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Abstract

Abstract

How to represent the vertices plays important role in the fields of data mining and
social network analysis. With the advent of large-scale social networks, typical network
representation methods usually suffer from the issues of computational efficiency and
interpretability. Besides, these social networks always contain abundant heterogeneous
information. These characteristics make existing methods unsuitable to handle the large-
scale social networks.

Network Representation Learning (NRL), i.e., Network Embedding (NE), aims to
learn a real-valued low-dimensional representation vector for each vertex. These repre-
sentation vectors contain the network structure and other heterogeneous information of
vertices, and usually treated as features in further network analysis tasks, including vertex
classification, link prediction, community detection and so on. To address the computa-
tional efficiency and interpretability issues of existing NRL methods, we propose to learn
explicit and implicit network representations to improve the performance of network anal-
ysis tasks. To learn explicit network representations, we conducted the following works:
(1) Lexical item based explicit network representation. To improve the performance of
vertex classification, we present a cascaded two-level classification framework by incor-
porating the heterogeneous text information and network structure information of users
in social networks. The proposed model achieves promising performance in profession
identification. (2) Tag and topic based explicit network representation. To address the
interpretability issue, we employ the explicit tags to represent user vertices and exploit
the correspondence between tags and social behaviors for user tag suggestion.

Although the explicit representation is interpretable, it suffers from the computation
efficiency issue. Motivated by the success of representation learning in images, speech,
and natural language, we propose a series of NRL works to learn implicit low-dimensional
representations of vertices. These works include: (1) Max-margin implicit network
representation. We propose Max-Margin DeepWalk (MMDW) to learn discriminative
network representations and improve the performance of vertex classification, by training
the max-margin classifier and NRL model jointly. (2) Context-aware implicit network
representation. We propose Context-Aware Network Embedding (CANE) to learn the

dynamic embeddings of a vertex according to the neighbors it interacts with. By employing
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Abstract

the mutual attention mechanism, CANE significantly improve the performance of link
prediction. (3) Social relation extraction based implicit network representation. We
propose a novel translation-based NRL model, TransNet, to model the relations between
vertices. With the consideration of the semantic labels on edges, TransNet outperforms
existing methods on social relation extraction task. (4) Community-enhanced implicit
network representation. To integrate the global community pattern in social networks,
we utilize the analogy between topics in text and communities in networks, and propose
Community-enhanced NRL (CNRL) model to learn vertex representations and detect

communities simultaneously.

Key words: Network Representation Learning; Network Embedding; User Profiling; Tag

Suggestion; Vertex Classification; Link Prediction; Community Detection
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1.1 fixE=

RIELEFE FRE X®, M4 (network) 2K 327 B HUH) P4 2 TA) 0 R 50 AN
XA SRR & o AT EHLRI 2T, W2 5 W] PLR S M 354 R Y 1
(graph) . 448 S5H4 IR BENS AR I RFR ANAIIA Z B R &, & AR
W2 S R AESRATT 8 A0 TR AR . B, AR S, NS AZIER
FVE P AR ZR AT AR B Y A A2 I 265 8 S0 5 IR SCZ TR B 51 T 58 AR F B
ARGIHIRIL%; Web T2 [8] FREE BE < A B A T LI L FR) I LB 42 X 4%

N e

L1 ARRIEMAH A AT &

b6 TLIBC Y R s R AL S AT S AW B, Wi 1.1, EEA AR
RN AT AR & LTS B N RS 31E . &0, B 4MP) Facebook. Twitter.
Instagram. Linkedin &, XA R HAARF G5 TIFERH . £X8Fad, H
PSR P ZERRE . FRRRIER T AN % . 5ESGM ML, X
R I AZ ) 2% 45 DA LA R
o AR LGNS, HBE R, mHEEmMG. WK 1.20R,
WA, Statista®ZiiE, #IEF] 2018 4F 1 H, A BRE KM A B &
Facebook ] G A E] 21.67 14, T E s KA E0UE, HiEER

@®  https://en.wikipedia.org/wiki/Network_theory
@  https://www.statista.com/statistics/272014/global-social-networks-ranked- by-number-of-users/
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MPEIER] T 9.8 /4. XEEAEAT M L4 A& it I P 0 R RN, thARAS B
M, KER > P 0 RS A BRI L2 LA BT e KA
GVERRE R, DT [ ISR AT R R X 28 o T A TSRS IE AR T BRI
Pk

o ERMBAAZ R F, B 7 5P Z B MR AR 2 4k, s £
MR AT AE R . Bln, HPERET G R A B K RSO B . AL
ERMPNEEL, Haamnd. wEENNEE, AP ENER
R AR RAESE . XU E A B RENE Sk R SR B A
NIE TS BRI, X T 1 Ak A A i N FH Al 55 BAT S A E

o B IR R AR I N S s AR H R . i, AR
FATET LUR R P A7 oA B A e FLdb AT P mi g, R P PR SR
PR UEE R, DLRARATH @B Z s Z1 M R as R, Bt
A TEALHERS, RHEREABA T AT BE AR A I A B OB R T L 77 55

Most popular social networks worldwide as of January 2018, ranked by
number of active users (in millions)

Facebook 2167
YouTube

WhatsApp

Facebook Messenger
WeChat

QQ

Instagram

Tumb|r**

QZone

Sina Weibo

Twitter

Baidu Tieba*

Skype*

LinkedIn**

K 1.2 EERECRIAESCEAAT G SR HE4 (ERUES) 2018 4 1 D

BEXT_E I KA AL A2 0 28 R 7E 5 B L 254 R O TH AR 2 b N
RERCAR AN IR FE 8 Ao v Ot AL IX L AR AL AT P 2 04T R 2% 70 W55
BIUns e B BRI A XORIISESE, — B OUS T T AL Al A
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o T BEAT AL X8 I AT AT 55, o B 5L Y Il LA A2 e ) Y 0] 2% v () 540 4
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e WIEEFRIRIIURE, T REAT R SR M 2% o T A 55 B 2L
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TR A — 47 N — D AR R R, W T AR RBUE Y 1 B B
BUEE, 0T ANFHIE B VU 00 SRTTIX Fh 2 73 1 I 25 248 ik vy LA B i 2 1) 1)
e BF—ANFRoR R R AL ST M2 R Y R, T HAZ R R A &R Ky g
FHUEN 0.

[FIREE, 0T 280 s BN SCAS L FREEE i 5 8, FATTRIRE AT DAAR 1] 42
iR (bag-of-words), FHIXL(E BB HUTER (il %% fENFE, MWk
AR S 4E R 7 ) R 7R [ &, B0, tf-idf (term frequency-inverse document frequency)
) o 1% AN [ B PR A B 8 ] S A1 R B R/, 1 EL g e ) KR e 3R BB
H 0,

IX 6 e AR 1) 1) S R BT RGP AT R, 0 TR R R — AN
B, #AEBEME X, BT AR B8CR, M LUSE A T R 452 X 4%
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1.3 ETRTFFINRAMERT

—0.6
o ® 3
u —0.8 :. [ om e
-1.0 L ]
L@ &
12 o ®

L L L L L L L L
—1.0 -0.5 0.0 0.5 1.0 1.5 2.0 2.5

Kl 1.4 Karate WK 4E [\ &% 7 i) A 4L 1

B IR I HORI R, R SIERIR P, 185 B BARE & A B ) 4540
WARE] T MR AR . SRR SR AR I 2 S 15 A5 B R A Uk
s, WA RIRAESHERN M ERR . MERRF I RRBASINERH, M%RRY ]
TR B B 2 8 AT ) B A ). W LARTR, W48 RO 2E 3] 1 B 12
VI 28 R IR T R B )RR S ), 1 RUPE RS 25 (AN 7 5 R 8 S R H A%
R 268 2545 IS, X248 S DR ARABL ) 15 R, B3R 2 [A) PP ) R bk 4zl . T XAk
1), 45— MM G =(V,E), Hh Vv ZRMEHRTTRES, EcV XV ERRMW
2T 5 S RS, MERRF IR H KR AN RN Ry eV
o) MRYESLAE MR R RN v e RY, Ho, k HFROREEIIYEE, mH k<< |V].
BT RN, — R EARERE, TS SR A A N 4 o p
fE5%, Blhn, 95 AL TE. a3, BRI, X EAMES. SRS
(130 S8 RN B, 38 3R7R 2% S I B Qg ol ik P ARG 4 S 1 1) 2 R 3R 7R Y
25T, BARTERTRRENE LA BT REL, (BIEM LS M AT 45 it AR . @i
FIFH et (AL 88 2 2] SR FNR B 2 ST R W SRR sk AT A4k, AR X F =X
FoNMEAE RS, 5G5S TES R e E I .

THBATE RFEMANA EH ET A LRSS R IR S i

1.3.1 ETIHEEFHEEEMERETE

Te S (Spectral Clustering) J7 22 55 FH 2% 2 I 45 15 )5 Ron i) — 8 57k .
HARRKL, W IRRTTIE AR 2815 R (M O BERE R &R, MR SCHRHERE, Bl Ja ot
R B SRR AR AR () &, R HRFEAE SR BT & ANMRRAE IR 5, AL Y 2%
R k iR, DU 2 SRR AR M A

o JAEZk &R~ (Locally Linear Embedding, LLE) i — AW 4% AL Arf— AN
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MR, R DUEEL B A8 E 1 SRR AT R H A 15 2, XA
Y2 J5 IR 2875 RN RE S DR B IR A IO 28 P S 1), LR ORIF IR I 4B
WAL . LLE FEH O R s 5805 15 R R 2P EH & 2 TR PR B
VERDAE R, B 2R 2 100 ) SR g2 A DR onod A IR 28 A S P RO REAEAE T
AR
o PR HTRFERL S (Laplacian Eigenmaps, LE) 3813 X ¥ 28 X 3 1) a7 385 a7 07 R
BEREATRAAEAE SR AR, SRIRAFREA T RPRGE I &R oR . X, S h e
(Laplacian matrix) L = D — A, HH, D MR, AL M
TCERN 0, XA ERMENT ARG A MR RE . LE Bk
PR FH AR 871 5 B R s () B %R AT e
o R E#AN (Directed Graph Embedding, DGE) 7E i 3%+ i RFA1E Bl 5 77 v 1)
Feb b, FIHBEALFER S (PageRank) XI5 st AT HEY , SR E AN 5 55
(IR, AT 37 AN [R5 500 7 B 452 2K BR 5 AS [R] R AN
IR FE TR BRI B B N 2 R T, AR IR = AR B, X
BTV RCR AR RRT SC IR PR 1) 58 SOG4 381 1 X 4% R s AE
W& o AT AE 55 BRSO ZE 0 2 Ak, X el SRR A J7 v BT 7R X G
HATRAEE T, IR BB R B a, AT RIS A 28 ki, HOG R R 9%
WA RE RN N2, fR 8 S ORI N AE S 8], B E RS . Edl = A h
A SR T AT AR A e 1E H T RS S I 28 1 3R 52 2

1.3.2 ETHAEMENTTE

T2 W 28 2R 2 ) 7R T AR B BRI ST D7 LS, FEVF 240
AT RN I N o FEMI 28 R ] e, i I 72 TR, FIHME
IR 28 AR RN Z IR DG FR,  FFH FH BEALAR B2 B SR 0 P 28 71 sl o b AT
53] e ARV TN T

o DeepWalk ! s e 28 L 11 5 -1 28 DX 455 1) DX 48 3R v 2 ) T i o ELARCR I, Deep-

Walk B JefEPI 2% EBEATBEALI AL, KA B by iR BE AL £ PP 51 . B

J& » DeepWalk 14 7 s B 1R 18], 4 9 mUFFIE A1, M ERTE S A3

QU2 A8 R (P 0] [ R PR AR PR 25, Skiip-Gram B, SR SR 25715 £

3R~ . DeepWalk [HIBE AL AE FVEFN R R 52 21 35 4 # Re 8 1@ i 47 vkt

AT, BEfS SEIOR KA AZ X 48 R FE 2R ey U 2R 7 T

o LINE!® 32 3 #h—A1d - R HIASE X 25 1) X 48 3o 5 ST R . LA Ut LINE

TE T HAZ AT L B ) — P 2B - (First-order proximity) 1 <
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i1 % (Second-order proximity ). X EL4ZAHE )5 5, LINE FJH PN /%
7N T RV BB 6 MR SR 2 1 AT T T ) — B &R B2, Rt T AH 4B AR 19 s o
PEAZSSEAL . T T AN EEAHEE A A, LINE AR BN R e AT 1) <8 JE B
L, A AT R RN Z AT, s AT SRR 54 E T A BT
SRR 7N 22 8] (R 25 AP AR 2 0 5 i 2 TR —F @R . 4k, LINE 52
RS A R AL FEA ] G R] DA A IAS IR X 24 25 44

* node2vect” BRI DeepWalk 4 fET71%. i 2 DeepWalk 54 (1] Bl AL
A g, node2vec REMS AR BT BE = 11T KR A1 HARCSR G, node2vec 9l
AW SE p M g, RISHIBEALITE FIE T BEFIREE . g 455 BFS il
DFS # & 5%, node2vec B GEMS BT 4T (0 48 L5 A BEAT IR R, (E 1925 75
MBS B & R M 25015 5, HEe & IR Z 14 R I I 2% 25
MMEE, MW SRR EE &, 1R RE5 B3RS T RENRT.

« SDNE®! (Structural Deep Network Embedding) B {55 #7158 )2 1 28 WX 2% 5|
AW FoRE 2 m . 5 ERT5EH B Z 2 M 2 AN 52, SDNE idid
SINIRE B 34wt as (deep autoencoder) KX 15 i (4R 42 ) & HEAT 4 i) [ 4
RAF 2N RARLESHE R R &, FF HARIET R R R 240 & R A RE5E
AR RS B

FET A N2 Tk — MR R EE A R e, B BENLRE FE T R RS

XA TR R Z B AT A . X — R T7 R S B T HE MR AE () E I TR B, AR AT
FERER, MR, EJR LML 5 AR 55 RIS 4T

1.3.3 ETHEMESENGE

A
4
v

B

KERRERE T RRTER
K15 R T AERE A A R 4 R

ST RERE D R AR A — REE W KRR 2 2 . WK 1L5PR, %4
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SE T R B DG R R, I 1O RFBE AT HRE A, SRECHUHRE Y P4, F

7 AR B R AE B, SRAE M1 s R m R RoR . Bk, 56T 560

I RN 28 2 78 2% ST LU R AR 7 1
o GraRep ! 8 i X &R 422500 B A4 1 ) DG R AR R dE AT A5 FE 20 i, SRAS 215 HEAS [R] 418
VTR o6 R I SRR, RS, GraRep & ZCRIE L% AT IEAEIE A, KA
BT AN B IRBAERE M = A", ZSERETP AN LR My R H T
vi 3 ¢ IR BETT A v, BIEE . B IR OREHERE M AT SVD
GrfR, SRASBIELE T A AR MR RN . R b, #E A A
[FI ¢ A, KRAS BIMANTE ¢ BYARIT FE I ) B R g AT PE 4, T DA R 4
FEMZE & Z A0 BEAS BB R R M & . {HAE GraRep 71, 75 228 i 4 4
FHIRTH B =B B 58 RHRE AT, KT RIS ) 265 R 150 T e A B A8 3 A7 it 2
T [
o TADW OVl I 5| ASCAKERE, X SCHRAE PR AT SVD FiFE4rfif. TADW H &
WEBH T IR UG ) DeepWalk RIS T X SCHRAEFE M (P RE - ff . HLARSKR U,
KIPHPE M A TLERN:

[ei(A+ A% +...+ A")];

Mi,j = log p

(1-1)

Hrr, 1 %8 DeepWalk KM ) Skip-Gram B (5 1K/ ¢ AFEIRIA]
B, ZAESE AN, HRME N0, SEBRNA T, XM M R
MEIRER ON?) . BIl, —MBIGOLT, RIS 72k 45 2% 0GBk
FEFE, iR M = (A+ AY)/2. 7R3 TR 1 DeepWalk #5784 B it
F, TADW it 51 ASCAKERE, KX M AEFE3E(T SVD 43, SE1E S
AR B SRR
o £ Qiu S AU B TAER, /EZUEH T UG I N 28 KR SRR, #f S
T3 T4 s S IBRHE B F RE F 43i, IX 28 5 VG DeepWalk [\ LINE©1 . PTE!'?!
PL & node2vec!”,
BT 5E B 43 M i I 2 2 7R 2 2] LA — FRORTE T ORBRAE BRI A 2, (HIfIEE 5
W R VERIFE R IR, % T oG IHE B A TE S A7 B R I, DUIE TR
BRI AE RS IR 285



F1E 5

ik

1.4 WEFR<EIGEIHEEL

T8 LR/, BATVEAANA T B il B8 I 4 R on Tk S IR S . &
ZERUL, ARG 2% IR T I A LA [] R

« 3#){58 (heterogeneous information) : *f T EL Szt AL A2 W 2%k, ®

SRR AAEREEE 2N RAER. B, fEAEMat, HARA

ANNBEE, RAGWGIE, BRIHEE. B IUNSES; RN, i

A WICEHAAIMI AR EEE R . XEEERREEEXN T

SR BRI SRR AR T I, SR AR I B RN 2 H 1 2% %

NI AR

o AIFEFEME (interpretability): — NI LT HRIRER 1 BOZAE M 28 73 AT AT

FHRIAN A, BT Rt R L AR AR X T AR B

REfS EDUL I B 1 RUROR R B —4E T AR I3 30, B BT RO R T

Ja AT IS BT TE . T 1/F5 10 8 U 28 R on — M LA BT 1 mT @ e 1

T2 T2 5 2] B B3 S 28 R AE X T7 TRAFE AR I AS 2 .

o TEE (computational efficiency) : N T i& T KA AL 2443 BT (F

55 W RN BOZAER I Gk DL S SEPR B35 787 AR RIE . B

RETFR S RAME LR T NRA R AR, B TR gEpid

w, ESEPRN s, A A ERCR R R TR MR

FoRTTE, — M FAIRAE ) SEAR R) SR s 28747 0, AR AT SR AR

[FIISF, B 4 s BT FH AR DL SR P T A R, 1A R RR A H

ARG, IF B SRR IAT B FE LI 5.

BT Bk = ANBRAER, A AT R R, RBARRE T, REWTE
RER S #2217 st AT RoR, I BAR BRI, e N2 H i 2 5 74
R, RIEE N SRR BTN LR HERE . W A BRI .
SORFMEL A DR I A5 SRS 2% 23 AT E 55 I RER

1.5 AXFETIEAR

LS W7 N S s i AL B =N R DT 2 AN S (AN D SN D W e v & X
=k, i AR AR R MEAME R RS ERI A, REMEREET TRLT
AN TAE:

« BB RMERT: Mg FEE R RAER, FARTH

FIAS[FE BR300, kot H P 9 Rt AT B oR . O 1 SiEX

SR T P s R ROR  ATTIE IO P J kS0 v gt 2 g 3 AL 55,
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MRIRAE SRR RRTTR BIETIE

%28 EFAGHELK

A R BRET < =R

3= ETEHMRER
BXRT

ML RT FHER S48 ETRAERH
(R

$55: ETXHEXHE
XK=

HEME | BRXETR

$7E: mEESRKREM
WHIRR R

$8E: MXMILARN
ET

1.6 TAFHEZR

Fd 7 RE P A N5 BRIRUZ 70 B, FRE5 & RPR R AL X 45
FE R, SRARAGHR Y TR 2R

o ETHREZEFFNERMERR: HXHZMEH P2 EREES, T3
S AR 2SR P AT R R 7R o IXEEFRAE RS S e FH P AN A%
R, B BRI . thah, XS 5E 2% F P AR B A 1 i) 7L
BATRAREE S P R A5 B RN RIS R AT A5, Ref A RO 48 H -
[RX (5 BN HAHERARRE , 19 BRAREIRE P TR R R . 18
FEARBEHEIEAT S5 b, BATIR H RIS T 2 2 4Tt .

