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Abstract with the arrival of the age of big data, the current study of complex information network is facing three severe
challenges: dynamicity, large scale and high-dimensionality of the network. Traditionally, the characteristics of complex
information networks are represented in discrete forms such as adjacency matrix, in-out degree and centrality. Such representations
have great disadvantages in computational efficiency and accuracy in the new environment of large-scale dynamic information
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network. Meanwhile, with the advance in machine learning algorithms, the representation learning of complex information network
receives more attention. Similar to the learning of word vectors in natural language processing, the representation learning of
large-scale network aims to map the structural characteristics of each vertex in the network to a low-dimensional, real-valued
vector, during which the structural relationship of vertices in the network is kept to the greatest extent, so that various types of
network applications can be effectively applied, such as link prediction, vertex classification, personalized recommendation, and
large scale community discovery. More precisely, the advantages of representation learning in complex information networks are
three-fold. First, it reduces the effect of data sparsity in networks. Second, heterogeneous information is integrated into the same
vector space so that specific applications can be applied easily. Third, semantic operations can be implemented in a way which
dramatically improves the efficiency of node similarity computing in large-scale networks. To this end, the paper proposes a
taxonomy of both the classics and the state of the arts on representation learning of information networks. We first provide a
historical overview of representation learning in graphs, followed by the elaboration of correlated concepts and theories, and then a
comprehensive analysis of various learning models is proposed. We consider the classic models, for example, the spectral method
and optimization based methods; and models for large scale networks, including the high-order relationship based models,
semi-supervised models and models with scalability. Both these two categories of models focus on the structure of network. In
contrast, the probability based models, i.e., the topic models, which learn the content of documents by means of finding the static
and dynamic patterns, can be associated to the learning of contents in networks, e.g., content with each vertex. The combination of
these two aspects, such as the matrix factorization based models and probabilistic graphical models are also considered. Finally we
discuss models for heterogeneous networks. We compare different methods from several perspectives in detail and derive some
conclusions. In addition, the paper presents a summary of the experimental data sets, evaluation metrics and application scenarios of
different graph representation learning methods. We also discuss the existing problems and future studies in representation learning
of large-scale complex information network. In brief, most existing works focus on either the structure or content of the network in
the representation learning of vertices. However, network properties should be better revealed by considering both characteristics.
Room for future improvements of representation learning typically lies in the fault tolerance of network feature extraction, the
adaptivity for dynamic networks, the combination of heterogeneous information in network, the universality of representation, the
distributed network representation and feature learning for specific sub-graph structures.

Key words large-scale complex information network; network features; vertex embedding; network
representation learning; deep learning; feature learning
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TEAEL SR AR, AT R T A IR 4 ] B
51k, Tenenbaum 2Pl it 7347 w4 »
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J2 H 22 X 4% 1 = f5 7 (Neural Network Language
Model, NNLM), #id—ANa] DR SCAE KL 3)
I EA n IS, FAT n-1 38 a1 249w
WM . NNLM BB N E . W2 RS2
i ZA R, RN E NS E AT n-1 A

W AR RN, XL PR RN K AE TR
2, BaE 2 WK 5 2 0 45 R AT JE et AR
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RUSER E PR THEAI 4 R : CBOW F Skip-Gram
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(Large-scale Network to Vector ) #55 xif AR X 4%
BEAT BERETIO o

LsNet2Vec 84 Jeidid BEHLIRE K7 AR
) 28 B4R 4R 7 51 AT 2R AT DR AR 1) TG M XML 388 2
2], fSAG I TR 25 R RS S A L B — A
TSR [ e R S e S e b AR
I 1 THL Rt 25 K R A1E ) 2 P T T B KR R 246
HE R TS 2 (] A AL . 1 5 O LsNet2Vec #57!
A, HRNE . SR HE R o
a0 N2 1) 32 L T R 2 4 R — TR R T e D) 8% v
T00 855 FH B AL AE 1) 7 323k AT 3 7 45 21 7 B AL 1)
IR, BEMmERIIZGE. RN
VI ZREERR IR 45 52 DI 2R /N a ZEIR A FE M
F TR, REHERBINMESESUSEER
FEIBL TR A REL f BT EE . S Z AR R 2
IR RS, 3 FH WG I ) Xof 199 8% T st AT B ARG A7 LA
WA BRSNS T . 76 2 A KB 2
& EHHATIRUE IS S B BT X b, UERE T
LsNet2Vec 178 T ) &4 R 3 1A 2K

