk 375G 4 K58, KA 70 26 11 1040 SR AR,

Node2vec 27 i@ i S48 BEM LT E e S0 AE ) 7 st — 223 8 T DeepWalk 572 DeepWalk i HX
BEALIRE 781 R — AN R 7 G2 B SIBE L AT (). T node2vec I 5I ANPRANZSEL p Fl g, K90
S RANR LA R SIN T BB 7P HU R A2 B AR 08 A S48 2R s AR 7 s R 2 1 AH
XF R AR ) — A R 4 R, T R S A B i e EH AR 220, AT B AR 220 1 oo 4 R F) 408 1 A
T3 725 WREEDL S R I L 1 B i S22 T A1 s T 1 [ i 1

R, node2vec IS EL p A1 g = HIBENLIE P91 B A, i 9 o, Rk B—
WEEMILN (), AR T8 v BIARISBE, node2vee 1RHE p F1 ¢ 7& ST AR 4R & Bk ME 2,
p IEHIBe A b AN AR RR R I, ¢ PRI A b AR S AR, BAR AR A — B A
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10 ¢ 8.
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Figure 8 (Color online) The visualization results of (a) DeepWalk and (b) MMDW (modified from [14])

9 Node2vec Eki (18 B3#k [27])
Figure 9 The framework of node2vec (modified from [27])
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10 (MEIRFE) TransNet EiE (fEEXB3CHL [30])
Figure 10 (Color online) The framework of TransNet (modified from [30])
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# 4 Cora BIEELWILLER

Table 4 Classification results on Cora

Accuracy (%)

Time (s)
10%) 50%) 90%)
GF 50.8 (68.0) 61.8 (77.0) 64.8 (77.2) 4 (+0.1)
SC 55.9 (68.7) 70.8 (79.2) 72.7 (80.0) 1 (+0.1)
DeepWalk 71.3 (76.2) 76.9 (81.6) 78.7 (81.9) 31 (40.1)
LINEqst 64.8 (70.1) 76.1 (80.9) 78.9 (82.2) 62 (4+0.1)
LINEsngq 63.3 (73.3) 73.4 (80.1) 75.6 (80.3) 67 (4+0.1)
node2vec 76.9 (77.5) 81.0 (81.6) 81.4 (81.9) 56 (40.1)
TADW 78.1 (84.4) 83.1 (86.6) 82.4 (87.7) 2 (4+0.1)
GraRep 70.8 (76.9) 78.9 (82.8) 81.8 (84.0) 67 (4+0.3)
a) The number means training ratio.
% 5 BlogCatalog ##E&E LMD AER
Table 5 Classification results on BlogCatalog
Macro-F1 (%) Micro-F1 (%) Time (s)
1% 5% 9% 1% 5% 9%
GF 6.6 (7.9) 9.8 (11.3) 10.3 (12.2)  17.0 (19.6) 222 (25.0)  23.7 (26.7) 19 (+1)
sC 8.4 (9.3) 13.1 (14.8) 145 (17.0)  19.4 (20.3)  26.9 (28.1)  29.0 (31.0) 10 (41)
DeepWalk 124 (13.6)  18.3(20.1)  20.4 (22.0)  24.9 (26.4)  31.5 (33.7)  33.7(35.9) 935 (+1)
LINE 111 (12.2)  16.6 (18.3)  18.6 (20.1)  23.1 (24.7)  29.3 (31.6)  31.8 (33.5) 241 (+1)
LINE2png 10.3 (11.2) 15.0 (16.8) 16.5 (18.3) 21.5 (25.0) 27.9 (31.6) 30.0 (33.6) 244 (+1)
node2vec 12,5 (13.0)  19.2 (19.8)  21.9 (22.5)  25.0 (27.0)  31.9 (34.5)  35.1 (37.2) 454 (+1)
a) The same as in Table 4.
% 6 Flickr BUIRE LMD RER
Table 6 Classification results on Flickr
Macro-F1 (%) Micro-F1 (%) Time (s)
1% 5% 9% 1% 5% 9%
GF 4.3 (5.2) 4.9 (5.4) 5.0 (5.4) 21.1 (21.8)  22.0 (23.1)  21.7 (23.4) 241 (48)
SC 8.6 (10.9) 11.6 (14.3) 12.3 (15.0) 24.1 (29.2) 27.5 (34.1) 28.3 (34.7) 102 (+8)
DeepWalk 10.5 (11.6) 17.1 (17.8) 19.1 (19.8) 31.8 (33.1) 36.3 (36.7) 37.3 (37.6) 9,292 (+8)
LINEqg¢ 10.3 (10.7) 16.0 (16.6) 17.6 (18.2) 32.0 (32.7) 35.9 (36.4) 36.8 (37.2) 2,664 (+8)
LINEg,q 7.8 (8.5) 131 (13.5)  14.7 (15.2)  30.0 (31.0)  34.2 (34.4)  35.1(35.2) 2,740 (+8)

a) The same as in Table 4.
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FACR. WHE —FES S FIR RS AT A, 355 TR T NEU B SR e S e AT
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Figure 11 (Color online) Link prediction results
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Network representation learning: an overview
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Abstract Networks are important ways of representing objects and their relationships. A key problem in the
study of networks is how to represent the network information properly. With the developments in machine
learning, feature learning of network vertices has become an important area of study. Network representation
learning algorithms turn network information into dense, low-dimensional real-valued vectors that can be used
as inputs for existing machine learning algorithms. For example, the representation of vertices can be fed to a
classifier such as a Support Vector Machine (SVM) for vertex classification. In addition, the representations can
be used for visualization by taking the representations as points in a Euclidean space. The study of network
representation learning has attracted the attention of many researchers. In this article, recent works on network

representation learning are introduced and summarized.
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