« ETHRREIFRAIBSINMERN: A T Hem WL m s 75 S MUY 1 10X 4% 23
£55, Wl o2k ERRCR, TATSEH T — >4 B i 2 T e oK [a] e 3
WM 28 KR 24 SIHE Y, Max-Margin DeepWalk (MMDW). 1% 714866 78 7
(R FH X 88 15 RUIIRR 22 RIME B SR 21 XA R B I 28 759 sR TR . 1K
Pl T I R IAIRG I Be N R T, AR R RS ERF R TR M4 &
ZANCSI i

o ETMHEXMIBRNMERR: A T IEm WL m R R BE TOAE 55 B2
S FATRE T —A EF ST M 28 3R 7 2 158, Context-Aware Network
Embedding (CANE), KA FH 2845 s BN SCAME B, 52 2715 s R 4E m) &
Fone BARKUL, FRAMERBMZ T SAE S AR AR E T R T B, o
ANANFEIT TR A, LR E S S B A E RN R . @il 5 A H A

9



F1E 5F

FERJINUE], ZITEEREE A R EN T m A B o0 RIAT @B R . 5K
e RN, CANE ERERTNAESS EEUS 17— B H 2 ikTt.

s EEHSXRMEEIRENLERR: A T X WZE T R TR 98 R AT B 2
AN, FRATHR 7 T 1 A2 Ok SR P 4% s SJ B8, TransNets
2B F SRS LD T s I s Z TR o0 SRk AT A%, i@ 5l Nl B
[ Z PR 258 SR, KA IR R LR RN R, HAh, iR YIE fE
BN ARFRVEAR 2 AT R R T, A 4k 22 5¢ R L. 7E FLSE R KRR
th o W E i 4R L 1S G 45 SRR B, TransNet 54548 51240 LR FHAEH B3 .

o FXMUHIBRRMERR: B TSP INE A5 B2 oh, M S5 A s
WAL S HERERRE, P2 XAER. Bk, RATEH 17 XA
K RINF MY, Community-enhanced NRL (CNRL), KA H % 2% 4 7 14t
XA B 28T iR . CNRL ) 2% H i 4 X 5 SO A Hp ) 32 2 ] 1)
KEKFR, KIFN FEAT A DRI R 2535 R on 2> . @i 5l N2 Rt X
f&XE., CNRL E7T R, SRR LA K AT X R I =~ LY (1) X 28 53 BT A 55
EEAR T —BUNRTT

e Ja, AT A SR TAEREAT 45, IR0 1 A) #2528 oAk 78 ROk

A RERIBIT 7T 7 [ AT RE B .

10



B2 & TR E SRR

F£28 ETEHNHNEANERT

AAZ R P AR R AT ONE R, Bl P RRERIAR R R K
ARG P 2 i Aok /55855 . XEEFEF R RWER, TR R IER
> LIRS R YE TS AR H ., AR TR, A8 A2 M
2P AR S P R T, RO P AT R AR R, R S A T L s
BEAT IR PR T SS, SREGUEX A P 2 07 RO -

BARKYL, FATIEBAE A BEAR A - BV AS AR I AR I e 1, Jlid
WIEREE T P 2 M (5 B OOUZ SCA 7 26 8%, SRIEIMA P AME e k. ittt 3
MIEZ5 R 7 RS ERIE M B EAE, AIRERARESIE AR e I o8, SRR
OGRS o fe2, BAVEDRBERIAAL B, FRE M X E R, Rt
AR HR N 7 AR R T 25

2.1  [a]RRiER

b 55 R4 AZ P 2% 1) B, P AT DA S P E Gl 198 S5 e 8 A~ S 40 kv
WAL AR, XA G B S EASRHE, TR A PSS
o B 7 RAE BAVRI R, MR 6 H P el il SORFIR L FRAESETT
TORNMAE . X AN Z (user-genenrated content, UGC) B4 T H =
BIER, BT et 2 B A DR AR . R AT A SR SR A T I B
PE—H RS F IR TR WYER L ERSE T A P g, 2 S ok
YRR 4 SEAR RIS, oA mim U9 25, 5 Bk A @Y AL, A A A )
HRMb Je 1 — B A AR A Al e 3

BV NI R B R I . X — BAE R SR T N A HRME 1R R
bE &+ A AR R A, B AR A R 2 — AN E R R . B AR
TAL SR 5, P RS B WAL bR s A E HEM N, Flwp
PEACAERE . T S RO . SR, R A 38 AR & FH P B HRMEAS B BT BafA G
R AR BRI PRI, T RS AL 5 I 28 B8 Sk T FH = g R 8 4k
X 2R TN A 55 HEZAME

P RNV AE RIS T T T AEAL SR BHAF &, FH P EIER
WAE B2 B A Ba R . PRk, AT AT DU 52 A~ & 1 H P A sl

© AEFFETAELL “PRISM: Profession Identification in Social Media™> N8 /& & 1E 2017 £ 1] “ACM Transactions
on Intelligent Systems and Technology (TIST)” .
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B2 & TR E SRR

FRIMAEATHOAZ B AR TAES, RATUGHIE Y86, TRAF
TR B R P B P A AT TR LA R

FE LA N AR AL A AR~ b, F P RS BATRAEARILAE AN J7 TH -

o NAAE & B PARAR IR M A TR PREESEE Bokbik B O, A, F
W2 RATMIE N AR B IE W A XL A AN A A T P I ANE R,
S ERME TR A T R AR

o MEAZ & —MHAEAESRE BB B XFh 8 P 2% i) 58
AT ARG S TSP XAE R, £ RSERMiER L+, &A1
KNP H B HEX, THEAR RS (modularity) 7 =ik
0.25. XWIRIE 7 HOAE B 5 M4 2500 (5 B2 B ER A e, IR uE
S REE A B[R] BB UST, -t gl A ACL P FH P A ) T A AR R
SR, AT AL A P B RO SR ATS S8 T i AT Hk ik«

o P AR NG B2 S A, Wi X e me 4 i NS BT R A ?

o 55 THEBRIH P AL, FAAEBEEZWARRER P . a0 et F
X P P s, SR AE B ERME PNAT: 55 2

o FRAZEE oA R HRME I FH P B A X @ o anfer A 250 R FH P 2 25 4 vh i 4
XAB ., SResadEHRME Pl 5 5 2
N T RG ER Bk, RATIR T — N R AL A A P ERMY R A R HE S,

PRofession Identification in Social Media (PRISM). PRISM &g & & A H F P /Y
MNMNE B XEE R, SRR BIATR R & .

AR, &%, M TREEIMNEE, ARE T —PMXZ5r K8, ki
BHPET ARV EGE. £ - FEoReE, RIMIMAFEKNNEBRE
B BCREAE, AR P AN FEME BIRE TR RN, SRIITZRARIE
BIRE BRI K. WE, B 20 R0 — B KA S M K4 R Ak
FHFE, SR AN R . )5, IATRYE co-training BB, 2 T 25
WRREERINZRTTEE, KA IR AR ESIE AR ERTE, S =580
ROR . fa, AR X 55 2R R i 2 B T 45 R

TSI 73, BRATAHRIEUEE T 6 5 Z245iE TS B BIH P &8s, 1F
RNEATRI LR . LIRSS R R, WAV TERZE T H e Rk, iga
I 85% MM T ERf2 . FIH I ZRaF By, AT — PRI T AR
R PR PSR #38AT NAIE T XUk S5 77 T R SR R

©® www.weibo.com
@  http://weibo.com
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22 HxIE
221 Bl 5EHERE

POl — MR EZEMADNEME. ot B E R, Bl —HE2
M2 A SFORE AT O R U0 Ot 5 N e s R RIS &, flintk
R DIAERT XS ROV ORI 78 AT, 32 Bt 2 i 5 o sl s, Rk, 2
PE AT 52 R BEE LB R, P AL S A R AT N e oAt =
FR AR T FE AR AR T S SR AT SO IR LY, IF HAE VR
AH ERUE TG, B, PERE P SRS A 2 g g Y SRS JRATT IR
MV A AR B 1 5 VAR A AL 2 22 0T 7T

222 HBAPFPEE

FP R ) b A2 AR SCBAR T R HEDARAT T B AS RS R ) X s fm i
A ULRE R o iR, R R s m e (lhn, PEg). i, USRS A
B R (a0, MR, AR, BUAKR ).

O R R mE e 7 B R e A R PE b, 8 R 0 R ECE HERE T
ERBEATJE T o KB 73 26T 73 JE A J& PE T AR 221X UGC il U R ks
ik, ORITMRS R B JE I, B FI AR 13202710 st B A7 B 1O28) ) i 934 S5
K2 B & 1 ) DUIE I A ™ AR B i SCAS B R AT I o X T AR e At 2 1k
FICH R, HAZ W28 S50 5 S It S e 25 R SR 2835571

W FCE RIS FREaURTE TGN, #lan, DAGEEY . BuamE to, 4
F U3 DL R 2 Ty P 54k

AN AR 32 G rp A R S 4 (1 SCAS 5 J2 R 248 5 A £ S R T 4 52 194 245
FURIHANE o X AR ST 4 AR B T e B AR B AR T, 5 BAER)
JEVET TAFALE, BATHRMEZR AW A AL EH P D NEE . M IXAE S B
FRBRER S, SR FE BT ML A 1 .

2.3 1RAUEL
2.3.1 [BENX

BB LA DN w e U TR — MFER ERES X, =
{Xurto e, URRHERIAI RS, x,, nM u BORAGE S r € {1,..., R}
MRHE R . X B, R BNEBIRMEE . BRI AN, FAE—MEEME G = (U, E),
Hr, E NP ZIARAES, Mt E c UxU. A, JATHIbREEdl

13
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T3] 35T ) 2 AU 45 RO

Profession Identification with Personal Information

Multi-
Training

|
|
|
T
|

Profession Refinement with Community Structure

Type of this node v? |

‘p(vEA)%p(vE ) (Personal Info) ' @

Links(v, A)>>Links(v,

Labeled Users

e
Labeled
L Dataset

Unlabeled Users

Unlabeled Dataset

LUL:EDY Lozt LUB:ART

l | \ | |

K 2.1 The framework of PRISM.

(X y)}s HF oy, e (L. K NP RN, K BN H o« B
H X T ARARER R, RIS S Z5/ 5 5, T e
AR

MR L 3 BATEE T AN B L T A

(1) BATPREREA F P Rom 12 A AN RIS S IR A RFAE (A R AR 8 IX SRRk
A, FATRE DR 28, RGN, 25, BATAHZ 8
ZRR GG RAREREE, SRRk .

(2) 28— D NL TN &5 RS A, AR B X EE B, Rl
RNV T &5 5

AR 21578 FE3E TORIVNS o, BATR PRGN 4 B8PS 2D 3R
SEILAHT .

2.3.2 ETNAEE29ERM55m

WARAA BRI NE R, RIEDZ /BB, BAadE.

o ERHOARIE: NTEMSEIE o BRATFIZ1E BI5EX B RFE 1A &A1
PREEST {(Ryrs Vi) }or AEE—AFERN I 2HBE £()o FETIXLLIERE /32K, X F
—ANHF u BEAEE SRR R RES X, BATREAER—MRAE
M P, = {pe,ts Hh pr, = Pr(k|Xe,) = fr(Xur k)s R r AME BRI
DREBENNEF u BTk NERFE.

o BRI X[ E:  TRATH LR ELAl 7 HA38 50 RN B P, 1E T 14

14



B2 & TR E SRR

fE, RN ZEHRE KA g(). WHEV, RlE 72 IRas iR LAl
KA EE R, WP A KA R R, RKA4G 3 52 A R IR
BERE, Wik Pr(k|P,) = g(Pu k)o TRATAAIEIUE(E B 5 I HRE §, =
argmax, Pr(k|P,) RAE R TI&5 5

2.3.2.1 $HEREVFEAL 9 2552

AL BTG, HPEEAZMAREME R RATUHIRME K
R R IR —ANEREA L IT AT . 7EFRA IS, bt
T—AMEEN AR A1 L3 CEO”, 3 HA B OhRiE T —2Ar2s, filin <K
BB Al Ly, CBE CRHE DL TR . A, fhiciiA B
CHIMEEE <A LEHRKHEREPATE . thoh, fhidkAm 7 F2miE, x
B EAs TEEREE, Blain. fEAMA S R, UK. hashtag 5555, X
SN [E A5 BAA & B RE S, T BERRE R B P A N R . Bk, fE
AR TAEH, TATRAT 8 MAFZRAME BIR, SKRAENEA BB IIRE. B
RN IR 210K .

R2.1 8 FAFEMANEEIR

No. | {5 EIE e
1 DES | FHFHIA NfEi
2 TAG | H P AR
3 VER | H P AR B
4 MSG | H P RAR
5 MEN | Tl L EH P
6 URL | ffid 42 & 1 url
7 ENT | ol op 4 J i i 4 Sk
8 HAS | fdi 42 & 1) hashtag

FEXLEHFIEYR T, DES, VER LA MSG #RCATE, KL IRA TEE 17 42
BE, A AP IR R DY I A5 BN BRI RFAIE . B IR AR (L B T R, P
BE, BT E AR S BRI 7o R R A5 BN B RFAE o

BEANFEIR AR & R E MR AFAE . R, BRATH ZEAT R AL, KRRy
LS A AL . F2 IR SR 7 SR BEAT R AL I 0 A MR 104, BRI R gk
PR IEIRAT AORVERVRFAL . Bl 5 AR X 280 126 J (AP AL AL S B it 0 D844

15



B2 & TR E SRR

2.3.22 HutinEEme

XA A AR H R AR RE P, FRATHEAT T R PR, R Rk
—ANRHIE M & 2, AENRE 73 RN PRHE R & o X8, FRATRIFE AT DR A S
() 7 2 UM HE B e A o — AR [ &, 9 oK T 38 B SR B KB . ST, 38 45
KB, PHEEBRERSCGRE L, KUIRAER TR, RICIRPHER R .

AT Liblinear 2 T B AR ISR IR /3 KA Mk & 25 ds . Hckid, &
AT H L2 1R 32 46 (8] U 43 28 4% (L2R-LR).

2.3.2.3 ETARIFEHIFENZHIIZK

FEAEAZ A, RARE IO A B T IR K TR A AR . BT,
FATTR AU RN 2R A0 AR, [ P A ot A0 AR b Bt AT 2 42 U1 2k

HARKUE, EGRE R A2 m, FATTH X LE LA 73 SR 38 R AR A R AR TE
I EIOE, 3 TR — 2 DA R RS A 7 R 8% 0 R A R — B 7, AR
TEOB MR E R AN G 8 . AR5 BB I ZR Bk a7 2845

AT LUARER BRI, ERIEA I RS RBCR A B R AR . 25
WIZETT A= IRt DRI RE S 32 T+ 70 SR ROCR DA LA Y 72 AL R

2.3.3 ETHXEWMEERNL

T I B O EE, FRATARIL, A FHRNV IR P 2 T8 B i ] T ARG KRS &R
ASIE AL X, X s Bag v i A i — 08 AR DS, JRAT R Bt 28 X 45
oA [RIERME G P 2 T i — AN R ERMP AR R B AL X . FERX MR, FATTTHE 7 4L
X B R AEFE AR modularity 7!, XA X Al 73 % N ) modularity 79 0.25, 3k 13k
DR RS

BT A X S5 R i HRN L T 25 RARAL SRR I T o X T4 G = (U E), FRATIRYE
PREH P, JREEANTO M T, HELRAEIX Gy = (Uk, Ey), EH Uy #on)g
TH kMBI PSS, E A ZHNH AR, Wl iz BRME R B 4 X
NIEBHI. B, 58— MEERETNMLRH LS V, R B 2R e A
U BB ERA AL DR, AR T L N A% & T RS RO ) R A X . X By
M2 BIANZT S G, AIX AR R .

X T AT A X G R S5 SRR U, fe B IR A0 AT S S5 TR AN R
FEIX BB AT PRI P FE AR « X TEARNOZBENS S B B T TS 2, — 2 M2

@® http://www.bwaldvogel.de/liblinear-java
16
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P, R A X N BT R R RS 75 5, 5 MY U T M
TRNERE, WA AL X P RGE A S B IS 2 BN 2

2.3.3.1 MELEHRE

N T EEAE XN SR, XTI Gy = (Ur, E), 3ATTE L U = U\Uy,s
Exx N U 5 Uy ZIRITAMEE, By R XN S R AR, By N
FEDX MRS R (R I B B A, AT L Ey = Ex g+ Ex s E-k = Eoj - +E-g ko

BT FiRE X, #IX G, Mgt & nT LR N:

Eg i B ELEx
Ek,k + Ek,—|k EkEk + EkE_,k,

Qstrucmre(Gk) = (2'1)

Horp, 55— TR s AL X PR A S R I, Fi R AR R B EE s 2R IR R —
MEEPLE BRI R L. KB, Qgrucrure BUBEIEEDN [-1,+1], HUEM R, UHiZ
FIX Gy G ik

EIRVEIN 77 R 5 B Mislove 58 AP, ASRIFE M ZE At X &, 1Y
VEAR/EAE T, normalized conductance

2332 HNERE

N 1 5 & FH R 7 A X P B e NN et B — 2R . AT e X
—MNEX A E TR ATE B T Z AR X B Pz R B R,
18N Ocontent(Gr)o FIFHHN B R, AT LUK NE B 702885 BAE NN,
SRFEAT B TR0 25 B A A4 o
2.3.3.3  ERMlFim 4L

Et/l:{j.l_/.%l:lz Gk XT@E‘JE‘JA‘E'&%% Qstructure $n Qcontent E‘]zjé‘l\étéﬁé7 ﬁDFﬁﬁ%

Q(Gk) = /letructure(Gk) + (1 - /l)Qcontent(Gk)7 (2'2)
Hodr, A NG TR RIBUE R 8
MA LR QC), ALK T o3RRSk BATHIXY . 2 — A HR &, XFT
BANRIERRFRI R we v, AT

AQi(u) = O(Gy +u) — Q(Gy), (2-3)

17
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AT E]— 4 = argmax,, , AQ(w), KZH " a MAZ U b, EEZIHEES
BT BIAR b P k) o

R XY G, P ARV ER S #g B R 7 — AR e ML AL X, 3
AR HL 0 B A DX BN RAE iz A R 00 45 2R

234 EZrESH

7E PRISM H1, % T 55 r ANRHEUR, W50 KA RN O(K|U |- X, |118), FH
tLr RN T — N SL A RAE A GRG0~ F S T B R o R, WUR R
HKEER OK|Ultr TR, 1%, #EXARAEI R AN O(V K - 157) = OK|VI|E). 8
AT 2 5N GREHCN m, 4 PRISM AS AL SUA T A4 OmK | Ultr Yy 1%+
K|V||E|). XERAE, PRISM A ELET 2% mK 1 LR 732K a8 DL — 3
TR FHERIAL X R DAL

2.4 SLUGZE

241 HIE&E
BATNHIRBIEIEE T 62,415 ANEBRVGER 7 o XS PR s & 7,

WELEFIRMIE L NED, FRiET 14 DAFEENY.. ok, FATERH API HIUHR

THPIIAN NG B LGRS — T HE. AT T 28014, FATORE T 41

ARPT 150, 000 NS RARVERTAER P o A FEEV R P AT & B Bl ansk 2.2F17R

# 2.2 HAREAARBM G EG] (%)

No. Category Ratio | No. Category Ratio
1 media (fEE) 256 | 8 education (FH) 4.0
2 | government (BUFEH) | 151 | 9 fashion CFJ 1)) 3.9
3 entertainment (% 4) 8.8 | 10 games (JiFxkz0I8) 3.8
4 estate (J5HLf=) 8.2 | 11 | literature (3C*~HIRR) 3.4
5 finance (Jf£%) 7.0 | 12 services (Jf%5) 3.4
6 IT 6.4 | 13 art (NILZARD 3.1
7 sports (/KH) 5.6 | 14 | healthcare (fiHEEIT) 1.7

®  http://verified.weibo.com/.
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242 LWEE

TATHE 62,415 ANFRvEH P BEHLEEL 4/5 E 92k 5E, FITFRI/E A& . &
{135 X accuracy. macro-averaging precision/recall/F1 {E N 1ENI4E F5 o

WIFTTHRTIA,  #EAZ A )  BRE A 8 AR B TAER 7, Rk, 3&F
REfE AL B S A R RP AR YR, ELRE T DL SRIEAT HRME F00IN (R 2 HE Tk o O T HEAT X EE,
AR 7 R & RAME SR B HRME IS A DA K 34T R AR P 422 1R 7 VA e
Jiiks

XFTRHIETR I, FRATTIFIIAS R AE 280 T B BEA 7 SR B O ROR, R XT A
[ RF AAE Y5 38 B R I A A R RFAE &, 4379 o: DES2,300, TAG3,800, VER4, 000,
MSG6, 600, MEN3,200, URL2,700, ENT3, 600 A X HAS4, 100, A1 (2-2)
MZH AW A =02, BBFEAE 5 B IR

223 BV IR SZEG 45 R (%)

Method Accuracy | Precision | Recall F
DES 31.25 51.82 28.90 | 37.11
TAG 38.11 50.55 31.04 | 38.46
VER 78.63 75.73 74.89 | 75.31
MSG 47.47 49.58 42.79 | 45.93
MEN 38.22 42.85 30.59 | 35.70
URL 26.38 36.47 13.68 | 19.90
ENT 33.86 36.88 26.95 | 31.15
HAS 30.91 37.44 17.60 | 23.94

Single Vector 39.25 48.33 34.92 | 40.54

Fusion 81.25 79.60 76.27 | 77.90

Fusion+MT 83.38 82.24 81.35 | 81.79

243 SENERMOH

R 23R T AT AAFRHEIR R T 25 5 . fE1%K 1, “Single Vector” 3
AN AS TR FRVRRAE VS L R AR AR [ B B, SRVNZRIFME T 43 2R 48 1K 775« “Fu-
sion” RN IR H BIRZ 73 K48 T73%, “Fusion + MT RIRERZE 7 K4
LA AT Z R UIRRIROR . R 2.3, AT I
o TATVHE H BIXZ b G 70 848 WOR BB 20 T W B PHERE M 2 19 “Single
Vector’” J71%. IXRUUE 73 I a5 AL REE A 201 b & 57 4 B RFAE R
o FERH 3 ZEAR A, B HUEAS Bt A7 R F00m i) R EL T Ho e A5 BRI U
KH5HL—F, FAMMEHEEST T ANLHEZ, E6EEE, SHERERE
19
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L, M.