) BERLBSRE LT
]
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i
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K5  LsNet2Vec fi74fy

T LICE T A RTHOR B R 2 705 B 2% &5
TR EE IR, FRHAR T IR e Y ()% 0 AR S
MR SEERFA T DA K S e A B s A RIS R /N A K
N7 & . RPN — R #2523
Word2Vec A1) J5 . HA DeepWalk #2744 52 5 5
P& B AE KRS 5T 2% A5 5 0 28 Al s I R T et 9 7E
Ir) B RN BT 7 o Hoe K 2 B R 2 7E DeepWalk
PR I AT R AN, (EIERR R R R 2
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T AMREREENMBERRTFE JER

A BB S WA MEH L ORE | LR SIRIAE TRIEIESE | TR &%
g A HiHL, 24 Cores .
DeepWalkP™ | 3¢ BEHLHEE S 4 M N T 51 uD/ ' . TG % . "
(2014) % JET Skip-gram HiH node NW 1,138,499 %g é%H; 7((_:F’u, pamd I E2 bRk A RHUE N 245
%
R e : N w2, 3¢
LINE[2] X FH AR D/UD/ HBL, A0 Cores |y gy IRL X "
(2015) % LD TRERE node | \vnw | 1985098 ?Tzéo V?%Z CPU, a2 E{ﬁf’é Al IS U 4%
o Y R NS
GraRepl® | 3¢ I 4 A E o | wmw T aCores g %;iz‘ @fégﬁgﬁ
(2015) | ¢ {RALSMEN SVD node { Jup Q3ACHZCPU | Sipmge | DO | BIBLEDR FEER
16GB W1# Ak 38 A KA 265
X FEF P TR R Sk HiHL, 6 Cores BERZT
DNPSH! ¥ TR R R @IntelRi7-5280k | , ., LadEY <3N N —,
(2016) | ¢ HLfEnsriEsEpERRE [ | "0% | DUD | 3223589 | opy ey gy | IR e | ERTBINE
It 17 NN
o | OIETALKBIEE DeepWalk wzems | SR
CNRL iy node | WINW na %%/ WURAPR e e g a g
(2016) BRY /UD 51 P2 X BT CREASHIE ST
X R AT SRR Web X 2% —— A X g5 44
% BT KRG DeepWalk N
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MMDWE R ' G TEET = =N
(2016) N T node { D/UD ;:;u, 16GB M TR e B
i R PAEEN
mop | ¥ SN search bias B HUEAT HiH1,6 Cores +EAE L] BRI, o A W,
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X AR 64GB WITF TSRS | AR R SRS
) N e Iy EA
(71 KN AR HAZ L] NN . "
SDNE % fEABENLIE FI4472 | node | DIUD | 1138499 n/a aifgy | SRR
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) He A AL
ra | K BJUERRES WL, 24 Cores | o, . »
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o) NwW il I T L VS
. e X NI
wep | K BEALIEE AN T i, 4 Cores — . "
LsNet2Vec™ & e B HLBLE [ F /2% | node | D/UD | 2,390,000 | @25GHZ CPU, | VWAV i ppp gy | SE BN
(2016) ) SEZ L3 ) AL
Y 16 GB WE& Ny SIS 2]
‘ e

*: DIUD: A F/ T E; WINW: /AR SISO 13 R B SR i S8 1A s K TR 4
SCHRIAET: R AR AR IR SO PR R SRR A UL AS L BN O, BRI MBI R AR, AR T HRIIER, £ Rk