« XUZ MRG0 KA I BCR W R A T By 25 8 SO RN S Al 7> 8% . XK
B 6T B2 03 S AR I 46 AT R 1) B R, B RIS AN R A AN R S R,
e ANATHNE €

« RN )G, BRI T ZE R A P P br B T 80%.
XAEER IR 1A 25U 9575 RE ARARE R RO 2, AR IR
PRI RS0 AN [ SR R Y TN R A+ 73 24187

2.4.4 ETHRHXMMHLER

R 24 FREMEEERHIPMLIIZE R (%)

Method | Accuracy | Precision | Recall F
LPA 58.86 57.05 54.53 | 55.76
CDh 64.20 65.11 60.78 | 62.87

PRISM

1=0.1 84.17 83.15 81.62 | 82.37

1=02 84.92 83.78 81.89 | 82.82

1=0.3 81.12 79.10 77.42 | 78.25

1=05 77.56 76.53 75.08 | 75.79

RN T RSN AL X 450415 8 2 5 PRISM FR2Y F0,, RATT-5 9 S 284 g
FE T 25 ZERLI P R o AR AT X B, 945 label propagation algorithm (LPA)®3!
DA AR X A5 A CD BT, 3K P b 7 VEAN AN 5 18 I 2% 25 4645 233647 FH P 49 R R
LT .

SIS R E2. 48, ATKI:

o 5HTIA Fusion+MT J7VEAHLL, i3E— 20 197 [E 4t X 250 (5 B AT/ AR A 3k A5
TRERSRT . XTI LS5 15 S AR BRI RO P AE 55 PR At =1 B S
R WIBHRANMGT B, M F, NN ERERILRIET HE,
B, WA R 153 2 H P EEWIEE R, A S EI R . %
JEFAM 28 S5 15 2, RERE AL B Fh AN A\ A5 B 2R 1) ) i

o PRISM #5504 B 25 AL T HB R B RN 28 25005 B Y . X 3R 1 [F]INF =%
JEHH AN NAE B M 2 25 K5 B 2 . tbAh, FRATARIL, 41 =02 1,
PATHE AT T el IRCR . AESEhR N A, FRATTAT DA AT 28 IGHIE, B
HRCERUESE, KRiEIE S H U .
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245 §EIROHT

# 2.5 AFEBNLRTIEE R (%)

No. Profession Precision | Recall F
1 media 84.04 90.60 | 87.20
2 government 94.03 93.78 | 93.90
3 | entertainment 84.78 82.25 | 83.49
4 estate 88.22 86.92 | 87.57
5 finance 68.86 73.05 | 70.90
6 IT 72.93 68.38 | 70.58
7 sports 94.05 92.84 | 93.44
8 education 76.88 73.80 | 75.31
9 fashion 84.84 78.94 | 81.78
10 game 85.47 84.19 | 84.82
11 literature 84.68 75.99 | 80.10
12 service 65.32 57.45 | 61.13
13 art 76.84 69.92 | 73.22
14 healthcare 87.10 87.50 | 87.30

EF2.5, FATER TS T A EERME & B i gs 5. Mizgd, A1k
W, RZERNY A E B AR E, SR XTT “services”, “IT”, “finance”, “art’’
DL “education” BRMV, AT R AN 2 .

105 143| 051| 030 024| 030 039] 095| 042] 0.03
0.84| 028 0.03| 0.78] 0.02] 0.00| 0.05| 0.17| 0.39] 0.78
143 066| 028| 0.19] 2.09| 057| 1.15] 038| 1.53]| 0.00
582| 104| 040| 026| 051] 0.00| 026| 271| 0.26] 0.00
029 192| 077 029]| 029| 2.03| 039]| 0.09
033 088| 055| 406| 0.11] 143| 0.11] 022
0.00| 0.12] 000| 400]| 0.24| 0.00
000 085| 372 1.19| 1.69
0.18] 090| 0.72| 0.00

395| 222 029]| 3.56
778 044 000| 252 942
345| 036] 036]| 036]| 0.79| 0.00
389 305| 085] 0.68]| 440| 1.19| 034
9| 593| 0.18] 4.14| 054 288 090| 036| 0.72
10| 3.19| 000 160| 0.18| 0.00| 5.14] 0.71] 0.00| 1.60 035] 0.18] 0.35]| 0.00
11| 933| 187| 165| 000| 145| 000 000| 228| 020]| 0.83 0.00] 332| 042
12 1323 | 1.04| 1.86| 434| 641| 476| 0.00| 3.72| 1.04| 0.83| 0.00[6256]| 0.21| 0.00
13| 471 235 471| 000| 235] 0.00| 079 295[ 0.79| 0.79] 333| 0.20 0.00
14| 264| 076 037| 000 264| 037] 000| 1.13| 075| 0.00| 151 0.00] 0.01

B2.2  AFEBL RIS R oAt Bl

QO (O\ U [ [ [ | =

N T IRFCIX LRI R R A BAR BRI, 3RATE K 2,270 fgor 1A AR
MEERI ARl BT, BATTE SR i 4T3 j Al a R g TR0 i (I
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Ay WAL G ETEES, A

ZueU,: ki =]

2-4
U (@4)

e =
Hrb, k, AT HA w WP R . A 7T EERRRER R, AR
WARB S ATEE], SR E T ARNRERYE S, 26 JiZIBER
FERFAEE . Mz, AT :
o “service’” & WA 17K 5T 2 “media” iXNHRE, “art” FT “education’” FHFHER
W ABZS G BAHES R KR 7o X2 T, XN M EAHEES, R [HE
(R TR AN R, DRI B 1 A 20 B e, 50, “service” BRI
25 “media” POLFIH A AT E, BRI TER G & A I AR o
e “finance’” 1 “IT PIANHRML 2 5 KA BARIE G Ol @m0 i, 3R
TR, Vi 2 o a1 e 8 TR I B X AN IR 2 [, X B 0 T T4 ]
VIR R 43 AR A AR TR AE, X PR VE 2 R IAEA AT I B A M 4 i, PN ER
AV P Z AR B IR R &R

2.4.6 Bt

N T ERFEHAT R O = BAIRI I ZREE ) PRISM A, KRR b
TERI P BEAT WL I, AR5 AR IX S F 25 R K Bk A b, 3 A AN RO RS

\\\\\

2461 RAP%it

TAER 2.6 B T ARBALHF IS E S . “Gender” XFIZR R 1Y
PERILE (Fmae ), “Message’” —F R Z IR P10 R AT RO I 25 &, “Follower™
X FN Ko P35k 2250

MK 2.6H, FATKI—LLE WIS :

o HTARINAEAEE & B R, A F HR MY 2 T8 8 35 W 2 00 1 ) 22 5 o

“IT”, “art”, “government”, “finance’” LA}z “sports’” ZEHRMV [ 5 &t ik 2.50
LA L, SRR “fashion™ —PERME 5 e HUAR T 0.80. X AP R WERIE T —
ORI S ()M ) X 43 BRAR T4, gl T 2P AR R R 5 Rl B A

o ANEJHRNV R P~ 2 AT U BB H i, SR — 28 20 ARV F oy 22 5

B KT H eI ARy 2220, 50 “entertainment”, “sports”, “literature’” LA &
“fashion”” 5§, X MFFE AN IX LLHRMY 1 BN H o
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% 2.6 User statistics in each profession.

No. Profession Gender | Message | Follower
1 media 1.25 1,776 18,555
2 government 2.66 1,270 17,724
3 entertainment 1.57 1,367 59,709
4 estate 2.42 1,375 6,661
5 finance 2.60 1,457 15,990
6 IT 3.19 1,558 17,224
7 sports 2.51 1,380 36,813
8 education 1.88 1,384 11,216
9 fashion 0.77 1,392 24,867
10 games 1.75 1,358 20,354
11 literature 0.94 1,924 31,522
12 services 2.04 1,512 7,964
13 art 2.68 1,667 14,447
14 healthcare 1.38 1,386 14,726

24.6.2 AEERAFTSME

IEWIRATHT SR 20, A AR b H P RN 5 2t 25 K5 B s A G X
B, TATE R 5] 7 kA E— N 5 5340 — DR P O RK
s, B a, j) = g(100 x (S22 — 2))o IXH, g() H sigmoid %L, N; HHL i
PR A8, AER LG R, N, Fos g TN j G - 40E, % N
2R KPR j . al, j) BEBSE, FoaBRL i B’ A A RE SR
W j I P BN . EE2.3, AT R TANFEHRN 2 18], 6 5V W 28 Rl i K
W& CEAIE) b, BRI 51 JTEE R .
Mz, AT
o ANEHRNV B P S R T S AH R P AEE I OR &R, Hag g — 12
B I R GE T e B B i
o —LEHINVIIA ', #lln “entertainment”, “education’ PL & “literature’” fiii [7] T
BIHE P E, T “media”, “government’” DA “estate’” [ FE R T o<
AR I P o
e “IT” 5 “finance/game/service’” X [f], “entertainment’” 15 “fashion/art” 2 [A]4F
FEAE BB AR OCME, SR T X R TR 7 4L 2 U PME S R o
o WV Z 18] B 51 3G I S ANKERRIR o ltn, HRMVA “eduction’ B9 FH i) T
FE “art” BV, 10 S SR 0 S0 M6 e AR 55
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4 | 5167 [ 89 [10]11]12]13]14

1 0.00 | 0.15 | 0.09 | 0.04 | 0.26 | 0.43 | 0.05 1093 0.14 | 0.60 | 0.30
2] 0.00 0.18 | 0.04 [ 0.12 | 044 | 0.15 | 0.06 | 0.85 | 0.09 | 0.61 | 0.39
3 10.00 0.02 [ 0.08 [0:89] 0.06 | 0.65 | 0.09 | 0.82 | 0.21
40.00]0. 0.02]0.16 0.12 | 0.04 | 058 | 0.19 | 0.38 | 0.23
5 [ 0.00 | 0.00 0.51 | 0.24 | 0.06 | 0.77 | 0.21 | 0.56 | 0.33
6 | 0.00 | 0.00 0.33 | 0.10 | 0.28 0.26 | 035 | 0.28
7 [0.00 | 0.00 0.04 0.06 | 0.29 | 0.20
8 [ 0.01 ] 0.00 0.06 0.24 | 0.85 | 0.44
9 [0.00 [ 0.00 0.07 0.25
10 0.00 [ 0.00
11]0.00 | 0.00
12]0.01 | 0.00
13]0.00 | 0.00
1410.00 | 0.00

2 [ 3] 4 5] 61 71 89 [10] 1U]12] 13]14
1 0.00 | 0.07 | 0.00 | 0.04 | 0.07 | 0.02 | 0.14 | 0.25 | 0.06 | 0.47 | 0.25 | 0.30 | 0.24
210.00 0.00 | 0.00 | 0.02 | 0.02 | 0.01 | 0.30 | 0.04 | 0.05 | 0.13 | 0.19 | 0.18 | 0.31
3 [0.01] 0.00 0.01 | 0.01 | 0.01 | 0.08 0.07 | 032 | 0.13 |10.82] 0.20
4 [ 0.00]0.00 ] 0.00 0.01 | 0.05 0.04 | 0.06 | 0.44 | 0.09 | 0.19
5 [0.00] 0.00 | 0.01 | 0.08 0.02 | 044 | 0.24 | 0.09 | 0.18 | 0.59 | 0.28 | 0.34
6 | 0.00 | 0.00 [ 0.00 | 0.00 0.21 | 0.06 | 0:62] 0.17 | 0.60 | 0.14 | 0.24
7 [0.00 | 0.00 | 0.00 | 0.00 | 0.01 | 0.01 0.04 | 0.08 | 0.04 | 0.05 | 0.07 | 0.10 | 0.18
8 [ 0.01 ] 0.00 ] 0.01 | 0.00 [0:76] 0.54 | 0.01
9 [ 0.01]0.00 0.00 | 0.03 | 0.02]0.02
10]0.00 | 0.00 | 0.00 | 0.00 | 0.01 0.01 | 0.
11]0.01 | 0.00 ] 0.09 | 0.00 | 0.02] 0.10 | 0.01 | 0.35
12]0.04 | 0.00 | 0.01 | 0.65] 0.59 0.01 077
13] 0.01 | 0.00 0.00 | 0.04 | 0.02 [ 0.01 | 0.29 0.20
14]0.00 | 0.00 | 0.00 | 0.00 | 0.11 | 0.07 | 0.01 | 0.56 0.29 | 0.15 | 0.18

K23 REENLZ EENER G 11458 CERDNIREMSS, RN A%

2.4.6.3 AREREIES XS

EEEX—HINA, HPAIE W &5 X% it 8 P 08 HERE
AL ERE R, ASEHRME P A & BAT T ARIE RIS F KA. X H,
BATTREAS IRV 5 B 2 o0k gl A FH S AT S, SRR TR S P E S X
I Z AR 2R

TATE Sext T AN FHRME A 2 R A A AT Rl AR, ARG Gt tH A RAT L
HIR P s ] GR AE SR TS O . W3R 2.7, X TR — e, R4
A b AR AT 4 AN, B v Ay A e 1) 4 AR

BATTLLARIN, “healthcare”, “education”, “finance’’ LA “IT* 247V 1K FH P 4>
S B 2 093], A8 FH B /D BB SRR ] o 3R A PR I S RO 1 B P AR AR
RO B, AN, FE S INUHER . 2R EERT A2, “sports”, “entertainment”,
“art” PLJ% “media’ MR P A R B, AT B 2 BRI R R AR . IX
SN, K DYFFERNY 75 Z AT A, EEER T, A& . ZME S XIS E
SRR RE, WHNE THSE S A R P R AR I TR T XA R R
L 2518
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® 2.7 ASFEI P AE R A LE B St (o)

No. Bl iR | JEIGE | 35S
1 media 1.19v | 0.22A | 2.16A
2 government | 1.29 0.17 1.70
3 | entertainment | 1.08V | 0.26A 2.38A
4 estate 1.26 0.15 1.72
5 finance 1.39A | 0.15v 1.65v
6 IT 1.35A | 0.15v 1.66
7 sports 1.04v | 0.25A | 2.60A
8 education 1.42A | 0.16V 1.55v
9 fashion 1.25 0.22 1.95
10 games 1.34 | 0.16 1.26v
11 literature 1.31 0.27A 2.25
12 services 1.29 0.18 1.94
13 art 1.11v | 0.22A | 2.06A
14 healthcare 1.76a | 0.11V 1.15v

2.5 AKRENG

AT TAET, BATVE A EARM  Z2 AT uE R, A 2E TR 150
IR A FIRF LR R AE A &, OREAT ML IR ST . BATTHR HE 1) PRISM AR
ZRREME LR P A NME B DA R 2 S5 005 5., SRESG IR T 2R . B
SRR ISR IR 45 AR, BATRI AR A RS A RIAME 0 - 24T O
. phk, 8T AR R  BRE, BATIEEAT T AR E B g
thy AR W% EE XK ZE R
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£ I3E ETEEHHZHNEAMBERT

FERT— =5, AT T A AR P 59 s AN R R AR YA PR 1] 30T, SRk
ANAL SR ZE TR T R BRARIRATTRE S 0 T AN [ BIR IRHIE, T8 XUZ 732K
B REAT R, SRFES B P B J@ PR T, H & X Ah 2 T am] U 9 s 2 UK
Fi, HTEE T ZFORIERAFRAE, ASREXH A S TR — R

FATRIL, AR P AT LS B CAREAFESRB HAR%E, X LR RE
ARG 1R Sl P AN AR e JE M. DRI, AEAR RO, AT th X
TUIARZE RN A AZ W 28 P 5 s g AT B AR o . R, SRR ASEIA R A A
RKERATHER, BRUVIRAERZEL R, K, AT TR R A
(Tag Correspondence Model, TCM) SKARFT H 7 IFREE 5 2 U5 57 4445 B 18] () S I
KFo MAh, TCM FEALREME AR IX L8 25 e 1) 105 B RS B A bR I F P gk 4T
HEAFFRAS . SEEREE R W], FATHR I HIFR 25 S BT TCM RE 8 A7 R IR ) AR A
IR R, FEH P ARSEHERFAT S EEUS LR VE EAF IRCR

=]

3.1 |G)RR#EIR

Tl Web2.0 AU B ZAE ST G T, ™ a] DA BB 1384 S
A B, AR, X ARSI ROy — AN E B R A B
ARG

EizraH, HPAEEFRENATNER, BIHIRAMEAEATIER . thAh, B
TP 2 18] ) SRIEAT N T — DN R B P AR AE W 4% o IX R P AR BN 75 AT
A2 28 A5 AR T e P B TR SO R

XA UL, AT AR e P S EORHER A OGS SR ST AR 2, N T
U RBP4, SO S VRREN T 48 B OARE — S hR%E . JRATLUH IR s
ERPEEF RO, FIFRARN QI L (AR IR U R B A F]D 1
CEO, fhés B ObIE 1 MR 5L, Iy 227, <@ L™, <3a”, <R, <H
TR, CREBILERM, <@k, <HIBRR DUL  (HARRRARD *° iIbR%E. X
SEBRZEALFA 1A R b B R A At R AR e TR

SIS BIRRZE AR AL H CARER, BT DA EAR 2 e A AR I 51
N T SR B P BRI AOAR BRI TE SCE 3G FAT 2 Bl P 2 1 BT S

@ A#FEFEETIELL “Tag Correspondence Model for User Tag Suggestion™ @l & F1E 2015 4 “Journal of
Computer Science and Technology (JCST)”” k.
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= R R BFRZ 18 X 5BE (Correspondence) . X HLf¥] correspondence 215 T
AR B SARSEE AR — N A o ER . Bilan, T ARRE R sh B ok
Ui, AT U B, $RBAE G “IT AR XA FREER R TGE
— MR E, IR R TS SUE B 2RI BASRIEHE % B KRBT
RED . XERIET] DI RES 9 LU PR AY
RPRHEXERIE: HH B CERIRAE BWARIE SRR, #lan -
KA. NGBS XL P A BN 25 RE 8 Bl Y — N FH P I D R 52 1 LA
KA NEVESE . K, X EfE B A PR EE 18 SO A
BEHEXEZRIR: H AR E A K KE BIRAIRRAE R JEAH S B, Hl 4R
JE P IRRES . R AT US55 . V2T FRIER, — AN P A T 5 A A EDY%
BB NNATAS B, PR, AR JEAE B IR E ORI 2 A B AT AT I
SR, A IR ARG BE R ) € CPRAE IS SOOI, T Il BA R PR s ik«
« AP K E M UE R B HAAMERER S . B, & MHP kA KE
AR B, ARTERPIE, A I IR BRI H FH P ARSI
HXER,
« P ETUEBEE 2D ARE G B, BME BIREA & B IR .
LRI A b T 5 R AT AR A FE S
N T BRI, BATTSR T R A A, FRAE R AY (Tag Cor-
respondence Model, TCM), KIRFTH 7 FIAR S AEA FRIE 2 HI1E X o8k, X T46F
AMERIE, BATEE 238 OTERAE R IRIE S . LU P AT i,
FATTRT LA FH A v ) ] B o 1R AR N SR IB e R PRI S . TCM AR ) 7
A RIKTCR AR ERIRER G, WREARYE A F 7 4 al, A
[F) AU R R TG 3R I L B
R T RARZE S5 AN FRIE A TG 2R R IOC RBEAT @8, TCM L RE#E R T R bx
AR R P AT hR RS, RIGRIX LA PR TR E R R R . searh, 8477
M T — DN REHEEREE, EH PR E AT TFIAE S . SEie g5 SRR,
TCM &3 M O MR S5 7%

3.2 tHXIE

R FEAT 5% — B A A8 SR U B (R 98 i . O RO 90 LA 3%
TE AT o 4 A A R ) Wb TUTT R RATAE HEAT AR bR o

R B B A AL HEERAT 55, HERE RG0SR 1 — 64 28 KB At B A SR
Ak £ bR I G, 811401, 55T FE P A0k £ i I 9 147490, 6 e A e ) ff (50-52)
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L5, b, SR T R SR A R AR AL AR AR AR 55 Y. AR LT
Bl T3k, 75 EAREE P B SEAREAT . A — AT H P - -AR 25 1) =47
K, fEXAEAL b, —SRELIEE BE T DO AR AT HE Y . AR Eadkix 2k
JTE AN A ET W R 7%

IR BT 2 AR EE F P P SR AR TEAT R AT A R A HE SR . IBAk, A
— L T AR SRV AT R e s R AR 2E o IR BT VR IRATAR HON B T W I 7 Vs
— BT TR MREE DR, B SEHEEATS B A 2 AR
FAT S5 RAL B 54, FRIXEETTE T, RRAE 5 FR A8 2 TR] 1 SR FR BRERAE 73 R AR 1Y)
ZHh, PRI AR AN AT ARE R

52 [e 3 SRR Y, {540 Latent Dirichlet Allocation (LDA)© )5 &, —LLif
R B T ER AR SR P - AR -FRAE 2 TR 58 RAT @, — AN EWH
REVEAE, ARBOAR BEANRFAE 1] 1 2 H R 1) [ 32 R AR il 38 I R FR 25 AR AIE ]
FEoR B BETR  RR) 73 AT, AT AT LRI AR 98 P44 1) S B SR AHE A7 pR A D016l e A
Bundschus et al.[®) X} IR TAEREAT TR, $2t 7 — D -Pra8- G B S Fa s
BB, Content Relevance Model (CRM)!® [ FEHEHE H, FSRIR T XA H IR
ZIEMIRFR, HRIEATIRSEESE . 55T M 07 B AR () 58 T SO FR e
1) BB J7 V% Corr-LDAS #H L, CRM HUE T & 4F IR -

XA BAR AR A R U, T A BE 4 A AT AR AR, TRk
MIARREERME T MR TE. sk, TATE B R Xt H P AR 1 ST
ke, BT LABE T3 R T AN R AT . 5 RS B BRI A T VA MR R e 1, 3
I3 7 — IR B, PR R TCM. RE & A — L BB AR 254
TR, B EATT 3 B SR AR TR XS B A AR 8 [ PR 1 TA) B R SR AT A,
Bl A EESE, AR FEE B T OUE BT RN . XS, TCM
REE 2% 18 2| 2 Y5 e A HOARFAIE , 7 S IR B S My R 55 A 25 22 [8) A T SO K

3.3 1RAUEZL

TEAN BRI 2 1T, BRATE Jeda — 2 BB . R IRATE — A e
HFPES U. B ue USB—SHHEHRMRER, Bl AR, g
s JeAh, P S ECHE—AMREES 4. MEES TGRSR E —
AN AR IAZE T, FWFRKANH(T]. Woh, FHPREH AR S f.
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©

U

3.1 FRZEREAESY (Tag Correspondence Model)
3.3.1 FREXREKIRE

TATR HARZE R TCM, SKRIR A FREE S 2 FhRUi(E B 2 (B Rk
KER, REAFERFEIHARRT AP KAARRE. SR A EHA.

TATER] 3.1, R T TCM MR BIEA R E Bl £ TCM H, Ak — e,
HAVE P u A G BIEES N S, HPEMERI s € S, ATRLERE—
X ZRIR AR V, IR [R5 X, o 1% R I BT A To R G VR AR 22 1) S I fis
TR Hh R MEIERITER r 7T RN — N R T AR R T i E i ss
2T @y, ZZT ARG KM TR e (B g BN u, #AH
—AKRIEHI AT 7, AR EIKRI T SRS o XS TREASSRIE s, B0 HETR
AR V, FAEE— MRG0 AT 0,5, 2T G KA T R @, Fant T 240
P iz kIR R A RO R eI EE . ¥, B3 — 45 124 a0k
ANFIRETCER AT . T RETTER r FIERN @, = axes,r HH a y LDAS
H N THUE LIS

£ TCM 1, BN u SRIERIFREE ¢ A O A2 U0 T -

o WY 7, LI AR s

o RIEAG 6,5 VI — HFRIE HHIRIRITE r;

o WA Py I MHREE 10

DRI, R4 ¢ HOREL, WO FH P T2k IE s WP R, SRIE s X T 50T
R r WREFARSE, DLROCHRTGCER r W T ARSI W I R

TEVERMZ, BATE X — N RFENERKIR (global source) , FHAALAL
TRETR, MHZGROE TIANAHA R EARE TS, TR
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PR R RENS IE I AN [F] AR IR AT R . (ESCPR B, AT ERRAT AR TF A REIE
B RIS R SRYE P A5 ROk R, PRE3RATT 51 NI A 42 R SRR AL BRI A L o
PN TR R IR IE FORIEECE TR, BTN AR 52 ) 4
JRi - (RIS o

41 TCM R 1R, P B AOAR 28 DA SAN [RI R K SR I 6 2 2 A2
o FATER ] AR5 ORI SO AZ AR, PSR &
DL BeE MR AR

Pr(a, s, r|x, 0,1, 8) = | | Pr(@u Su Ful % 2, ).
uelU

SR u, BAVEEEANER e, LR AKAN T L — 2R
Pr(a, 5, 7| X, a,n, B) = Pr(al|r, B) Pr(7, 5| X, a, 7).
A FIRBEA MR, BATREW S TCM BB IS5, B4 n, 0 LUK ¢ 1E
FRBEAME A, 55— Pr(d|r, 8) F1 LDA i A s PRI, TR I BRATT R A tee!
HHFEFERAE S . 58 AT LA il N :
Pr(7, 5|X, a, n) = Pr(¥|5, X, @) Pr(s|n).

M5 Gregor!®”! A (52), XPHES4 AT LAt — B b M-

Pr(5i) = / Pr(3|7) Pr(7|7)d7

%]
_ / [ [Muttics; 7)Die( i) a7

i=1
_ Al +17)
Ai)

LA
Pr(7[5. 5. ) = / Pr(7|6. ) Pr(6|7. 3)d6
0

X1 X1

- [ |outtcito, [ [ir 13))a5
0 i=1 i=1
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_ l_[ A(nu,si,:,- + a’u,si)
- Maus)

XH, A(@) Hy Gregor!O IR e E 6 BB nyjuee RN u i, BR%E ¢ 000
FC BRI s FHHIRBRICER r KRS BUAN, FRATRIAT S < RoRXHX LA oK
My AR S « Romig A&,

£ TCM ", BESRIBOTR UUR TR, I3RS 22 8 3R AR
VRS o FRATTAT LASKH 5 40 W R AE SR 08 SR T KRBT R I L A S H ik . F)
I 55 A 3 KA BB 1 22 30 h

Pr(su,i = j7 ru,[ = k|§_|u’i, l_")_,u’i, au,i = t’ a/,ﬁ’ 77)
- pA(_'”’i)(a“’i = t|ru,i = k)pA(—'u,i)(ru,i = klsu,i = .])
ﬁ(—'u,i)(su,i = .])’

ook, A SR AR S T LA B

(ﬂu l)

" ( ) R + (Q'S)l
Pu,)\Sui = J) = Ty,s = Z ’
d?+&d%h
A . A nl(l_‘Ju,kl) + au’j’k
p(ﬂu,i)(ru,i = klsu,i = ]) = Qu,s,r = Ta
I’lu] + @y j,.
(“M i) +ﬁ

A~ N N jkt
Plawi)(ui = try; = k) = @ pp = ) o
n' %)+ |T|8

W ER AT, AT AR 2

Pr(su i = j’ ru,i = klgﬂu,ia F—M’[, au,i = t9 a, ﬁ’ TI)

pd) + B n(ﬁ“”') + ik (“f"') + (as);

_ ]kt u,j,k,-
“W+mﬂM”+%JEWHZﬂmm
(ﬂu i)
+ 8 )
JJ. kot (~u,0)
oc—(n oV axy k). (3-1)
(—|u L) + |T|ﬂ u,j,k, u,j

XH, i FoR AT SRR AT B O 7RI, BATTE X (as); =

PR 71 P b ¥/ = W Sl 0 PR s 10 7 10 e Y S g M 1 e

I BEAh, B A EUR o B R AR SRR SR T RO HL T A
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WeBmS . IXFE, FATRIL R BEH AN S LDA A S8 RS

FATAT LIRSS 230 (3-1) fhith TCM S 8. &R fgd, x 1
BENARZE I ARE 73 B AN ORI 70 BC il i AN WRAE S 2, AN A Sttt — EH 3
Bro &, BAMRIEIECZ G K BCfs OUR AT TCM AR ISEG Wk foss:

Nys,.,. + 1

s = s (3-2)
Y e +|SIn
nu,s,r,~ + a/-xu,s,r
eu,s,r = s (3'3)
Ny,s,.. + Xy,
Nosrt+ P
oy = ——————. (3-4)
nr. +IT|B

3.3.2 RPIRZHER

e TCM BRI ZRZ Ja, BEMARZE ¢ 18 SCRT LIRS B B A R BT 3R 2>
BETE L dgre = Pr(rle) BEATHERE . 35T RIRAI AR A0 {nr R Al v 0 2 Bk A7 T
PREEHERE, WHUR AR T BRIESE BRI S 22 1 20 A

258 — NI u CLRON SRR So B —MR%E ¢+ BIREZ T LUB AL )9

Pr(t|u, ) = Z Z Pr(t|r, ¢) Pr(r|u, s) Pr(s|u),
SES revy

Hr, Pr(r|u, s) = Ougr, Pr(tlr, @) = ¢srrr Pr(s|u) R X TRIE s FImITFERE .
X, AR AR REATIERL, B2 Pr(slu) = Pr(s). N T 15 Pr(s),
BRI T — NI UE SRR PEINR) B AN B b ) SRR AT bR HE R I RR . FRATTHE
ANFEIRIE R (M = 10 B FAR) MERBARIERAE, REHEH—b2 51
BUEAEN Pr(s).

W, FATRIE T E H RIMER Pr(t|u, ¢) KR HEATHEF, B ZR5K
1) — LR E NS 2R .

3.4 $HIEIFIER

FERX /N, FATFEAR A28 TCM BRL o4 —AME S5 R 28 B LR N S B
TR AR . Bk, FATEE T ARG RIS, RECOTERRIIMBU 0, RAF A
0 B-1) THEX BRI,

3.4.1 APHEHXEHER

HATH RS LT PR A SRR, A S A A4
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Wl TP RATOE AN, AT AR R T, Bl B
LRSS, AR, ROTEERAAEAXBER, SN AR ET
R T A i s

o FLPT u OB P A ) E

o BT P A R L
5% TF-IDF') [, A 18 SO FREAMAE w BB AS L P AR (MF-
IUF), /e MF-IUF,,, = i xlog e JeH, My, FRSFIP u RA B
A w 0 M, FoRM PRI S U, FORBT R U R, R A
FOR A A w RO P

MANR:  —MEH P EE S E RS- AR, REXDMRRK
EAKR, —BAFIHANE, H2E8 7R THPEMN. MBS REREE. A
TF-IDF LA MF-TUF 264, $A1%E L UF-IUFR,,,, = 2= x log 17 KA A4
RN A, b, n, AT w A AN E RS w B, U, RO
FEA AR APl A w I PSS

3.4.2 REMEXRIFER

B TP AR IEIR A BATEZS EE A L AR R 45 2, RABIH ™ 1
PREEHERE, G4 AT RIRRREANAR S IS A 2

OV TAE, KRB EHIE S 9 ABER BB AL R, B, NetSTMUO! L)
S RTMU X BB TR AR A, o AR QI SO (1 2 R A AT T, (8454
J& Z 1A R A R AT REAIAL . A X TR D9 S A T A AR RN JE AR O A
EIRAL 7 A R B, AR AR A (7]

o JXEETTIRANGE B RN SRR bR 8 A0 B Ok AR 3R AT A

o XA SOREIEAT AR, R EETIR S SR A AT JE SRS SR P DL R

WL AT, 2iERE R AT .

XH, AR T — R R 5ok S A AT E AR HIE S, ARl &
AFEMEE, AFNBONORHEIR, XA AR A theed 1 SeiisiE.

WERE: T u, ERAEEARZE RN SO H 2 /T A AL 4%
BT JE VB ER . PRI, SRATIIE AR SR RIARSEAFE R T R, BRI AR IR E 32
LR PN AL R RS2
o SR JE TP bR 2R B A
« JrE R R IZARZE I LA
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55 TF-IDF 2840k, 311 X NF-TUF KA &5 AN 20 B AR 2 AL &, & NF-IUF,, =
[Nu,t |

e log b, H, N, o u WAL E R R P A, N, WP u

[Nu.-| .|’ -~

MRE RS, U, NI c AR RS

SRREAR:  ANARIE AR, TN FIARE B/ A 2205 Bl Jg 40 JEAR S
& B AN BT 507 2R TE-IDE 2400, 2 SN NE-IUF,,, = Wexlxlog UL,
Forf N, FRAN R E A AR w P Uy BRFTELEA A
AP F A w P A

3.5 SLIGLEER
3.5.1 HIE&E
FATNCHIRBEBENUCE 2 H R, BEYEEM 2012 4 1 A 3] 2012 4E 12
Ho. HFHRMETMTEZ AP SERNES SN AER, Tl RITEZE
PG EHEAT T Mk, SRR R RIS EEE . AT AR T 341,353 &6 5%
BN NAE B . AR 7, I X Se P # bR 7 2 A& DL ERbREs .
BEAh, FATFRFEGEH 4, 126 NHEISE KT2F 500 AR, WRERAIIMST,
X8 S ATAR S 5 B T BT A AR E PR S AME IR BT 98.67%. PRI R, HANHIE
4.54 MERZE, 63.35 NMALE, 305.24 NMERFEFREZE . PN A4 EEE 6.93 A0 .

3.5.2 LWEWE

£ TCM H, FATIESE LDA® 1% E, WwEBZH « =10, B=0.1.

S, FRATH UM, UD, NT A1 ND 43 3387 F P idE . P AN A48 A6 s
PR N4 R A 43 DY AN RFAE IR o

NTEEMAI R TCM BB w80 2ot A4 0 7 B8 i e S oo
PRAE RRE R DA SRR TC 3R BRE o B4R, FE3.5.4°0 1, FRATTEE XS FH P AR SSHEFR AT 55
AT T2 2RI
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x 10

-1.38

-1.4r

-1.42F

| I I

= e

5 > b

© o b
T T T

Loglikelihood

|
=
ul

-1.52F

-1.541

~1.56 5 10 15 20 25 30
Iteration

K32 TCM ARSI
3.5.3 ZIGMaHT
3.5.3.1 RBEUWHIER

B 3.2 AR RN ZRod R o B URME I SGE S . X R BB E 2 B
—H TCM IZR5E)a, X TS T i — a0 v SR SR e, 5T -

L(Uy) = Z log Z Pr(t|c, r, ¢) Pr(c, r|u).

teUr

PRI, AEIBR 15 A4, TCM BRI IR E , S1E Gt 387 LDA !
FLE, WSk, T H A BB A R O

3.5.3.2 AEEERFRKTMIRE

N T EIF BV RFIEDR, 2R3 19, AR T AR IR Pr(s),
PAR A RRYEN 5 AMR%E . 1K, Pr(s) BELEEIEIE N BT A FR2E 1 73 Be 15 K 73
B2, Wi

ns. +n

P = —0—
t(s) n.... +|Sn
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N T IR RIFEACRIERIARZE, FATKIE Cohn et al. 72!, RUNN T SEERMRZE ¢
FERESRIE s TIPS

C(s,t) = Pr(t|s) x Pr(s|t).

Hr,
Mgt B
Pr(tls) = n. +|T|B
Nt B
Pr(s|t) = —nt TISIE
3.1 AFEFEEAE L AR AR
Source Pr(s) Top 5 fREFRE
UM 0.19 e B, 77 K[, B, I M
UD 0.19 ST AEA, Y E 3, BN, cosplay, HELF R 4%
NT 0.42 W, /NG, SR, 2, T
ND 0.20 T U, BB, B AR

M3, BATEIL,  ARJEAH SR AEIR LG AR S R AR K. 1
b, RBIEARZE MR EIE ] 0.42, 2N EERFER. Z2KN, —PMHBEC™
AR NE SN EWARE R, DI A RESE & S BR I P I A bns . AR, 26
JE RS ZEANA, FEAPREE B Rl DA AR e A 2 i 7 i Rl AE, Bk
Xy IEIE

X EEANRFEIR AR R RS, BRATRDL, A8 EAH 5 145 S U5 EE e 8 Skt
PP I8, flhn <RI, <4, cSef M Em iR, SRR,
SREARAbRRE, HERENS SR R R, Bilhn, Bk, s N B . IX e g
REH], RYERRZE AT DAAE P A NS 2 P R B BB (U ORIROC R, 0SB AR 2 7]
PAMAT fo (5 B R B 58 R R &R

BeAh, FREEREMZE, TCM N T2RE SRR ERIEEEE. 2RERIH
RERE AL BN LL BA R R AR R . 1205 B IR EcA AURME M AR 0508 <
IR, CRLEET, SRR, <80 JET M CRAT . X EEARAEARF IRAT A, A L

NOCE BRI R ARSI NIX R 2R E B, X EAREE AR 1R
KRR A KR o
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3.5.3.3 AEHFERFMERKTE

R332 HIEBIBRERRIKITR

T Top 5 REEILER

HE HELM (NT), #LE (UD), #LH (UM), Bl (NT), 2 >) (NT)

B Android (NT), B/ (NT), 7™ i (ND), @131 (ND), #{Z (NT)

EINIZ Gk (NT), K5 (NT), TR 45 (NT), k5K (NT), HHH
(UD)

M5l B SNS (NT), %3} (UD), HEER (UM), #3 (UM), IT (NT)

7 4% B2C (NT), IT (NT), . T 45 (UM), B, 7R 55 (NT), i3% (NT)

TCM HMES5 /& N BIPR B4R BN BRI C R . KB, ATNEIFE
HIBREE e B — 28] 73047 s . AERR3.2M1, ATIAIH 1 IX B bpfs de i AR LY
— LRI R, A ORI R IAEE L C(r, 1) = Pr(t|r) X Pr(r|r) TH5EAF ] B,
PABESEZR TR RBICR M MAREIR . ANizgkd, ATKIL, TCM gegxs T
BEIRRE, MR ARFIEDR A R S BRI T &R

3.5.4 SCIGIEN

3.5.4.1 TENERMEETS A

Xt F H P AREHERRAT S5, AR precision (P), recall (R) LA F-Measure (F)
=ANPFIFERR . 450 — M P, AUBRR E LRI EEEGN T,, RIS
BEANT,, Hk, MEFINEAREAN T, NT,. Ba, b =ADPETEFR T
WAL

TSnTaR_TsnTa _ 2PR
7.~ T, =~ P+R’

BATRA 5 B XGUE, H HICHRFAH PIR/F g5 8. sesed, /A
FEMIRRZE AR M EEY 1 - 10.