ST T RBLIRRN TG, T IR
3.3 ETHMEHMEARTRRFES]

5 DeepWalk Sz HATAETEHEAT R bL, 22T DI
W7 2% 3R A R A 0 0 I 2% TN 7 3R 5 ST R A
Mz —, WEFG=(V,E,W,C)E. HTEXE
S 2 R A AR R BR T R A5 R Ok AR Ak, H
T B AT RE AL & KA TS MRS S, InEk
o e o T s 5 PR SCAS A 2 ARSI 2% T AN
JURAT R SCAAE B

TR I W 48 N R 5 21 AT AR A A5
AR ANEAE, 2 211G 20 W 25 P T A T
A E R R R . RS2 ST R o EOR AT TR
A SRR T R SELM 28 R R 2], BRI — AN T
MR A R 25 A 2% s ) AR B A . SR AR
XA 757518 %R A Gibbs SRAE. A7 HEWTAN
W R R SRS . BARK), MR BR T
E-0 NI U B N P R A E P R e/
W ROR S, FEAH B SR AL T DL T

W SRR 5 W 2 b i e BT R . HLse il 3 2
WA AR, AR R oy e R AFE — MR AL AR
XA, BTN UARKRIKBNZA TG, REMN
SCACH SRR R R H R R 3 Y — ik
BT XA AR B SCART AR Rt T 3 A LR
&, AR P SE RPN HE R, U
R IR R B4 AT E BN AR SAE
7 2 > RN B A AR 3R TR 2 2 W AR 4 TR IR I 45 P
RN SRR
3.3.1 B FRIR

IE R, g — AN e I I 2 04 A
TR AT, IR — AN E R NRC
SYARS SCAHEAT B 5E, IR AR A « R T,
1% 4 1) 2 UAE RO R 3% PLSA® (Probability
Latent Semantic Analysis). LDAL® (Latent Dirichlet
Allocation) %, 7£ PLSA B rb, it MR 177
AR T SRR R . AR TR LSA
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(Latent Semantic Analysis) R fJEat F, HF 78
I LSA TGiEf#tR—1in 2 LI 3B IE 17 L1 RE
JIAE BRI, AH AR o SORS 3 AE 5 e S
(VPSP SR S O N = P2y pr N il i)
BE & SR BRI, SEUAS T R R A Y
K, R G T M ATY. LDA B PLSA
B B AN b 1 AR5 AR, SR 23 = DU 2
HEWT VLR IESHL, R T PLSA fELE IS 5 1)
i, fF LDA A, S o ORI i e R TH
FREFREGRE, JREHY RREE @8, @t
RIS HE S, 135 — 4 BE R RN A 5 1)
ANFESCR I A, UM AR B SR
7t LDA BRI ORI SE A AR B R T iR N B
2 K 5t T 43 A Hh e BCRE s SO IR 32 oA, 2R
JE AR = R AT SRS A R R AR B — AN X
RLFE R, f e NBA R e R 2 o A
W, RN AT R

P R LDA (5LRE 1, Chang 2B —
WP T R R FE B RTM (Relational Topic
Model) . IX & —Fhah & P48 8RR S B M 20 )2
BAY . RTM AR B SCRYS (1 2 O A2 5 LDA
FEAR—E, AR ZAE TR IS @A R I~
Ao ARSI R AR SORS T S 2 R AL
BEHE, B EAE I I 5 A %R A
e RTM IR INE 6@@)FTw, BRI
di 5— N EE AR 0, M KRER, N TSR d R
% on AN, fAITE SR g kRN T 7, R
JaM zi LR Bz o LA Wi ho 6 F1
B, # HHK] Dirichlet J556004 a £ Ao AHNIH, —X3C
R di A dj 2 T8) B S B 4 vy 2 B THAE o A o
S0P = 80 R R B . SR 2 ) G 3[R
TR, AT 8 R A T RE .
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W @ || @ !
NWi,n < @ > Wijn NJ- Win e ﬁz > >(Wjn Nj