T BETECEL, FRATTIEEE ANNI), TagL DA DL K NetSTM 70 Sieft Ayt vty
o HoAt, NN AR IIGEH AR k AN RIEFERRZE . TagLDA & — /MR
FENE R AR, BRI AT S Sietal.[?l, fEASCH, RAME T RLA
NetSTM "0V A5 7Y, SKAEFRZE 2 i E L, XA R [R] AR FH P 45 J2 DL R X 48 £ 015
BRI . AT E TagLDA B EEE & K = 200, kNN FJHIE4EE k = 5,
NetSTM H I IEN IR A = 0.15.
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BEAR, BATEATHEIM K T TCM T H 2 fe Sl — PR E YR FI 2R, 188 TCM-
UM/UD/NT/ND. TMC-UN 7R & Bl A B8 1 5125

3.5.4.2 SLIGZERFSHT

0.35
kNN
0.31 —=—TagLDA |-
——NetSTM
0.25! TCM-UM| |
——TCM-UD
——TCM-NT
= 0.2+ —2—TCM-ND| |
S ——TCM-UN
® 015" -
0.1+ :
0.05- i
O | | | |
0 0.05 0.1 0.15 0.2 0.25

Precision

33 HaREHERELR

B33, AR T AFIE RIS R A5/ A AR i 2k . #hiZk B
B R A FIBCE R EN R RA A Bl R, 2 M = 1, fALFAT
Ji, MO ERR AR I A B RARMK. 9 M = 10 B, XREL FMAR A, SE A E
AR v T HERA AR . M ERBREENT A A, U B V2 B R B
B335, FATRIL:
o B PTARHLIRGE S A TCM 525 H— S0 i i 2k ait ik . IXERIE 1
TCM 455 2 NMRAIE R BEAT AR ZEHERE A A & B
« EREMETTVET, KNN A1 Tag-LDA R BEWE5E—F A P HRICAREE (4
NG, IR ELZE . XFF ANN Kk, DA EERK, A UK
TR Z AR . NetSTM REWS — & FE Bl AR E5H5 5, FTbL
TEEIEEL Z AR ZENT, WUREIL T Tag-LDA (17775 IXRIGIE T ML 45015 B
Xt T AR HERE A 2L
T ELE RS, B 330, BATRI TCM BR300 JOREAR T 5 et
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SRR RGPV X By R SR EH G, TR P R ae gkt
B OB IR EARE, BN, M ERAREHEE R h, @HEART LA
BEAT U R RS REARTE . S8 —J5ih, AT VFIN R R rh AT P A UL T, DAL,
B — ANk aes an HL - i S B bR, ER M TERAHN T B HhsiE, il
WP IRIREE . XA AR FIR LA R ARG, (HAKE
EVEr— AT BRI 0 R

BEAk, BATIEIRTT T A FRIEHER AR BB GO0, WNR3 3. X T4
AR, BATE R TeENEsiEs b2 dos, UK He IR R I 17 1E
FARIARRE LB . BATRBL, A FPRFLIR 2 T8 HERE IR0 (bR 25 S LU HIRUIR, K=
HURT 50%, XU A FRFE I CTE bR 2 R RAAAE IR 1 22 57, thIRE 134T
5 REANIR] RS IR AT AR B HERE 1 & 2R

* 3.3 AFERHEBEFR SR O

FRIEJR | ERibrZ%E | UM| UD| NT| ND
UM 12,707 -1 0.517 | 0.481 | 0.428
UD 16,191 | 0.406 -1 0.593 | 0.403
NT 19,856 | 0.308 | 0.484 -1 0.292
ND 16,038 | 0.339 | 0.407 | 0.362

3.5.4.3 =15l

R34 AFEFFLEX T 2T R ARSI I A R A2 IEF AR 2R

Top 5 Suggested Tags

UM | BEIEEW, G, BEEM, BFE%S, 5
UD | 8%, B H, BB, Google, Il

NT | BB, 5, g, k1T, B FRE5S

ND | EEM, gl\l, B Fr 55, 137, BEIEKM
UN | 8k, BFRE55, BEBW, BaiEEHKMN, 515

FEZR3. 4, FATE R 1A F A RIRFEE 1) TCM ALY HERE 1) top-5 FRAEHIIH I o
FATAT AN, A [V ARFAE YR K EB 70 HEFE PR 258 2 IR o R SRR A
IR bNE, B0 “Google”, T3z, “HkAT”, “HLF”, < 55, HE, BHEEnN
MNE BHIWr, XLEFREHE — € A CME . X ERH, JOE bR I 40 1
M REAR, (HRFFARPR LT VEMEENIREAGH, ERE, MEaH T%4e
UNRIORR Y e vist S 8
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3.6 AE/NGE

FEAR B TR, B B PR FRR A5k 2 R AT TR PR P 45 2 e Tk
ARSI PR P R AR B, TRAMR T — VBRI TCM, 3K
SRR P AT AR 7 . R, TCM RIS HR FUbRAE 5 1P R
HOKRAS B2 IR R FIRR DK IR, AR BT AP 1)
FIPHE AR B, S A bR, e USRI E S8 ], TCM
B 35 U T AT bR e
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£45 ETHEXNERIRAMSERT

FIRFEAT R EANG T AT SRR TR, BT ARAE SRR
TR — AP Rl BARR B RIR 7 ARG BT Rt (B2 B TR, A
2R R AR IONEFRO R S, SHIE T RBCRN . A T RS R
TR RCRRAALEAE S D ATAESS EIRCR, AR AR R R M5,
RN 2 R i) R SHRGE S I M B R . ZARGESE M B 28 7% 1 15 s
W& S5 kM5 S, WA LUl & M =R E R afE B, At E RS 2R & W E
TEVE 2 WAL I 28 3 AT 55 BB T H ARk

SR, A L% R R 5 2] 07— IR 2 T B 1) 702, IR e 79k =) B
W28 T RN, AR R = XA, FERE— P BT o REETAE S5 Th R IR 2% . 1E
AREECH, AN T 3w BaZPhbl, R T — A MBI 25 T I K TA] BRI 1 o 28 3
N IR, Max-Margin DeepWalk (MMDW). MMDW B %[5 i ill 25 B¢ K TR 77
KA L R I . 2 KA RG 73 SRAS S22 2] B X 2% 715 s R s A
AT RN RER, WEESElMNENREER, FIEFRE XS
Yo FEZ2A BB ER SRR 45 AL, FRATHE 7V R i 25 R 115 Ry
KR

4.1 |G]RRIEIR

W2 RN AE AL 2 I 25 O AT e — B A R WA . — A IR R
AT Z M HAES, B finde. RRL BRI RS . VR M2
BERETCER, AP FOEE RS R RIS, R A S R R
(one-hot representation) » EMRR T NEM N, V2 M S aE
ZHINIHT o RTS8 B BRI R L, ASRERS A R B R
T B (R R B R 2R B B

AT FE AT R R FE AR, WIERIR 52 S I T 70 27 4 H R i
PREIERGIEI o X288 3] 2 NS R 3] MRESHE I M R0
K BE I 28 G5 B o XA R E ] T IR R R 28 o BT AR 55, T ELRERS S bk
A R B AR o ISR EER, VP2 MZ SRR ST A A . il
DeepWalk!"! Fll LINE!®!, DeepWalk J& — 5 T-717 5 R A5 L B 7E 26 1 I 28 /R 2

© AREFETAELL “Max-Margin DeepWalk: Discriminative Learning of Network Representation” A & & 1E
2016 4F ¥ [E pr2# AR 21 “The International Joint Conference on Artificial Intelligence (IICAT’16)”” k.
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IR, S5 — A%, BE e AT RENLIEAE, RIS A ARSI R
BN 75, DeepWalk fEAANT5 fiF i, 047 MUFHIE KA T, RAM
AN ZRa] [a) 5 A Y. Skip-Gram ™! SR YINZRTT fiZR s XMt 1715 s Fia] 12K T
EHEMA R, EZPREETT R RAES IR T AR RIRCR .

SR, RHER 7 O I 48 3R 7R 2 S B 2 e e B 7 ik . IRV 22 21 B
RFRRE S H T A RS, (HRAEATHE RIS ERRSRA AR, (A
R, 7ESEPR A N2 RS 8 KRB ZAE B i & 4107,
Y I T B R S DA A B AR T RS PR “RHET FhRE. XY
T “TensorFlow” iXAMA 2%, BERbRE T “ B AN 2T 7 “EARZ I mpLEE 5 )
BAT” . CERIESS]” ERRAE . AR, IR SOEE — R S iRvE —
B bR, SRITEATI R . X EEARZEIE G B T W2 5 s KRR AT T
FE MR EERERE ,  (H 2 AE W 28 R 2 SRR b i G 49 BRI IR

Acticle Talk

T
a7

oy
WIKIPEDIA TensorFlow
The Fres Encydhoprdia

Fron Vikipodia

External links [eait)

e Official websited

e Official source code repositorvid

Categories: Applied machine learning | Data mining and machine learning software | Deep learning | Free statistical software

4.1 YR BHA 2% DU 7 1)

PRI, FRATT AR LR 5 AT 18 ) 28 o 5 0 1R vh 7 20 R FH 9 s KRR 28 2R A5
B, RESIE XA R T R . i KRR BRI E &, AR H 72T
e KA ) DeepWalk #7 (Max-Margin DeepWalk, MMDW ) , K Ntk £: /2%
RS R A XM 28 o, B A RPN 55 B R5CR . ] 4.2,
MMDW #5645 5 > 5 [ 43 gt ) DeepWalk, BJS, ‘&2 llg— ANk Bg 4%
28, Bz FEmEML (Supprot Vector Machine, SVM) 731, TE Il 4545 21 1) ¢ KT8]
K& 7 AR At b, MMDW 2> 2258 R SR ) B A 7 2R AL 2 (R EE R, AT
BAFZEA BT SRR A X P, WG A T — 2 ST E 55

MEERUL, RN TAEH, BATE LU =ASFE A8 5
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DeepWalk as Matrix Factorization

M = X x Y

— . Biased Gradient

@
o Support Vectors
e 7
@ /
@
o
0
Classification
Max-margin classifier Boundary

K] 4.2 Anillustration of Max-Margin DeepWalk.

(1) AR T — M X PE 28 KR B8, MMDW, SR 15 fUR 251
PR BT SRR IR . MMDW A& 1 56 S R [0 BR 3 1 14) 2F Ha B 1 o 24%
Fon A,

(2) FATIRM TR RZ PR R EBEREE (Biased Gradient) FIMES. —4
I 8 1) (s L PSR 1 N B B B I U7 1o X b O B BB 0% 15 DK AN A
ZIAIPIBEES, TERRFE T BB AR RS h B4 5 RE k.

(3) BAMEZA TR RIS FFAT 77 AU 28585, kI IE MMDW {2
o LI RKH, MMDW L CF MM 4RI 22 2] 7 15A 4 B2 1 H—3nie
(5% F] 10%) . 4k, AT -SNE XJ 122 2 B W 2675 fi R n 34T 1 vl #iAk,
SKAE B MMDW 2 =) 2 177 SR s A X 40

42 MEXRIE

P 2 227 27 21 H IR 2 2 0 45 o R A4 2 o) — MR R SEABL I 1m) B R
B A AR 1) R 48 e 24 ST HE R & DeepWalk fil LINE. 52 H 4RE = kb3 A F R
257 [ B {¥) Skip-Gram S BB ) )5 &, Perozzi et al. !l 2 T DeepWalk %, jlit
KT R 0], Y A B BE LI P A ), R ST 2% T SRR . LINE!
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4 & B ORI R 2 SRR

&

A T 0f R 2% e ) — [ AT 3T B AN T AR P AT AR, SR ST R R 2% 1)
RN o

sesh, fEHESET, RORRBEHERER] FIFZ N U B IREE SRR
gl N KEIRREEIR . Zhu et al.!™! $2H 7 & K500 (1) LDA®!T (Maximum
Entropy Discrimination LDA, MedLDA) , %3] — /NG X 43P 3 AR . 64T,
5 B ARE S AL B N SRR 55 b, BRIl Ee A vE 2 A, Bilhn, 23 lel
A Lot U7 s

SR, FEMIZE RN 22 S U, BB AR AT LA ORI R bR 2515 R
N T fRRZIA R, FATSRE T MMDW SROyAE 2 W 4% o 17 m 22 S0 X PR R
ERBTR o

4.3 1RBHEZR

TEIX—, A B M 24 KR 22 I MMDW . MMDW & —>
TR B R ) N 28 o 2 ST, i 0 2 [RIIHE A0 B K MBI B 7 2548 SVM FAR
F2 o3 i T X P 28 3R 7 2 S ALY

4.3.1 [EJfENX

BBAFE DML G = (V.E), HFV Z2WRES, EZUMNES, Btk
E CVxV. MERRFEIEMHKRARNN R v e V 22— MRYESLE IR
& x, € RN, Ht, k RFRTEMLERE, MmH k << |V]. AR RrE
BTG RSP OEE, FTUAREREY mZ WA, ] I
DRAEFTAENFFIEA R, 458 —MrE 1 e {1,---,m}, AR LURIET miA9ER
AN IR R HEE SVM 7388 . XH, m Ehr g,

FEFE T RITES 7y, AT e A Y X 2% 3K 27 ST Y DeepWalk, BLAE
XN R . 2R, AT TN 3 EE T ) MMDW FA

43.2 FEFESERS DeepWalk

DeepWalk! 15 564 72 W 2% rh BEAT BENLIEAE ,  SRAS 25 R BE LI E P51 . B
Ja, ERAIZRA A& 1 Skip-Gram P! B4, SR22 5171 HERIR

% SKip-Gram Jii &, DeepWalk #5z KA H AR s e FEALIFE & H ) BT 3
TR AL B . R IRA T — DML E I s = {vi, ..., v} FATREE
MR/ K, BRI TR S v, BRI E IO RN ¢ = (iek, -« o viek) \ Vie A
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1M, DeepWalk 1] H¥r A% N :

£6)= Y0 > S logPr(y vl @)

seS i=K V) €C;

XH, S A AN E TR S . M2 Pr(v;|v,) ITLLEIT softmax pRI%L
P ECEP

exp(X; - X;)

Pr(v;lv;) = )
05 Lrev eXp(X; - X;)

(4-2)

Horb, x; M xg 20l vy Ay IR R IR, () A& &2 (Al R
£1% DeepWalk #2%, Yang et al.[® I B DeepWalk Z&4r T X —/MERE M 34T
FERE . FEREP IR — IR N

[ei(A+ A%+ -+ A"));
p .

(4-3)

M;; =log

Hrp, A RN G MFERAERE, a2 MR RENAT H— 2 IR e
—MaRmE, KPS AICEE 1, KRN0 My BRI v, 38T ¢ PR
WEAE 27 i vy PSRRI 2

MR 4-3FATR I, FERARTH AR M AR B . B, RATRA Yang
et al. 8! RN E, IEUERE M = (A + A%)/2. FRATIABUGE, B
RIS REAET IUER, S R ORIG AR FE 73 i T BT 45 91,

w5, ATFIH M = XTY %F DeepWalk JEATHE B4 4@, I AN EE X € RV
MY e REVESR i/ MEn T (1) B AR ek 2

A
, . T2 . A 2 2 )
rgl;l£uw = rgl;lllM (XY, + 2(||X||2 +[1Y113), 4-4)

b, BSE A ) E N AL E .

4.3.3 #&XIEkm DeepWalk

fKIAIRGE 7%, Bilin SVMU, 38 3 4 PR AR SR A 5] (10335 e L, 451 S 7y
FAF 5P
AT, FATHEAI RIS RS X AR AR, RG> SVM 4

M. INGEN T = {(x, L), -+, (X7, Ir)}, 2350 SVM i fig g T 18 )
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7 LR B EAEACA F UK T4 A R e 73 DS R 4

T
: 1 2
w}?‘LSVM = fvr‘}lg 5 W5 + CZfi

i=1 4-5)
s.t. wlTix,- - WJTX,- > e{ -&, Vi, j
>N I:Fl ’
, 1, if [ #],
el = (4-6)
0, lf li = _]

XKHE, W=[w, -, Wl N SYM IUBERERE, & =[&, -, &) ZEHIIZRES S
AR AIRR A &

I ESCRIR, X RN TTIRFFANRERS FEM S S B MY RN . 45 R S 2 B W 2%
TR, SVM DU RENE A B B — R fL i 73 IS 7, XA BOL R, AR B2
BT KRR B IRGF I X 1

2 AT B K B] RRERVE (1) E S Y MedLDA ™ 1) JE A, FRATTHE H EIBT A4k ik
(KI5 4R A1 30 DeepWalk #E7H LUK e K TE] B SVM 73 384%, KA X9y
MR SRR . MMDW [HR4L B AR R

T
1 2
min = min + = ||W]|; + C ;
xnng KKW§£DW 2H 12 EI&
i=

(4-7)

st W X —WiX; >e —& Vi

434 MHAEZE

H AR R 4-7r P I 5 S 5B SRR R X, LN SCRRIERE Y, SVM
SRRBUEFERE W BL R Rasthia & &, o8 T4 MMDW, AT T —ANE i
v, RIERBIN IR SEHAT B . W G N R E R, EES RS
e GNP AT

FATIMAE LB E TR DR
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CIEEE i ONL LS R

4341 Rtk w e

L& E X AY B, 6T MMDW B4 AR il —ANFRHE R 22 2850 SVM [a] 7 1801
ERIRHER T

L NN
min > W15 + Z Z ez (4-8)

\
/]
+

LA K

0, if yi *m,
Cy =
C, if y,=m.

X, RAVRHLR BT o] BN C) - 2.
N T RIS AR R, FAE AR R REITE, H5 Z P70 (20, - -+ 2] L

AR — A R Fr FRAB TR B SRR 2 X W (17 17 i

4342 ik XxXFyY
MW A& [E e, TR AR 4-778 BSCR R 20 SRR B A R A, U0 BT

min Low (X, Y; M, ) (4-9)

T T j ..
st WX —W;X; 2 e =&, Vi
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AN IELVR SR, BATAT LAV AR

oL .
2= S ax -¥Y(M - XTY),
e ( )
oL

oY

(4-10)
=Y - X(M - X"Y).

VieT,jel,--,m, WHL +jandal #0, WRYE KKT %4F, AL H
wlTiX,- - wjrxl- = e{ - & 4-11)

RN ER, B EX TR AR x T RE, EERE S
HSRMZATT A28, KRG EAER I 0 2R 4 R . I T 00 I 5 B RSCHF
EHATHE), RENSIE AR Z A X 3P

P RBATREX Lo E R T T . 8 — NIRRT I R i e 70 Xt
T AR, BATEFIR AR x, T o (w, —w))T, X, SR EMAE
N:

(wy, = w)T(x; + & (w;, — W) (4-12)
= (Wz,- - Wj)TXi + CY{H(Wli - Wj||§

> e{ _§i~

TEER L, BAVRI A B H T T of KANW— AT SURASRALTE S FEU T 1.
R, HEXRNE of # 0 MFE x; SWHN— M E .
MFT A e T, BRPEERR

0L
0X;

+nZaf’(Wl —w,), (4-13)

ot A BATIR RN BRI . XL, R (i B 17 AT R A6 L 22 18] (R B

fE X BEHZHT, WL €32 SVM I KKT 24, I Pl % 57 ) g e
fift. SRIMI, BB X ZJE, KKT FEAHEL, 2SEHAmRBRM ET, B2
ISR, XA BTl AR VG Z A
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4.4 SLIGLER

FERX i, FATEE Y 5 SR IR ARV A T3 tH AR R RO . A, 3K
ATIEXS 22 2] B AR 34T 1 Al AL, SRESIE MMDW BEW% 27 3 I A [X 70 1%
I 2845 R

441 HIEEMSETE

EEXTHT R RATSS, FRATRA T a0 F =S FL 8L X 48 i 45
e Cora. Cora®/&—~ 1 McCallum et al.!3?) ¥ i R EE, a5 2,708
FEALER 2 2R, XS ST A T 7 35, W SC R ST IR 51 X 4% 4 B
T A2 45
« Citeseer. Citeseer 7& 73 #b—1> 1 McCallum et al. 32! #1180 R . %5
AT 3,312 LA K 4,732 e IA 5| )i . XSRS N T 6
x.
o« Wiki. Wiki®3 & — MW TTEEE .. Z8PEEE 5T 2,405 4K H 455 T RBHE
web LT, HAT DI Z A1/ 17,981 M@ C R T — MM, Xtk
TR A 19 K. 5 EIRANEAREMEL, 8IS T .
T AT PRI, FRATTARRIE T s AR B T REALRI 75 Sk o I ZREE AT 4E
FATHEIZRLLAHI M 10% $E =2 90%,  HKMERAN R LEAS [F] LA R B 27 2R3
B ARBHH, FALKH T SYMEO R 15 1550285

442 FHERFE

* DeepWalk. DeepWalk!"! & — AL 2 (1) K] B Bl AL Ui A 18] m) B 58 7 2 ) s 2
RS ERRHITTE. KT DeepWalk, HATEBE @O ANK =5, A
RUEE P FIKEE v = 80, [FHIEE N 10, 11 AIRRLESE k = 200,

 DeepWalk as Matrix Factorization. 7f Mz T7HH422], Yang et al.[”8 {IEBH
DeepWalk FEA/ 508 —AMERE M #-ATFERE 3 if . AR Z8 SO i Ty
%, A1 M = (A + AY)/2, BIAASBIRFERE X MR SRR & .