(@) RTM #x % (b) PLANE #%4
B 6 RTM Fl PLANE K EIRT Lok

HT PLSA F1 LDA HERIASGE A Ay A% 5] FH S

R 5] SRS 2 ) B &, Nallapati 258942
7 Link-PLSA-LDA #iR!, ZB A DA T
FAPI 28 RN, Yo it 51 e U &
ABI R SCEAE R RE. 7 R T IXFEsr
R T BN G RS SCEA B G R
EEETIME BT, TS e SCI A e LT
— AN AR 3 A Q0 B G R . AEIX AN
ARG RES, KEE R SCEE A S R AR T R
B, BEARBEAY IR RS EBRE
i 7, SRIEH IR B IR e AR

Chigair
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/@

0. ©
51 SRS @ SR
7 Link-PLSA-LDA Hi%l
AR E AR B e A R I E TR, &
i NATRE % I8 K AR B AT Y . K2 A
AR T VR 2% R4 e B T T CE S5 4, {9
FESCREBHE R O N BB N T SR R R R,
Iwata %5 42 1 T PLSV ( Probabilistic Latent
Semantic Visualization) %Y, 1% —Ffi - 32 U
AU B BCEE (W SR T R T V% . 5 BT Rkt
PR R AT AL i (2 dERR) AR,
7 J8 DAL A A, 2 ) 1) SCRYS 2 8] ) B SR A S SRS Y
ARG R . FER R, B SRS R 32 RRAE Yl —
Y IR IR 2 ) B AT AL 2 8] R A VAR AR R . SO
T2 843 A H SRS R AT AR A ) R ) 3 T ) BE
BOHE, JF HAR SRV ARYE 32 /5 A A — A
PEEL. AT LL@ LA EM # ik (Expectation
Maximization Algorithm) H 5 AIFA 2145 € 11— 41
SCRRIRAG AT AL, RISCRYAIE 7 AR pR, fdEAAH
ABA = R PR SRS e 55 L R NAE — S o
SR R 245 14D R N i) A T ST A T v 4 R R i
ANB| /Mg E] F, DU AT BEER BE B 46 SC AR
MEtE. BESCARMYERE ARG EENNH, W
SCARTEARYE S A (P PTARAL o 3 I SOAR PR 4 RN i
BN Yk al = 4= (8] b AR, AT DA AR — AN B
BRI o SORY 2 [) (R AR LA P B8 22 SR PR AR B 2 )
BE . BT AR 2 48, RgERnicn] LA
THEAREE T8 52 TS (9 528804y
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K R . ST UL IR, Le S0
& i 7 PLANE ( Probabilistic Latent Document
Network Embedding) #:%!, j@idx} RTM BB 3E4T
R, M RTHRAR IR # FE 25 =) 31 3 ORI SRS T A A1
He £k, B 6(b)A PLANE #AIRIRE, 5 RTM ##
R X 7ET PLANE B8 75 228 [RARFR RN H AR
I HFE T AAFRTIT AN A& 32 70 A R da 452 4 42 110 A2
it FE. PLANE F8Y (1) HoAA A sl 78 3= 208 K 21
AT —RABG E AN, —RRoRT ], XY
REAS TR MRS STAS T R o 2] AR AR 4 ) |
I AAFR o

3.3.2 EBATIRT2]

BEXF DA b 32 U R 35 A 2 R B 9 28 SR ) I
BRI Bk, Wang &R T —4N 5 LDA 2%
UK AR TOT  (Topics Over Time). iZfALAR
IR W4 I I 288 B4 AR dE Sh i Rk, T HLIBRE RS
T IRAZ S M (R AR A R . S50 T R R
B Bl )R] 2 Ak ) FA A TAEASF &, SCrh
(A 32 L5 7 ) TR B R B2 A A B . X T
BRI SCR, R RR A2 A 52 B SR
SO RIS TRV 27 1) 5 0

BRI Z Ab, B0 5N G2 06HE AL 7 g L
I THR T . T K285 BAARBIRICTAE
0 B TS N J2 T £ 58 T A B 0 % 1 5 g 4 418180 87
88, BRI RIS TR MRCR, HR
AR R B e B T W 50 7 VAR K2R B
AW TR E R, FECA ARG BN 2
FEME: 15 B 5y 28 0 FH P A7 e o (45 Mk AR i 45
AN NZTAEREE N 5ERE T ERBBIERTE
AL R AR o

b AR IR IR I LA il A, Hu 20
£ T COLD (Community Level Diffusion) J7i%
T 3EHGHE X 2 T A%, BPEEREAS [ 44 X 3
IR, R XA = E R e &, AW
SN SRR (RS — NGRS, DLHERR D
Z0 E A X2 ) 3 AR AR, Rt 1 — AT
FE R BRI N FL AT SEBLT 1. 22 S T e AL
X 2= (6] o AR R RIS, 5% ) 4 XA i 2 ) |
534 o
3.4 FEH-ABMERRTES]

RN AR 2 N5 T e A 2k, 4
B Gy RRISCARTZ IR o 2% R 5 > B AE 2 > I
PR TR A AT A RN, X ORI

RIS AT I — AN BT AL X 26 53
T SR 9 45 10 5 41 22 A e X1 4 1) LA 100,
IR 2 Uy 7 T 92 9% 94 98] e fos i fr AE R 2%
AR PO IR R 4 R L X 19899, 100
10T, 102 1030 jef B PRI IF 72 05 AN, R4 o 2 5] i
Tk o DX 24 T i o T ) 9% 2R (5 4 0N 25 ) B AT 23
75 I8 RRAE PUIRAEBE R IR . K2 BN 28 3R 7R % )
DI I 2% SRR AT 52 2], B T AEIR
SRR T RS FEEEE CCRNERMEE T
EAC DR

DAESE T R, HOCEA BRI — 1K
RIMLE, ZMEGRENT SR B SEE
FISCAME R, IXEEAE BT 4R R > AT REAR
I, AL W2 RN 2 2] 51 I LN 45 P 25
IEE T o IXELTTVEIE T LAOUAS W24 Rt N\ E 8
2 S B I A8 A X 8% R ) TO0 A7 s ) B el
Fow, ARBA 7 8B W 25 A B By B A [ 25 7 RFAIE
ST | Ik S o) 24 2 A RAIE X T I AR A S AR
RURARE AR, B2 R T8
ELZEAT . Bl AN A B AR R TSN A ]
A IEAEACFEAR R (0 8, R URAR P g J& - [F) — Ak
oA T H IR BRI AR, AR LR A T
TS AR A, Bl 265 25 1) (1) 2% LR A2 —
S SCAIZIR AR (WSO RS Ekia. R
I, Rl R 2% 8 R SRR AN SO AS P B AL R 2 ST X 4%
Foon A BUN 41T I B R AT

TR IR R, — R WA 2] T
43 T %6 SCASHEAE DA % 0 285 1 435 W R AR 1R 47 R 2
=1, Hi4nsy 51 H Word2Vec A, DeepWalk J53, 4R
JEEIX AR RN S A Akl k. AT, IXRTTIER
A 75 RE B W) 2% S5 A R SCAAT B 3 Z 1A ) B A8
B, [R5 SIS B RHIE ) E AR . S —
PG =25 27 75 OB N4 45 Ko %
STHESE R [RIRHR A SCAR N A AT 2] . HEl, 450
— N2 Rl 2R S S I AR 32 By R A T AR R I
T R 7 R TR R AR v
30401 BT HERER AR 0 72