* 2nd-LINE. LINE"®! 3 ix X6} 5 5 18] (1) — B &0 30 B2 AN i 4R FE AT A, ok
5 ) RS 2 IR 28 T iR 7R o T — B A0 R RS T ) X 4 A7
B, XH, AR B ARIL EE Y 777 LINE (2nd-LINE) SK2% 34 [ W 45 /)
T RRN

@© https://people.cs.umass.edu/ mccallum/data.html
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443 SEIGERMDH

4.1  Cora BIRLETT S0 RAEHZR (%).
%Labeled Nodes | 10% | 20% | 30% | 40% | 50% | 60% | 70% | 80% | 90%

Dw 68.51 | 73.73 | 76.87 | 78.64 | 81.35 | 82.47 | 84.31 | 85.58 | 85.61
MFDW 71.43 1 76.91 | 78.20 | 80.28 | 81.35 | 82.47 | 84.44 | 83.33 | 87.09
LINE 65.13 | 70.17 | 72.2 | 72.92 | 73.45 | 75.67 | 75.25 | 76.78 | 79.34

MMDW(1072) | 74.94 | 80.83 | 82.83 | 83.68 | 84.71 | 85.51 | 87.01 | 87.27 | 88.19
MMDW(1073) | 74.20 | 79.92 | 81.13 | 82.29 | 83.83 | 84.62 | 86.03 | 85.96 | 87.82
MMDW(10~%) | 73.66 | 79.15 | 80.12 | 81.31 | 82.52 | 83.90 | 85.54 | 85.95 | 87.82

# 4.2 Citeseer FIFEETT 0 KUEHIR (%).
%Labeled Nodes | 10% | 20% | 30% | 40% | 50% | 60% | 70% | 80% | 90%

DW 49.09 | 55.96 | 60.65 | 63.97 | 65.42 | 67.29 | 66.80 | 66.82 | 63.91
MFDW 50.54 | 54.47 | 57.02 | 57.19 | 58.60 | 59.18 | 59.17 | 59.03 | 55.35
LINE 39.82 | 46.83 | 49.02 | 50.65 | 53.77 | 54.2 | 53.87 | 54.67 | 53.82

MMDW(1072) | 55.60 | 60.97 | 63.18 | 65.08 | 66.93 | 69.52 | 70.47 | 70.87 | 70.95
MMDW(1073) | 55.56 | 61.54 | 63.36 | 65.18 | 66.45 | 69.37 | 68.84 | 70.25 | 69.73
MMDW(10™%) | 54.52 | 58.49 | 59.25 | 60.70 | 61.62 | 61.78 | 63.24 | 61.84 | 60.25

R 43 Wiki BB P RAETR (%).
%Labeled Nodes | 10% | 20% | 30% | 40% | 50% | 60% | 70% | 80% | 90%

DwW 52.03 | 54.62 | 59.80 | 60.29 | 61.26 | 65.41 | 65.84 | 66.53 | 68.16
MFDW 56.40 | 60.28 | 61.90 | 63.39 | 62.59 | 62.87 | 64.45 | 62.71 | 61.63
LINE 52.17 | 53.62 | 57.81 | 57.26 | 58.94 | 62.46 | 62.24 | 66.74 | 67.35

MMDW(1072) | 57.76 | 62.34 | 65.76 | 67.31 | 67.33 | 68.97 | 70.12 | 72.82 | 74.29
MMDW(1073) | 54.31 | 58.69 | 61.24 | 62.63 | 63.18 | 63.58 | 65.28 | 64.83 | 64.08
MMDW(10~%) | 53.98 | 57.48 | 60.10 | 61.94 | 62.18 | 62.36 | 63.21 | 62.29 | 63.67

FELN 4.1, 42843, FA1RIR T ARIIHEEAR ECFII 28085 S 175 m
FHUER R, TR EERAE T, FRATHE DeepWalk 4 5 8 DW, FEFE 7 il 2 2 DeepWalk
45 4 MFDW, 2nd-LINE 4i 5 A LINE. tt4h, BA1ER TAE n WE ) MMDW
PSegn e R, PNIXLeFRpsrh, JATHEL K I -

o FATHE ) MMDW F B AE A R B4l 48 LA AN RIIZREL T, 38 H—Fu)

T A 3T . Hdr, SR8 50% i, MMDW £ Citeseer £(4
£ FPATIE 10% FIZaxt e, 15 Wiki B4 L3RS T 5% m4axt 32 7+ .
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DeepWalk A AEMSR X e 5dfa 5 b 1T L BEAT AT 2K 1Y )RR, 1T MMDW

REMPAR B AR DAZ IR R . X EESELG R TR, JATHZ 1) MMDW

PRI TN HE, R B K A] B B DAL ARZE 20 45 I 5 N W 28 3R 2 ST,

REWS A LA TT 85 RS i & .

« [EfFERMZ, 1E Citeseer M Wiki B4k, MMDW 7EAH] —F il 28

FEDL T, SR TR 4G 1) DeepWalk FE4Y , iX Hb2k AR H] MMDW 5

T8 1 A BN SR B SR ) TR L, B IS S R EEAT 7028 TRIUAE 55

o« JATHEH A MMDW AL 5 £ SR M 28 s 22 SRR LE, 345 T R3E H—

BRI, SRR, SMETTIRAE R AR A A O B AR R IIA

FasE. XKW, SIAPRZIAEEER, 15 MMDW RE9sH 2 AL HE

EZ R IR C T P

ERWER LT REY], MMDW B8 R 25 &7 IR ZERAIE 2, R i
BT KRR [FIF, MMDW HA R (B IENTR g . 27 3] 2 k45
TR AR REN EAE N T 2 MM RS, B R TS BT
G5, AL, W E R R AE RN ELRERI R T e B TR M A R

4.4.4 WEIER

5 6 7 4 5
Iteration Iteration

(a) Cora (b) Citeseer

K] 4.3 MMDW 7EAS R 4 s i

MMDW 5 AR (A4 55 KT8] B 43 28 8% R R IR R . R T 4R 9T MMDW 7E 1|
ZRd AR I EUE L, RATEEE 4.39 B/ T MMDW £ A [3] 504 £ DL R AN [F] 11 25
P, AR R B VISR IR AR A O . X = AN B, RATTR I, MMDW
TEVIGR I LR BOR S R BT, J@H e 7R IIZE 2 3 3 #o2 R HiRe ik B i 17 11
MR, FJG MMDW HRUR 2R Wik e . IX st K, MMDW 78 A [R50 45 &
WG] R ARREMS B S 8, AR, BT MMDW A 48 3 7R 27 > R 70 i K [
I3 RERRERE RIS R T s R0R, BEE VIR AUNIE 2, MMDW A2 B $1
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FRIR . ERWEE R REAE 7 BRA TS ) MMDW A8 (& b VAT 20k

4.45 BSHERMSHT

[ e ) s e e

2054
@

8 8
< < <046

038

3 2 E E - 3 2 E E 3 2
Order of magnitude Order of magnitude Order of magnitude

(a) Cora (b) Citeseer (c) Wiki

Kl 4.4 MMDW 7EAN R 56 b 1 S 08U o dr

£ MMDW 1, JEUIEE) X B8 FE A B0 Bl I AN [F) 1) 7 AR 3], eAl
WILART b F AR R g . R, FAT5INSE n SRda hil R4 (BB 52 R T 46 86
FERILLE . T MBSO TR R I sgm, AT 2 DIZR B A 50%, M
% MMDW 7EA R Z I E T KRR ARG L .

M 449, FATRI, 24y FEMEL T 107 2] 1072 Z[AK, MMDW A & fa e
MERIL, 1 HIXASHEUETEEEH AR =N R824 BUEE /N, )
MMDW J1-F-AS 52 31| 5 K 8] B 23 R4 o se i, AL C R #2008 T B 4R 1Y) DeepWalk
BEAY, T2 BUEEKE, MMDW H 1) 26 3R 7R 27 =) 350 43 06 715 iR 7R IR 5 A8
55, S fHA3 L A BRI R OKE TR

4.46 TREFRTAGMKL

FEAT TAFH, AT MMDW K22 314 X PERI 485 iR 7m 8 T 3Rk
FA RN RS ERA X, AT -SNE KR A FIRA 2 3] 21
RN AL E R . W 4.557R, FATTEAR DeepWalk AT MMDW P/~ 24
£ Wiki £fa 5 LRI E R b, A BRI I — D R, BRI
R TRIZTT FA RLSE PR . BATREALLE I 4 A 7] K S50 K S8 775 M 1) e s
ENGIES IPALTERpuR s el

Mz, BATEIL, MMDW #6523 2T RRBOR, AFRIFZ A
TR FD T AR R . AR MZ, DeepWalk A58 5 > 2 (1)1 55 R/~ Wi i) TR
ek, BOAWR R RIA T — AL R T AR s AT X, A2
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« X
X
o 5 X X
o
XX o g ><)is e
% Xo
X x " * % :
X %X X
O
fos( r []nDDD
§ " 5 2%
X
=] o ° -]
P
o a e
@
w %3 g_©
o So, o °
= 8 °,
® & %o
® )
0 5

Kl 4.5 5 AERIRH -SNE ] fifL (/£1: DeepWalk £7ii: MMDW).

P RAESS A AT TN XL S5 R RS IE T MMDW RE% I8 I il 5719 s
FONRREAE R, REABIX RN KRR

4.4.7 15l

AT Cora Bl EE IR EL T — ARl B2 B JE7x MMDW A 2t . X
A1 SC H & “Fast Online Q(X)”, 1% 8 37 AU AT /E 122734 “Reinforcement
Learning”” . WIEE 4.4, {AFIH 7R Y5 MMDW A1 DeepWalk 7 2] 2| (7R 1t
S ) Top-5 BRI AREE o IXHL, AT AR 9% R B R 5 M 5 e T8 O ARABLE o

Mg, FATKIN, DeepWalk tHH H KK I 2B, (A 2 MBE 5%
FEGIRA LR, HIHXS M AE, MMDW #2115 ANl 404 & T RIFE Rk
Ao RIEZFEHIEE, TATKINE R —F KT “online learning” 1 “Q problem"
FISC . DeepWalk % Hi HI4E & K ER 7> HiX L @R H KR, M MMDW & HLHI4E
JE 5IX A HAER O . XA B REE Y], MMDW 58 1 1 KU bR EE
SR, fem T RFORHI A,

4.5 KREINL

AT TR, AT O MR oR 2 ) AR BEAT U025 R 7 =281
PREAE L, MBI VEZE AR L, SR T 2k oK B R B M 25 3R
AN SRR MMDW o Gl 51 i B, AL REWS R I Il 2R3 T HE R 7 i e 20
Ry 2 R R A R K e B 0 2R 4%, B m (/322 I B R A Xk, A
A TR ETE S BRI . JATE = ettt A B 4 Bk AT 15 mip 3k
S, SiREBH], MMDW REWS A RUPR 1T sl R . BEAh, A0 2% 4 R
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* 4.4 Top-5 HiTiR4E R

DeepWalk

A H

eyl

Truncating temporal differences On the efficient im-

plementation of TD for reinforcement learning

Reinforcement Learning

Living in a partially structured environment How to
bypass the limitation of classical reinforcement tech-

niques

Neural Networks

Why experimentation can be better than perfect guid-

ance

Theory

Averaged reward reinforcement learning applied to

fuzzy rule tuning

Reinforcement Learning

A neural network pole balancer that learns and oper-

ates on a real robot in real time

Neural Networks

MMDW

el

i

Applying online search to reinforcement learning

Reinforcement Learning

The efficient learning of multiple task sequences

Reinforcement Learning

A modular Q learning architecture for manipulator

task decomposition

Reinforcement Learning

Truncating temporal differences On the efficient im-

plementation of TD for reinforcement learning

Reinforcement Learning

Exploration and model building in mobile robot do-

mains

Reinforcement Learning
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E£5F LETMHEXEAMEZRT

e E—F i, WAINA TAEME LR b, 8T SRR 5
B, KRB m 2T RN I X A1 DA RN R RO, o A B A0 R 28 O3 A 1)
RN A EERMES, BERTN, SRR T WALk X 2% 27 5 2T Re % B8 1 () 3k AT B
FETRI A5 -

O R 28 R 7 27 2] — RO RS 28 74 R 2 2] — N ] 08 IR AR SR ) ) &
Foon, WHLR ETFCRRMMIERR. R, X7 NRE 75 S5 AL E
R HI Z R A ORIR . EX—E N LAY, AR — DT RESAE
P05 1 RBEAT S BN, AR I AN E R T T, AT AR A B B AS [R5 A
Foomo AN TAES R, BATHEH 7 BTS2 R R 7 2158 (Context-Aware
Network Embedding, CANE) ff 1% ) @l o 38 ik 2% 18 I 28 717 st BN i) SCAAS B A
FINAHEVER P, CANE BESE XY U (B 5¢ R BEAT SE AR I 2 A5E, AT 2%
S EFCHRAT SRR AT IAUE CANE FIRUR, FRAE =B St 5L
PR Bk T 75256, 45K, CANE L F I BT ST KA M 4% R R 27 S fR Y
ERERE AL S5 FEAS T & Wit

5.1 [a]REfEIA

M 244k N\ (Network embedding, NE), /& M%7~ 5 >) (network representa-
tion learning, NRL), H A% X 28 1) 775 mi Wi B 4E 1 3R n 28 18] o 4R s
> RERE A TRAL G2 5 175 11 X 248 R THI i FO AR R Ve AU SR8 1) R, 9 Ak 3 H Al
RIE HFE2  2 it 1 = AR il s A2

RS A Rt Mg, — N AR ERAN R LS A BN, R
AR B 7 T RE i W] 5 s, — M AR A S ERAS R B 92 38 FEAS [F] 7Y
WA E FT#TAEE. BAkE, MR ARE (A 2— A HRE S SR A)
EA TR, S EREE B) —EE1IERKRRI, FILE A IR,
B e —/MNMNES T ITIHI B K AR, AR (C) s — ML 7
A, WS B S1EARRL, MBATE CHIRF, BE2—MIasErmmEx.
BRAMCHEBAHEGEKXRR, HBEMITIRTHERZ EEARM . XML
fEH M R AR 0L, Bl L EE B A EE S S AR 5%

©® ARFEFIETELL “CANE: Context-Aware Network Embedding for Relation Modeling” A8k R 1E 2017 S
FxZ AR 25 “The Annual Meeting of the Association for Computational Linguistics (ACL'17)” L.

55



$5E TR IORREAMERR

I am studying NLP problems,
including syntactic parsing,
machine translation and so on.

| -»
@ <« Co-author -p l‘kv/l ¢ Co-author-p-

éb

My research focuses on typical I am a NLP researcher in machine
NLP tasks, including word translation, especially using deep
segmentation, tagging and learning models to improve

syntactic parsing. machine translation.

5.1 FTSCRREREMEE RG] (At WOMSE ks iR EL . ALl
HFIERIEE)

ANE %R — > web DL 23 KU AS B IR R B H a2 2 R o . S8, H
AT A 1) 28 7= 5 21 7 1A A BE A BT AN 717 i 2] — N[ e 115 3R
I 3K 6777 T8 T i DA A I
o O B 2% R IR 2] TTEEAN R AL BEAY R AE 5 AN [F) 41 J5 58 HLIN A 3% AR 1)
7] 7L
o OV 2% 7 5 2] D7 i a) T — N BT A AR & I 3R 7 [r) B S AT e
AL, AEEATFEE L5t HlanE SRR A AWAH P, REMATLT%
AILFEBFEE, (B2 TAATE SRR P AR SR, )
IV L PR B 7N (61 = 8
N TR ER A, AR T BRSO RS KR 218, CANE, SRkX)
R A B RIATHEAER I AL, BRI, CANE Ref% AL EE AL & AN E
B4, fEizMgd, BN RAEEFERNIER, FluscAk, %
LR B R e s, XM, WA BT SO T SRR BN .
AR, TAVEIET SCARE B ML E, 5iF CANE IR
TEAR G N 28 R 2 ST o, AN BRI L — NS I R [ &, dk
f& R ERFEIR (context-free embedding ). 52 AH R /&, CANE 2R #5755
IEHIAR, NHABSEM M ERR, Wl B FHKERR (context-aware
embedding). AT i u FIEHIARFE T 50 v B, w B9 BRSO RT MRS IREEA
A, Tol u SR EHAT R . AT EEI A, w B BT SO R M 2% R R 2 iR
R R NENTY e
Hu 5 v KAEZER, AR KOS BHERT e B AT R B
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RIR . X T RN R, IRATRE JT R H O A P g 58, FlanGiRms
2% (convolutional neural networks, CNNsB4+-801) FI{FEILfHLE P 2% (recurrent neural
networks, RNNs®7881) - Sqagdt BRI RMISUAR R . N T S E N ST RIS
AT, WATERE ML R 5] NIEFEEZ VLS, SRR A u My Z (8 5 HAH
HE . HARFEZ TN GE T8 3 40 0 25 151 Y M OSCAAE S A 4R 410 71 R o
IME R, M2 2 B SO R B AR IR .

BTAE = B St A N 2 B 48 B AT 1 S080 . FERE Tl i S 46 45 R AeIE
7 CANE BHA M. 5 CF 5L, CANE BB S HERA X 15 5 2 1) 1) 8
Pk R AT @A, IAEIZAES FES T REMRTT. FRikz s, CANE £ /i
FAESS FAER T S5HeHTIERT AR, XA REE 1 3RATHE H R
VA

52 tHXTIAE

UTLeaEsk, B KA AS AR R e, SRR 7 SIHaR 1 ISk, HISRAgR
KA X 288 B 3 AT AT 55 o 540, DeepWalk ! 1] FH [l B LT AL S 0 75 21 ) 26 1715 A
P, AR JE R A I Zhial ) & Y Skip-Gram P! S22 3] 24515 )5 K7k . LINEIS Fi|
FH— B @03 B B &R, DA™ U 1A BB S R AT SR AR, SR =) R
B 28 1719 iR 7R o Node2vec!™ it | DeepWalk H B ALIF & ¥ 5%, 183 BFS
A1 DFS SRARFEANFJZ IR H 48 2580 o SRTT, XL T VAN AN BERS 5 R 19 RO I 2% &5
G R, TR T LRI SR R AE R

N TP R, R ESR T R ARG A2 W2 s U R (S
B flhn,  Yang et al.l'% $2H T Text-Associated DeepWalk (TADW), KA H A
& B B i a0 DeepWalk IR . Tu et al.181 $& H T B K 1E] B X 25 %
7N ] B Max-Margin DeepWalk (MMDW), KA Y s BOBR252800(5 8.5 ST
X 73 (I 215 fiZK 7k . Chen et al.® & T Group-Enhanced Network Embedding
(GENE), i#id 5l NG BoRIR S M FRHIRCR o Sun et al. P! 383K SCAS 24 B
—FRER I A, 2 H T Context-Enhanced Network Embedding (CENE), K [a] ) F
W 48 S5 R A3 BRI AR 85 ST 4 1 )R 380

SR, H AT O R 28 R 5 21 J7 ik R RERE 5 3] BT ST R 28715 j 3R,
BT R AR B AR A, R, JAMBCR T SRS A [R148 & 58 B 4
AARMER, 2T CANE K% 3] BTSRRI RN
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5.3 1=EAIEZ
5.3.1 [EIEENX

BBAFAE—NMEEME G = (V,ET), PV EZTRER, ECVXVETA
ZIAMEES, T &SN SCAE BNES. 8K e, € E RRHATI A
(u,v) ZIEIIR R, w,, RonZid LRE. ok, AT Sy e V IISCRE BRR
N=NHEBIFH]S, = (Wi, wa, .o own,)s 1, 0, =[S, | RRZTFIINKE. 5EM
RN W B NIZMN G R DT R v e V 2] MRYESHE R M E R OR,
W2 v e R R RMEE S 7 S KM g E BRI ERIE R, #lunse
. FRZEE, X, d < |V| NERTRILERE .