FE T B R 1 23 7 VRN KB B 245 B
2R RBUONAERE A, ARG S A e (1) AR
I3 R R TR > [ L

DeepWalk BRI FETI s IG5 115 S, B0
THARAREFHINAER, T2 Yang 2017
DeepWalk 57 [ 3ty F it =5 FE T AU N 2545 5
T TADW (Text-Associated DeepWalk) J7i%.
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Z 7126 DeepWalk HRRRE M R 050 i il =Mk 4
FEREIIRA: Ee RV Hen ™" f1 Ten ", 4
Bl T 2% oy AT At i 7 (3] 5 A2 5 v B AL e 2 31 T
AU J PPEIRER ISR, T AR N T SO IE AR
. & 8 fon T TADW %A AT DeepWalk [
My, HoA K 8(a)#F W] DeepWalk HijH ke
M 4% 73 AR TN HE R PR SR AR, e X AN R S5 1R
N AT R A B R, SRR 77 R B A 1)
AR RE 4%, T & 8(b) I o5 TADW Jy it
I ERAERE E. H A T JE18 31T A4 IR RS, S
AKFEMFE T f1 TF-IDF (Term Frequency-Inverse
Document Frequency) % [ K FH 75 5518 7 i B 443
#.

VI

— <L>
VI
= I e
(@) DeepWalk
A D —
fi VI
W e
(b) TADW

18 TADW fyEKE 4 i 7 I
FHEL T DeepWalk #:7, TADW J7yEfE 5 1%
e A 5. 7F DeepWalk 57 vt [ 1~/ 46 [
M, FEMERETCE my=log ([ei (A + A%+ =+ +A)]
(), F A N ANEEBUERE, [e (A+ A%+ - +
AY 12RO HBLE | A DAR R R L
t 2SI, THELUERA M I T 24 5O (VP).
DeepWalk i FH 22 T~ Bl LI AE SR 7 7 DAk e it
HUERRAAERE M, IXFE DeepWalk SKREEE Z 125 %L
B PR ERE S B, (HARHMFE ST, TADW
T 3 B TR B R 2 2 (Al gk AT 1 4 B R s B N
SMBRSEREM = (A+A?) /2, XEH M Ei# logM
TR, HEFE log” B M E21dE%
T, FF HBA 7 55 R B i 10 2 4 1 55 R
M AR TR R R ), TR K
ZfE BMGRMEIK, BO (E) =0 (V), TADW J5
AT EAERE M ORI 24 N0 (VF), R4
AR, HEnDLEER A MR A REH
Mi E el ™V PLK HeD ", /M A )
FiR
o M—ETHT| - 2AELAHED — ©
9 T ARAG E AT H, 8 A AU R /ME E AT H.

ESR TADW 1] DAY SR o) 38 die IMETTT AN 2 42 J i
AME, ARZTTEAE SER SR o AN [F THIRRR AR
B3, TADW (1) H b 75 W 28 S5 F e 7 5 ) v i
AN SCAFHAE LLIRAS BB 4 1 N 28 7R . BT A TADW
PAFHT E FHT #onl DA 2 TS IR 4E R R
W EAEE R T NSRRI SR — 1
2K YEH P . TADW A58 665 5 28500 ik & T 551 14 PN 2%
15 BT RS FE A (1) IR 28 7R 7 2]

Btz Ah, &%t DeepWalk H57Y () 32 Bk A 7E
F IR S T N 2% r A 1) e 4 s 1 A 0T B
LTS A4 RS N2, Ganesh Z5EMHRH T —4
FrAU Author2Vee 1578 24 SR 4EI1E & 2R,
e 75 700 88 H AT FRABL P 25 R0 =2 8B 4% &5 g FA) 1
HAE S A R AT . Author2Vee #5785 i 1 A
J7 A SCORE B S HEEE B U T Ol %
7o Author2Vec #7 H A 7255 BB AL (Content-Info
Model) F4E#:(F EAEA (Link-Info Model) #/~1
BRI AR NS SRR DR ST i B SCAR
BRHFATIEFH LR, HHRRECE XN
Le=P[rc(up)=1]

=softmax (ug - an (s +u7ns +50) +P) 7
X re (U, p)FRTEE RIS ST p Z TSR &L L e [1,
2], U, el =™, b, W el ™, W el ™9, p®
NZAETY 24, Rl R KA R B HOR A X e
SRR, e R hS WSRAT Zhu 26090 i 05
IR, 5NAE BB BRI, FEERE R
B DI 2 ) B Rk O — D e
For, HEPRREUE SON:
LL=P[r.(uv)=1I] ®)
=softmax(U, -tanh( W.h +W.h' +b™ ) +b*)

A r (U, VEREE u FIEE v 2RISR, HE
SR RAE VL S A5 WA BT —FE . @
o AR N SRR A TR, R
Author2Vec HE8 [1afk HARekE, PTLAERLL = Le
+ L. Author2Vec fiA1 %% =) I F 5 ik NTEBEHE T
MR IHIR EART DeepWalk B,
3. 4. 2 Fe TR B 57k

BT NE e B T 3k S SR DLt S R R
VEXT I 85 T st 2 T (R K B R e dh AT AR, 22 2] B 4
ANTH A AR 1) B . 41, Cohn 25Oy
5 PLSA F1 PHITS (Probabilistic Hypertext-Induced
Topic Search) 25 & R A MER AR, T A
SRR A N AR AR . 1B R TSR
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Grfd, AT LRI SO ARG 1 B B DL K E A
PR AS o EAt,  BRAR 2 2 ) F) 5% R DA 27 =)
oy S PN 2 R TR A 2

T 2 e T US4 5 A DL R SO 3 )
gh 5772, Mei MR T — AT R SR
)3 & : TMN ( Topic Modeling with Network
Structure) ][], FF 3 i HLIXF A]EEK) NetPLSA
R, B T R 2 S5 R iR AN E A e S it 32
PSRBT IE WA . P th RS 2R &5 3 R A A
FEAZ & S5 A, R G vt 32 B TR R B R IE
ML IEH . NetPLSA 555 18 T W28 S5 FISCA
WA RIAT LG RN F 2], AR5 2 ISR o T W 2%
RN T A 1) SCA R HICR A PLSA 1L, 2%
F AT I BUAR B H N T

LEC) =D c(w, d)Iogip 6, 1d)p (W] 6) )

Hp CH—ERFE, {{p @5ld), p WIO D}a,w i}
BRZHL, dow 2 BIARE A SRR M A
ESRITTE LD (6 ; V)Y TE AT v IRGE, i
(L0)T5 p (05 V) :

p(e,-|v)=dZD p (6, 1d)p (d|v) (10)

NT GG M ERIATRR 2], SChE LT
IEMIE AR 8 % S(C,G) Nl (A) iR :

S(C, G¥— M ) &A1) R C( (11)

Ho L(C)HiX(6)75 5], R(C, G) & & N AEM LR L G

B AN 2400 T TR R R R B E AR, R At

(12) iR
RO
R(C, G):E%: f4f, (12)

X B AR TR EE | T REALE ] V | 4E R
&, ARRREREERE, HA=D-W, X DA
—XT AR, HAEFE TR EK RN d(u, u) = 3, Wy
T2 AT DURERS SO ) 328, 4 3 A
B4 1 DA OR I E A X, B IE A s Ak
FOE TR FIHE T~ W 2% () TEJUIAK, G ABE AR W] LT3 (1)
FAFSCARYZH8 1708, a0 @A 4 IXOR BRI 23 ]
LAY

SR, WRES TR T &50ME B oh, s
HSEAFIEME 215 8, WP PR SORE B LA KR
RPASMEEGE (AL SR8, Hibk, B,
Li 2B e TR AL, L2 T HER, /T
MFR (Multi-faceted Representations) 2= >J#74, i%
B HARE T2 )R 218 - A Bk
PASAEEA FH P 1 6 R AR e R 2R R . BN

U FH— 13 | = { texti, Gy, Ri, My Y5 2 AHCER, #
AN AL 1 1 B R R R A 2 (L3) TR :