ENX 1 ETRXTFEMKRT (Context-free Embeddings) : 1545 K] W48 K IR 2
SRR TR p % ) BN U RIS KRR . W2 il, B SRR )
BRBEN, ASEEHEEH LR XER (B, ZERARET M) s,

ENX 2 FTRHEEMEET (Context-aware Embeddings) : 5&4if)% > |
TR TR 48 R SRR 1) /&, CANE Refe Xt — M1 i, R4 TN
FRCARE, FEAARPRRRE. B4R, ST —5%14 e,,, CANE feff
> ETFSCHREIR A E v, Ml ag,).

5.3.2 HEIEFR

N T A BRI F R 4 75 1) R 48 S5 R 5 S AT N A SCAAE 2, A3 s 1%
TRy R R R E, 2R T4 RRAE v LR T
MR RF R v ST E5H IR R R RS I T MM SRR R, kT
SRR R AR RS P TT m EIN SCARE B 4858 1 R AR, AT AT
CATRERL X IX P EAT HHE, BRI R RANR R v=v oV, i, e ARAE
PHERAIF. [EEBEMRZ, BT IORMRoRAE v Bl DU BRSO, dn]
Lo B ChRM, BRI SR AT . S OARIR R v
e BN SCHISRIR ORI, BHER B R Z R A E v BRI B SCHRHIR
o

Za 5 LIRIIE X, CANE H 12 /M T H AR e £

L= Z L(e). (5-1)

ecE
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XH, REARUR bR KL Lie) BE IR E

L(e) = Ly(e) + Li(e), (5-2)

Hrf, Ly(e) o3t T 45 HARREL Ly (e) AR T SORI B br ek 2L
FERE T ORI, Bl T2 70 BIRZ P H AR s Bs AT R A A 4
5.3.3 ETLHEIIHBFREH

AR, TAUERBE G & DA BN, RO T I M Esks, &5
Te I AT CAREAL M 26 AT R REBCEE L 5 TR AR S I T

PRI, S5 R ) H A bR B H 2 R T Z5 R X 28 s R iR — 26 1)
T A% AR AE -

L(e) = w,,, log p(v¥|u?). (5-3)

KA LINE [, 3T € LA (5-3) H v 451 u IEIFBER -

exp(u® - v¥)

ZzeV exp(us ' ZS) .

p(v’|u’) = (5-4)

5.3.4 ETNABBFIRRE

B SR 2T AR AR E OB B Bt RATRI XL AF R,
Pe IR T SOARM BARBREL, SR 24 MU SCAR R IR .

BT SCARM HFRREL L () PTUAB BT E PR N T AT 4500110 H br ok
B Lo(e) PREF—E, AW R E X Li(e):

Li(e)=a - Ly(e)+ B+ Lis(e) +7vy- Ly(e), (5-5)

H, a. gy SEHIA RS E. 23 (5-5) ARG HE L

L:i(e) = w,,, log p(v'|u"),
L.s(e) = w,, log p(v'|u’), (5-6)

Ly (e) = w,,, log p(v*|u’).
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NI (5-6) FHIZFAFBERDRIE 71 PR R OR (TS5 R Ak
TR R G R Z N, BA -8k, B ERMESERRA A
ORI EEA] S eMEE. FRER, AR softmax pRECK THRX SR MFRER, W
A3 (5-4) Fios.

[ DAFE (9 W 26 3R 7R 2 2] J5 i —FE,  CANE HH2E T 2540 1)1 R R il > (i 2
MZH. BN T3 ORI mRo, 319 Bl 17 = N i SCAAE B A5 21
‘B BAh, FET ORISR FE R LIS B SO R EE B SO 77 A5 2.
FE NN, BAT 220 PR G AR5 2K

535 LETMEXHIXAERK

TEHRE S MG, AR 2 e MR, @i i i 7 515k 45 2,
NISCARR IR, BIHINEFIAPZ R 2% CNN B8 I PR HH 28 /X 4% RNNB7:881

FEASCH, TATRIL T ASFERSCA A 22 N 4% 777%, B55 CNN. Bidirec-
tional RNNP? DL GRUPY . i fim, AR 7RI LT H) CNN KA SCABEAT 2
B, H5HETHEMEL, CNN BefS e 238 2 8] 1 58 15 SCHOBOC & o

AN N R B R SN, CNN JE = 2 P25 Rk 73 2126 T SUAR R
N, B BRZE (Looking-up). HRZEANILE .

ER: AENDHEFYS = (Wi, wa, ..., wp), BREBZFIFHHIE N w; € S
WL A RIRAE, AT BRI ] [A) & w, € RY, SR A9 3% 5 410 B 1 1] [r) & 7
TIS = (Wi, Wa,...,Wy)o XH, & TIRFEFEMLESE.

EM: W MEFI S, BIRERYEZFFI T 15 [F) &2 8] R R .
B, EX— NN s E O, BRZERIH— SRR C e ROOGD
Rt B G ZEHRHME, TN FR:

X; =C-Siiyim1 + b, (5-7)
HA, Siiy BaH i MENE R mERNPERE, b SREME. FEES
2, AT THRyiagnaEileE DT ¥ 2aEz Y,
AL N TR SR SCRR R IR R v, AT X BRI A R {(x, .. xL ) ik
1T B RMALERAE RN S M AR i, W R Foas:

r; = tanh(max(xj, . . ., X)), (5-8)

B e, FATHRL T O R B SCAAE B HEAT CNN Fafith, 193] 177 500 B S
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REFTRIAEV = [ry, ... rg]" o RS EIRTFESRE, v 51795 500 R SCAAE B
AR, SYWRAHEMAELR, FIERAIARZ N LT R SCARERR .

53.6 LETFMHEXHIXAFER

O Tt [ —— — !
'\ Embedding U=P @ Vw=Q & ,'
—_— -y e _—_—_—T A — ———
2 e S q)
. a” (L1111 F [TTTTTT]a"
| | TTTT] o |
| | ; Column-pooling + |
| L] s .t s softmax :
| Row-pooling + T |
! softmax i !
| |
| |
| |
! tanh(PTAQ) :

|
: /T\ |
| |
| |
| |
| |

|
| P Q
| |
| |
| A |
: Convolutional Convolutional :
: Unit Unit :
| |
| |
| |
I Text Text :
: Description Description |
[ [
2 s S \
: Edge u V !
N o 2

K52 EFSCHRCRR R RERE

IR TR, 7£ CANE H, AT M —AMRe € 079 AR S A AR R A T
PR P EE A F A . W2 Ul, B SURZON T AN R 4B JE 7 s ST
AAE BAARPGE S, W BN XUHKR AR R

AR, FATRA 7 EAHERZ VLS| (mutual attention) KRS F R SCHK
PICARR IR SHLEIRERS 45 CNN H i E S — 234 E WA SO, sk
SV, AN R SOAR(E BRI S ) A — AT RSO R R, IR

fEE 5291, JAVGEH T B R CAFR R M ER ARG T —%A e,
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CARK SIS SCAR 51 S, A S, BATTRENS 18 1 5 AR A4S 2P A e 51006 LA
REER P e R M Q e R . XL, m M n RPN TARFF S, 1S, KK
JEo I GIN—MERE I A € R, A TTHEAT 2 WA SCA Ry 51 22 18] 1) S 1Bk
FFEF € R™", 401°FPiR:

F = tanh(PTAQ). (5-9)

Horp, SRBGEREH AN TR F ARED IR & P, M1 Q; Z [AIAH ¢
FERE.

bEJE, FRATDN REREEFE F 20 5l AT AT B A 51 Al (A7t ANz
1), REBIRE R, SLIH, RATRI-F4E (mean-pooling) FIRURL T %
KAt (max-pooling), [Hith, FRATRA WIS KAt b4k kA5 28— ACE

gf) = mean(Fi Ts oo oy Fi,n)a

>

(5-10)

B

g} =mean(Fy,, ..., Fi)-

FFEP A Q MBLE M ES AN gl = [gF,....gh]" Flg? =[gl,....,g0 .
BT R, FRATRHA softmax FREL, KA HIAAUE W &FHATIH—, FR1RLNE
HEAIE gP Flogl. B, a? E i NITEN:
» exp(g;)

al = . (5-11)
Zje[l,m] exp(gf)

R, R u Ay [ BRSO SR RN [/ N

i _ PaP
u(v)—Pa,

— q
Vi = Qa’.

(5-12)

PR 15 10 S0 2 B2 R TR, B AR AR b S
FR AL R S SRR R

20 (), FRATIEL AP T4 O AT R SO SO AR
BT B, A BT AL T SO 2R 1 ) = weu!) Flvg, = vev, .
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5.3.7 MUEZX

fRAE A3 (5-3) MAT (5-6), CANE HERZMAL u e {w',uf )} Al v e (v, v }
Z IR . AR, BRI softmax BRECR MR GIZ A& AF R T ST UK
Rk, AR FCRFESE L (negative sampling) ¥ SRB BN SR E R 4L i
i

k
logo(u” -v) + Z E,.pw[logo(—u" - 2)], (5-13)

i=1

Hrb, k FROBIHEE, o £ sigmoid BEL. P(v) o« d,*/* FoRxTi B0 A, d,
TR v B,

WIE, FATRH Adam® AL R AL EE T ORFER H bR £, 72
)72, CANE dEHE G FFEA (zero-shot) 375, XHT1A 48 HIH 15 A, CANE
AT DARI R 2R3 B CNN SRAR BCE I SCAR R R ) o

54 SLIER

N T3 UE CANE X 19 i 2 [8) 5k R AR A AT R, BATE 24> sk i Bl 48
EREAT BT SR . BEAL, RATFEFEREAT 10 R 028500, RISIE B R SCAR
R RN RE TS B R B TR SO R RS

541 HEHE

FATEEL 7 W R =AM B L A7 5250

« Cora®/2Z i1 McCallum et al. 82 A4 g Ff) LR FR) 2RGSO 5| FHINZ% o i s i L
TEPAOEUARBERNTRZE, T 2,277 WHLEF ISR, X
SRR T T 2K

« HepTh® (High Energy Physics Theory) s&H Leskovec et al.[®l A FFfIkH
arXivO i = R B A AR SCHAR AR . FRATFIFE L JE R 7 AR S B B ik
3, AR 1,038 Wik,

o Zhihu® 2 F E R TEL M & 41X . Bz, HPSE X, FH
B IEOL IR ) 8, FRATTBEHLINEL 7 10,000 /M ERHIH 2 UL EATT 2 (8] 2

https://people.cs.umass.edu/~mccallum/data.html
https://snap.stanford.edu/data/cit-HepTh.html
https://arxiv.org/

https://www.zhihu.com/

® e 0o
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VERR, FHIEAOAI SRR TR ) SCAR R IRE A ARG R
RF X ZANHIRERN ARG THE B R 5AFR:
51 HURESIHEER

iﬂﬁﬁé‘ Cora HepTh Zhihu

#5 12,277 1,038 10,000
#14 5,214 1,990 43,894
# 255 7 - -

542 EERZE
BATRA T a0 W RITEAE R, AFROUNIE T S5 M A% S i N 45 3%
AN SIREAY, DL R (R I 2 18 ) 24 S A N SCAAE SR IR ) 2% R 2 S AL

ETHM R A:

« MMB" 7 (Mixed Membership Stochastic Blockmodel) #&—~ #1784 {41 X S e £
P EIER AR A, A AR SR, BN R B A
ZNGILENER

o DeepWalk™ 7E /2% b AT BEATLIEAE KSRAT 9 P 1, AR5 R FH I ZRm] 1) B )
Skip-Gram B8 BT S22 5 i 28 45 fi KR .

o LINE'O) 355 55 2 8] ff) — B QB30 FE AN — [ A1 30 o 3k AT R, S >0 KA R
28R 2871 R I

e Node2vec' %1%} DeepWalk 15554 H (1) it ALV A& S W& 24T &gk, FIH BFS A
DFS R EIL, KIKIAFZ IR N 28 450015 B .

ETHEMFL A4

* Naive Combination: A 144 b5 bf 12 T 45 K (R I 28 R o~ A& T CNN IS
AR HAT RS PHE, RS2 R R & .

o TADWUOU SR HFERE S AR EITE S, SREE 71T MUK U E BN 51015 8., %
SHE B MZE T RN

o CENEPY Gl 1R SCA AR R R BT 1, SRIFJIS A FH 9 2 v () S5 1) 45 B A
MAER, NTART R E R &S, 2 ST R R .
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5.4.3 TEMNIEFRASEIGIZE

X T RERE PS5, BATRAH — M HERTFlFE bR AUCPS, Z3Bbn R s AAAE
(R b AN R TR] R AR DR T ANAFAE 4 P71 R B BE 2

XA R HRAESS, BATRA L2 IR IZ 4 819 73 288 (L2R-LR)“ SKi)ll 25
TR SRR, AL, AR AR RN A R T S 2RI R

NT AN, AT A B R R A 2 4L R BN 200. BRI CANE, Jit
AR R R RE R G E N 5. 0T LINE 773, AT T—Br 2R —
Br@BI B2, 43 0% =) 100 4ER R R &, B JEHHE K 200 4E )R 7R A & . 7E nodevec
A CANE 1, RATTRHA MR RN TTE, RIEFRNERF @S i, AT
gl B, JATE CANE i fhpIEE k BN 1. N T RAEEEMER
FTIWLHIRIA T (5-3) (5-6) PRI AL HARR B A A, AT T =M R
CANE #i%Y, 45 H % U AFK IR CANE with text only, AN &7 & JIHLHI )
CANE without attention DA} 5¢ %] CANE.

# 52 Cora BUBREHHETMMER. (@=1.0,=03,7y=0.3)

Yo L BH )3k LA \15% 25% 35% 45% 55% 65% 75% 85% 95%

MMB 547 57.1 595 619 649 67.8 71.1 72.6 759
DeepWalk 56.0 63.0 702 755 80.1 852 853 87.8 903
LINE 55.0 58.6 664 73.0 776 82.8 856 884 893
node2vec 559 624 66.1 750 787 8l1.6 859 873 88.2

Naive Combination | 72.7 82.0 84.9 87.0 887 919 924 939 94.0
TADW 86.6 882 90.2 90.8 90.0 93.0 91.0 934 92.7
CENE 72.1 86.5 84.6 88.1 894 89.2 939 950 959

CANE (text only) 78.0 80.5 839 863 893 914 91.8 914 0933
CANE (w/o attention) | 85.8 90.5 91.6 932 939 946 954 951 0955
CANE 868 915 922 939 946 949 956 966 97.7

5.4.4 SEETN

W 5.2 5.3 5.4, FRATECEAS RIS B AE LR BE A [F] LU A 0 i 17 0 T
(15% %] 95%) R R . TEFERMZ, DIAVMURE 5% L, ML
H IV 22 1 U BRCARAE T A, A7 X 48 0 R 2% ST AU R 2 =) A 3800 1 )RR .
R, FRATZME T A AR Z IR LG T g . AR egE e, FRATAT LR
-
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%53 HepTh BREHHEMMLER. (@ =0.7,8=02,7=0.2)

Yo L BH )k LA \15% 25% 35% 45% 55% 65% 75% 85% 95%

MMB 546 579 573 6l1.6 662 684 736 76.0 80.3
DeepWalk 552 66.0 70.0 757 813 833 &87.6 889 88.0
LINE 5377 604 665 739 785 838 875 877 81.6
node2vec 57.1 63.6 699 762 843 873 884 892 §9.2

Naive Combination 78.7 82.1 84.7 887 887 91.8 92.1 92.0 92.7
TADW 87.0 895 91.8 90.8 91.1 92.6 93.5 919 091.7
CENE 86.2 84.6 89.8 91.2 923 91.8 932 929 0932

CANE (text only) 83.8 852 873 889 91.1 91.2 91.8 93.1 0935
CANE (w/o attention) | 84.5 89.3 892 91.6 91.1 91.8 923 925 93.6
CANE 90.0 912 920 930 942 946 954 957 963

# 5.4 Zhihu FHEEFEETNSER . (@ =1.0,=03,7=0.3)

Yo {1 BH 113 L5 \15% 25% 35% 45% 55% 65% 75% 85% 95%

MMB 51.0 51.5 5377 58.6 61.6 66.1 68.8 689 724
DeepWalk 56.6 58.1 60.1 60.0 61.8 619 633 637 678
LINE 523 559 599 609 643 66.0 677 693 71.1
node2vec 542 57.1 573 583 587 625 662 67.6 68.5

Naive Combination 55.1 56.7 589 626 644 687 689 69.0 71.5
TADW 523 542 556 573 608 624 652 638 69.0
CENE 56.2 574 603 63.0 663 660 702 69.8 73.8

CANE (text only) 556 569 573 6l1.6 636 67.0 685 704 735
CANE (w/o attention) | 56.7 59.1 609 64.0 66.1 689 69.8 71.0 743
CANE 568 593 629 645 689 704 714 736 754

o TEAFEIFERYIGREB T, BATIEH K CANE BLAL LT IS5 HE 7775803k
5T WEMIRTE. XEesE BRI, CANE REUSA SRR & 2 (8] ¢ R HEAT
AR, M ERERE TAT 55 3RS T 337t

o TEIERMZ, CENE M TADW WM ELEA R ZR LGN RCRAEH A
E o HARKUL, CENE fEYIZRHBMRAIIEN TR 2%, FNE S TADW S5k
R, B8 T EZHER S, XSS HAE NG A LA RES 2 2 0%
ik, 5 CENE AR[F, TADW ZEARYIZRELF] S0 R I, X 2N
5T DeepWalk HI7VERMEEF RA RGO, tHEeW 8 BN E K77
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PORFEHIRFU LG 454, RN R B AT BRI 1)@, PR, TADW ££ =l
ZRLLBIIG DL T R, Xt TR TR, i Hoa 32 SR AR B s
BRES . BT EIRPIRPIER, BA TSR CANE fEAFYIZREL IR 15 00 T 4B
AHERENIETE. XM T CANE & FEIEAE RN E
o MRS ANTARER ML, CANE %23 2 R SOH ST R AN S 1 IE
TIPS PR AL 2 3 B B SO R 2% SRR RS T B R T, X
E 7 FATIEE B AHLHIR S R SO SRR AR A A S B . i
bb, XABIRUE 7 RATAIE, A1 A S A R 408 58 ELIN LA FEBLAN[R] (1
fth.
« £ CANE 1, FRAMBGA RN i 3R B 35 ik 1 S5 M R AN B - SOAR FR) 2R 7 T
gr, BT R AR EG FATTIRIE 7 RIE8 1T s R S5 R om AR R
M —BWEA X 0. 5 R RECARERRN CANE ML, 51 ASTHR AR
RNH] CANE t3R45 1 B A3 TT. IXLLL5 KW T CANE 5| NS5 HRIR
AL R AT A A A
B, BB LTRERY], CANE B85 ) @ iR I B R SCH ISR M 28711
Ror, REMGAT OIS U 2 18] (1 5% AR BEAT HEM IR AR, BEITAT Bl 9% ml 22 T8 (1
PRPNAESS » BERETIN A L5045 R tBIGIE | CANE KA REA &R

545 Timao3

100 T T T T ! ! ! T T T

90

80

70

Accuracy (x 100)

60

50

5.3 Cora #a T M KGR
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£ CANE ™7, BATREBSARYE 17 A E IR AN R 22 ISR S o JF
HEMAE, XM TR SO SRR RES B ARG T REE TN E 55 . 2R,
AR RIS RIFEM G T EST, BANT E DRI &R, mALZE
NSO IR R 25 75T R IR

N T IRUE CANE WREWE ] T H BRI AL 5%, FA T —Fh i 5175
2o RBEAT R BT SCHISR I M 21T Ao, Btk oy — e R BN SR
RN RN . HAARRYL, BATE T A R T B R SCH S B R 4 Rom AT 1
¥, REIENERER, WHIR:

u= % Z Uy,

(u,v)|(v,u)eE

K, NRRT A u i BRSO SRR E .
R R ITEA SR 2/ mRR, AT T 2 R XEUE, RICHRFY
H7T s SRR R . Wl 5.3F, AR LUK I :
« CANE 7E91 i RAESS B3RS T S5l 771% CENE AT LLIAUR . 1X R B
CANE 2% 2] Bl R SCH G M 26 15 i 38 7 Re i 1d 1k 17 2R 1 O =X 0 v ol
) ETFHEREIMTT MR R, R RN RE R, ZEHIE T
CANE Rt T H& B 2% 40 BT AE 55
o I I AN T AER JIMLE], CANE 777 5570 AT 5% B RIS T B3 15Tt
A5 R G R PINAE S R S5 R —8, R 1 7E CANE 5| N BAHER
FIRLH ) A BRI R

5.4.6 =l

NTEHMEIER CANE I ARVE & S HLHI 6 T2 8 RO AR AE 1 R
AT T A A 715 B0 (SO B IG5 Rt AT T AE ATk . il 545K,
AN B AR R S, BERRER, UERZ 1 PR RO . BN AR
MR CANE HF SRR THEA R BACREL, RATE R E A G-11)
THEFNERE O RESE IR E. RE, RATEGEE O 1A 55 B2 5414
Fo BE, BATE—NMERERIBEMN, 15238 REHBE.,

TATIR W T ARE R I, A4S 2 [ o6 R B ORI Pl AR . 3RAT)
M Cora B4 HHIE I =/ MFEEGI F R RIR ST, e 9 A BFIC. W 549, 3K
TR, 58 AR B UL AR C ZIEHAEESI R R, (2B M C 5 H A JER
ANE, EMERET AMARXAER. B—44tE, A PRRETEW
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Edge #1: (A, B)

Machine Learning research making great progress many
directions This article summarizes four directions discusses
current open problems The four directions improving
classification accuracy learning ensembles classifiers methods
scaling supervised learning algorithms reinforcement learning
learning complex stochastic models

The problem making optimal decisions uncertain conditions
central Artificial Intelligence If state world known times world
modeled Markov Decision Process MDP MDPs studied
extensively many methods known determining optimal courses
action policies The realistic case state information partially
observable Partially Observable Markov Decision Processes
POMDPs received much less attention The best exact
algorithms problems inefficient space time We introduce
Smooth Partially Observable Value Approximation SPOVA
new approximation method quickly yield good approximations
improve time This method combined reinforcement learning
methods combination effective test cases

Edge #2: (A, C)

Machine Learning research making great progress many
directions This article summarizes four directions discusses
current open problems The four directions improving
classification accuracy learning ensembles classifiers methods
scaling supervised learning algorithms reinforcement learning
learning complex stochastic models

In context machine learning examples paper deals problem
estimating quality attributes without dependencies among Kira
Rendell developed algorithm called RELIEF shown efficient
estimating attributes Original RELIEF deal discrete continuous
attributes limited twoclass problems In paper RELIEF analysed
extended deal noisy incomplete multiclass data sets The
extensions verified various artificial one well known realworld
problem

K| 5.4 Visualizations of mutual attention.