PG O9p (tex®|xp G u & 13)

xp(R,M;|y,:6,,6.,6,)

XHe,- 6. o HHMREHF. P EMESLAL
AR B IERRHE, 0 B MR 1S4
T, 0., 6,}- p (text, |v,:0,) HHI T Bk ]
& (Paragraph Vector) [y FAB{S Y F 1 2 4 1A ik
NANERER RIS A i H Awia] o T A =X
(147

p (texy, |©,:= ) plwguy, ( |

we tgxt 14
+ > > logp (w|w) (14)

we tewdeg )
BT B e — TR 20 () 2 s v] AT S 5 21 4F
DR R R 208 AUC 437 2K bR B 1 D7 VR0 i — T3k
A p(G v @,) & SN vy FEEFETH AU AL
SR, LT DeepWalk F1 LINE A5 B fr 4 FH (1)
SkipGram J7vZ38 ik FH P Tl e Sk FRull HC A 22 (1) Tl
WRIE KA AUC it 2k iR 201 5 vE AT A .
p(R,Mv: @, 6,6, HTHMH u 5EEtk
& m BIE R, MFR AL FBEALELFE T FRZons 8
AR FAT R ACAL
EFXF TADW A58 3@ It B 53 fiffobég SCARRRAE ke

BRI, XIEEFBOFERAR S, JFH
TADW  H () SCAS P 2543 T B0 3 s 4 D9 6 P S0 AR
FROETT A 2B AR, R AS BB AR 4 Ml 3R 5
R IFIE SC&E ) L, Sun 2R T 4 A I 2 45 ) A
AAE BN A R M 2% ik A\ 73k CENE
(Content-Enhanced Network Embedding). i%J5i%
IR SCAR N AR R IR B T SR A2, FH—
AN E AR SRR A SUAR ARG M AR . A
FHIAR T — /MU H FR R EUE S & PEAESE

L = logp (u, v; 6)
¢ (u,v)zeSP (15)

+ > log (1—p (u, v; 6))
(

u,v) € SN

A SP R RIS AT 5 A, SN RNV R T A
MRS, T u Al v Z (B EAEZ p (u, v; O)FR
AN AT AN (u, V)TE SPHIEAIHESZE, 1—p (u, v; O)N
52 M. HZHEZS 5 A% node-node link #1
node-content link 3745 2K BRI EL Lo A1 Lnco BKA H AR
BIBUE LN L= a L+ (1-0) Lo, iZBREUE B3R PIA
R B IS, X E a e [0, 1]/ TPl
node-node link 1 node-content link % 2 it 55 54 (1)
SR WA o fEIIGIN, K52 )75 R 2 ) 4



18 it BNl R

2017 4F

H445 ELBI node-node link.. {3 A BEATLER & T [ 5 %% 2
AR A H AR e A L AT AL, BREENIEH

AL g
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Background

The complex
characteristics of large volume, high sparsity, high information
fragility, and high dynamics. Therefore, network representation
learning becomes a hot topic recently in network modeling. The

information network data have

distributed representation of learning networks has a practical
significance value in applications. For example, the eigenvector
representation of each vertex in the learning network can
effectively alleviate network data sparsity; the heterogeneous
information of different types in the network can be applied
more effectively; the distributed vector representation of the
network can achieve semantic correlation operation efficiently,
and improve the computational efficiency significantly. In
addition, the distributed representation of learning networks is
of great value in the network vertex classification,
recommendation system, link prediction, text modeling and
visual processing.
This  paper
representation learning in current information networks, most

summarizes the main models of
of which are based on the information network link analysis
(network structure) and the content or both fusion for vertex
feature representation learning. In these models, the structural
features of the fusion network and text content characteristics
of the learning reflect a more real network. The learning
network features are more meaningful. This paper also
summarizes the key challenges, existing solutions and future
research directions of the network representation learning.
Based on the above analysis and discussions, this paper aims to
provide some useful suggestions and inspirations for the future
study on network representation learning models.
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