“reinforcement learning" 5 1a] I ; WXt T 28 4514, A FIBLE 3 Z 4 43 B 2 “machine

A L 19

, “supervised learning algorithms" A} “complex stochastic models" 5] I o

BEAk, A R ISGHHR AR BE S AE B AT C TR R BN MK PR, EARVE R B
T SCAS AN [R] B3R AN [ SRR, SRS 18 SC 22 18] (9 5| 5% R EAT B RO Ae o X R
DL U0 2 TA) S 35 ) SRR AR IR IE 1 FAHVE 2 UL i)A 2t BA & CANE
XY R IR DG R HEAT HER AR 1 e
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55 AE/NGE

AT TAEF, FATE TR 7 LR OHRMERR RS, BURSES ER
SR M 48 KR CANE #5274 . CANE BEWE IR — 1 A AT AR, k5
2B SCHRII MR s . BRI, SRAESE T 3OR 5 B4 5| AL
R IHLH], R3] BN SO SR M ZE T 3R 1R 2> FL S A X 45 24
& ERISEIR A RN, CANE REWS 535 (IR T EERE UL 55 OO - k4, CANE
7 2RI R SO ORI 2% 71 e o 3 3 fal B F) 07 24 Rl o B 11 7R SO SR IR
IRRIR o
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£ 6T MHEMESXRMEARKMERT

FERT—ANET R, AN TAEMZE R IR ) 2 85 M S CAE &, K
X R IR AR B R AT AR, IR ey BERE TRIAT 55 B AR . ERR IR Tl I 4%
Foon i 2] 77 AR Y R TR ) 9% RBAT — @ R B IO AR, (EL X bR U7 2UAS
BEM. [FN, O MR RS 2 TAR AR X 28 rh 122 A0 s — o B s 25fA
M2 T EFEEREEE. A, OF L5 T E 55 I A BRAR 1 1 i &
28 R 2 ST T i ) ) 3 0GR AT BRI e

EARZT TAECH, FATE XN OAME ST TERA R, R THEXA
i EUE 2SS (Social Relation Extraction, SRE) , R & WX 2% 3£ 78 57 S A B T35
Z AR A O R AT @ BRI B BE 7T, t—2D ), N TR A O R AR
TATRET S ANAE BAT NGRS, SE 75 TP 8 (1) W 48 3o 2 ST A
A, TransNet. 1EFSER R A 228 HE 48 B seie g RAR, AR H K
TransNet 178 GE 6% 5. 25 IF2 TH 4123 ¢ R BUE S I RCR -

6.1 [o]RREIA

WA R 28 TR (Y i, 8 i 2R 090 BRESR U0 B R ) 1O 25 oA 4 )
WSS R E E . AR GER0FE T 75 B WX 28 3 7 38 W THT i 5 A g 1 1) AN T SRk
AR WA R IR ER . W8S . BORE S AR SR R R, R RS AL 2
P2 R 28 o 2 ST R 1 R IR 52 20 H IR IR 28 Py s 52 2] — MK
eI A RN, X R ER NS PR R E, N B EE— 25 1 R 45
RS H

ITHEAER, V2 M RR ST IRANBR I . 1K L8 R 2% 27 = ST R 224
AR T L R AR A A B O B BRI SR I R kR, B4k, —
BB 22 s 2 2] AR SR 485 ) I S A (5 S RN T s s, Bl SCARS
S OOV RIRR A5 5 1591021,

ERERERRZ, KRB MMEERRT S TIERN 10 B3 1iE SR
N IR 2% () BB LA FRCRT 70, 320 S AR W 2% 3R 22 ST M 28 73 AR 55 -
fa AL e B E LB . AR, XM BRI AR TR S ST RS

© AZEFFETAELL “TransNet: Translation-Based Network Representation Learning for Social Relation Extraction’’
N R AE 2017 1 [E BR 2 AR £33 “The International Joint Conference on Artificial Intelligence (IICAI’17)”’
I
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AR . FE R SCE M2 R, Y R (B A OB W 4 & % ' 2R . Bl
an, ARSEEAR T, T F AN SEAT AT RE R T AR AR AR
grf, AT S AN SO I SR T vt T REH T AN R IWE SO R,
R B ERIR RGBS AWM SRR R AR L

AN SN

AR TEHEXAK B LRIR R FREES
/R IR IMEN

6.1 Hh2 IR AR A KRN E L

EARZFER TAES, TATELIRE 72K R HL (Social Relation Extraction,
SRE) MRS, XS A2 P28 (1) 5¢ R AT @A AN TN o 23 5C R Al FURT 1R (] i
W OR R AR E AL FERR BGOSR fm B, R R T2 A TP
FE B RIAR TR 2 SRR, 540 TransEU . SA0R RS o ()5 KA EUCH L, #EA4
KA, A TUE XAFHIR RN, R, 9 R0 8] 50 SR 5 Bl e eAT158
BHISCARE RS (Bilan, W 2 malERRIeS0 .. Fik, WK 6.14mR, 1E
R RBBUESSH, AT PSS CF 1 BRTE SRR, 640 5B il #l B
T 4 SEAR UM S, NAE B SCAS A YOG B R B A 44 SR, SRR RUZ AL
HRR,

FE22 O R EUAE 55 AN BEAR 17 I 4 A 1R X 248 3R 7 2 S R RTR R R 25 21 D7 Ve
o ARGLHI 2% R 5 SRR 7 2] i RoR g A, A28 EFEER
WHUE s ML R R R 2 ) J7 i — AR EARTE T PR AR 2 4 2
HEAFRI . WG, AR RN RS EE SR FB1Sk th, A 18% Hskik
X2 B AEAEAE 22 % RARAE, 1At X 28 H5 40 4 v 19 22 AR R 10320 1) B A9 B0 T i
P v R B A5

N TR R, FRATTER T AN R TP AR R R g R e S AR,
TransNet, KRG ERIZARZEE . S FRALHIE I H) 55 R B AR R R 10,
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W RSN IS & RS A S B — W RoR B 1A], IF HeR ASE AL
HREB A WA H, Wi, —%iA ERT SRR RNIZR S8 LT
MR BRI R N T R ZAR25 1) A @, 7E TransNet o7, AW T —
BBt E RARIEAR S G UM R R WA, H3h9mh 2% 1 E AL 38 40 he 8
FAR PN ARARE D R RAREE, Wi AT+ 22 0¢ R EL
N7 PENAL 2 R RIS IR, AT T =D E SRR AR M 2 5 4 .
SLEGEE KW, TransNet 54% 58 P 28 K ox 57 IR AU H TransE AHEL, 7EAE KR
HHHUAE S F3R1G T B3 B9 . X R EIIRATIE H (1) TransNet #5286 T 9¢ R @A
TR _E I RCR
BARYL, ANETAEFEZEALUT LS oTik:
o WATE IS T AR RHMIUESS,  FRA 8 N 48 7R 5 IR T 2
(] 5% 2% () A AN il i
o WAMRW T —DHr B I T8 B 28 KR 2% 2 B8 TransNet, R&5G1
FE M8 XAFE . TransNet FHFREALSIREBARLFHIRT T AL KRARFIRZH
[RIAZ FLIEAT AR AT o
o WATEE I E T = DA R A28 R IE L. SLing KR,
TransNet 7E+E23 % RMIE S W Z LT OA 1N 28 R IR 5 2 J7 R H1R
TR 2T

6.2 tHXI1E

ITLEAESR, W48 RN 5 2] OB 298 U — A AT 7207 ). AN TR PR
28RN NI EA W IR, X LT AT LUK 80 70 8 = A2 DeepWalk !,
LINE'®), node2vec!”™ I SDNE®! S ia{HR 48 17 5 (1) JR 308 90 28 45 4445 S8R 27 > W 28 715
MR WAk, — L8 T AR SR FH N 28 th AR 72 () 4 R A5 B R 1 I 28 717 s R 7R i
&, fFltn, GraRep A1 MNMFU, Ak, Gifar 78 X 28 R 7R 2 2] i R H k& 44
R EE, TADW OV I i 0 B 3 ok 45 5715 iU SCAE B MMDW B A
DDRW U102 3@ it &5 &1 U ZRIAR MG ., SR5: 21 XA PR 48717 s R0

SR, XL ) TAERE A R P EFEEREUE R, AR
(158 R AT B BT . EAE R, R RIS R AR P R A0 g Y
AR5 11051090 B i AN A R 0 R B B SO BOC RS Sk =F i AR B .
FERNVR B T 0, O¢ R HCGE B W @B R R RS, HETFERVEZ KA
(IR, #1150, Freebase!''), DBpedial''!l PA K YAGO!''2! 45, Al ghk R 402K
AR T RN R . AT, FEAR Mg, R B AR R ERE,
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M AT R R E CABRIE DRI 9% J1. N 7 i vazin @, ATRERHCH R
NLP £ AR M5 158 B 1) SCAH B 3R i 20 ok Rk -
AT A NI 2 TR PR 96 2R 0T Ok AR I IO AE S B 2 7R ] [H) 2 3R o
A4, Mikolov et al.!>! I 1 18] [v] & 2 [B] [P FRE IR S, 1, “King"-“man"=*“Queen’"-
“Woman". 7E51VLEUES, Bordes et al. "% sk, R RBEAEAEG — K= H]
PR EAE, WAL RE “head"+“relation"="tail" . ZIXYFFEHLHIHT A K&, FAMERK
FEAL 22 W 2% TR X 28 715 fUZ TR R REAFAE PR, JF B T TransNet B2 K50
PRSI AT A
FE2 08 R A IS F0R BEE A 5¢ RAHHCE R A OC . AR B 1) 5¢ R A EUZ
XA AR ERITY R EER AR, FIRERRSE 77, 0 TransE!S), £4
9 1R P 50 R 4 B BT B
FEARE TAET, AR TH SR RIMBUESS, KX 2815 mUZ 18] [ 5%
AT @B . 5 AR E R ) O RAUEEL, ek R EEE WAL
FIANFE:
o FEFNREIE A, KRN BAR I I TUE o SERZ H R R A KE
REIREIN TARE . MBI, Hha R RBUR B H) 2 — N s, Hrh,
TR AR R R, WE RS AT B SCARE B

o fEALZMZE T, T R AR BRSNS H HAER 2%, AR rH
—ANBMIFR RN . BRI, A B SCAR R I OB SR A SR RO T
[ 9% SR AR B R X S8 5G] B % AR I () 92 280715 2 18] B2 2 1 X
EE, MRS M AR R BN TR . Ak AU o0 R
1€ SCHE 6.1 77

A b, TR E A2 R A[AMPUES « BOAAE— 2% G = (V,E),
Hrp v RN RES, EC(VXV) NN RZIEANES . b, X Hbr
T, PREMAE SN Epe AR, FATHT S I8 R 8 SN — M
BEA, MAZREM— MR, Bk, XMTHR% e € E, MNEFREEEN
[ ={t,t...}, HAGMREE t € RE—AEEIFREEIRRE T

WME 6207, 258 BN MG L RFRERIRSE S Er, tha X R/HIH
()7 TR R FRFE A S S Ey AR SR SRR &, Rl B SR 00T B B A o¢
o XH, Ey = FE - E, R ARWERNILES.

6.3 #1RAUHELR
TEARE TAER, FRATCH Wil b IAR2AE B Al A 3 W 25 Fe R ST v
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K62 takAMPUREA

Edge Autoencoder

- - - - Y Y Y  ----_ - =

—_———- - - - —_————eeee e e e~

/
I

: Translation
 Mechanism
\

—_—— e e = —_————e e e — —

___________________________ t_________._______\

(
I Binary Edge
I
I

Vector geX JYeloX Xob

S —_—_—— e e — — —_—_———e e e — —

(
bel
: Edge With Label #2 Label #5
| Multi-labels @ =@
|

K 6.3 TransNet f5 AR & K

W& 6.307~, TransNet B& PN EE Ay, WHLE T RHLH AL R .
R TR/, BATE 5645 H TransNet F-FREHLHIRTEGEN2H, BEJE, FRAT
I RUPTRYE L LIRS AR S ERRMRIR . Bn, A4 H TransNet %
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REIEAL B b

6.3.1 FHHH

SR WLHIAE 1] ) B 3R o 21 B I FIIR R R = ST U0 g Rk, A MR k&
R 28 71 5 1R A2 AR BE 8 R 7 Jl R s 2 8] o (R P A 4 A

HARKUL, W TRKIL e = (uv) FEXN MEFRZES [, 1Ay BRI EE
SRR REFEIE 1749 1w WIROR AN BB R R R A & . i T 485 fU7E TransNet
PHEPIA M, B SR R B R A, BATS TR A v SIAPIAF
o v AV SRR RS BT AR AR T R &R . BEJE, WA u, v AT e Z TR
PR B AT A

u+l=~v. (6-1)

KH, 1 RRHREES [ REMANE R E. BT RSN 6329
TEAH 41

AR RS R d(u+ L v') RBEZTCAL (u, v, 1) FFE AR (6-1) MFLEE. L
BRA A, FRATRA Ly SRR RAE R S ek 2

s ke X, S TRAN=T04 (u, v, ) AE XTS5 (@, 9,1), TransNet f)
RS HR O3 IR0 2K R E U

Lirans = max(y + d(u +Lv) - d(@ +1,9),0), (6-2)

Hrfr, y > 0 NEIRIGESEL (4,9, ) RGBS N, FORFEHR 5] SufE
B HIE AT

N, = {@v,D|(@,v) ¢ E} U{(u, 9,D|(u, D) ¢ E} U {(u, v, )|l N1 = 0}. (6-3)
AR (6-3) W, kAT S BUETT S EENLE e R AN AFE R 5, SRS
BEAL B e AN AZ IR A o

N3 (6-2) P RN R S, ML R IR W2 d X R AR R AR 5 A
o BARMENRESAE T —/ N
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6.3.2 AFRRE

1P 6301, TATRA T —MNEE HSha IS M B FR. EBhaminas
FOTE A L2 2 AN AR AR, KN BRI A WU B 4R 73 2 1)
AT 3 ) B M FRARATE T R RS & T N IAR SR A I & B 18
BT RIS, BA12 AN B BRI ST R

BNBRET: TR AT LK A AR AU R R R . BRI, e — A
WSS | = (..} BATHEIN R TER R s = {5}, H, s, =1
mE s el, B{Ns; =0,

AT, AR AR B TR R s ENMN, [ ERTD e
O BRI AR AL 5040 B0 5 22 2 AR AR M, 4 F T

h® = F(WDs + b)),
(6-4)
h® = f(WORD +b@)i=2,... K.
Hor, K R AR A 28, f FRoRBOG R hD, WO 1 bO 735 R 5 i 2
RS A B AR H A0 i L 7] 2
BARKY, BT RS BN &, BLIRATRA tanh 0% BRECR
FEIPA AL R A& 1= WK, tbhh, HTRIARE s N oo &, FIIRA7E
B e — 2R sigmoid T R BURAT 2 AL B [0 S5 8.
B H 3D IR F A d N a) &M A A Y 2 TR R ER
i, B BhgmAL s B4k B AT DU ALy

Lrec = ||S - §|| (6'5)

Hrp, AT E5RR(6-2) RFF 8, BATRFERM Ly B8R A & A 7 B A=A
F a1 TR PR R

SR, TR FERMGE, [Es TR EEE TIEEuritE. X
BWRHE Hah g as T EM BT, ARIEETC. XM AR EHATHH bx
BT Bk, AT T AR RBEEARBE, REFE LA (6-5) T
KeRH, N s

Lae = |l(s —8) o x]], (6-6)

Hr, x £—/MUENE, o %) Hadamard #Hl. 5T x = {x}], 4, =0H,
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X; = 1, Bx/ﬂéJHSZﬂ\, X; = ﬂ > 1o ﬁiﬁ %%{?E'E%‘F%ﬁHQ*XE%ﬁO
LR Z B giibas, WHRRRAEAMUEEX NRSEGHER, BA%
TN B R AR (ARBEEE) MR

6.3.3 B#irE#

TR RN AR IR 2 I EE R AL, PARIA SRR E MR ST, AT
g5 A (6-2) FIAF (6-6) IS BAEL, 1N TransNet B8 25— 1] B bRk £ X
TRANZT0H (u, v, 1) TR (4, 9, 1), TransNet BeS 04 a0 T 45 2k b5 5k

L=Lyrans + a'[Lae(l) + Lae(i)] + r/‘Lreg~ (6'7)

K, RATSARABSE o Fl g KTHERERHME. H5h, L,e N L
EMT, b A, 5 L F iR

K
Lreg = Y (WO +[16713). (6-8)
i=1

N T B E, JATE— KA dropout!" SRAEGA KRR, BJE, AT
K Adam PLAEHIE P R 2 3 (6-7) ik s %

6.3.4 TN

R 2] BRI P28 795 R s FR = B 39S #% , TransNet REBS TN Eyy H RS
A EWREEEE R, Wl AT 208 R AL

BRI, 455 RARTERIL (u,v) € Ey, TransNet %5 & u Al v RN 51
ERIAFRRFFE AT (6-1) PN . B, FRATREWS T 1 = v/ — u 15 2T L
AT BT R, TATDN TAF 2L R R AT i, SRAF 200 () A5 25 7] & 8
PRAF 1 XN IIACE §; UK, BMCE IZAR S A T RE R TR S 1.

6.4 SLIGEER

AT BSUE TransNet AR T i 2 B 8 R ATA M, TATE SR R
WAL b, SAFERZEUE T IEAE B I AL & WS B 45 B3k T 7 XL
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6.4.1 HIE&E

ArnetMiner® "4 J& — AN T SRR R IR S5 IFE L F RN ES . 1Z 28 T T
TR ARG AE M B ELe, Pt E 1,712,433 44E3, 2,092,356 f& ik
LLJ% 4,258,615 METEXR R

EZM s, AESARMAEA R E8 EHETEE, MITEaERE
VR SCRENS I I HARAT T Z R VE A ) SRS R o BRI, FRATTE IS an T A2 JRA @A
TRAMEAREEE:

o ATAHIEFEE A NG B iR 17 AR AR I ] AT, ) FH 1 2 4] 13

R 7 hRR5ia .
o MTENEERR, ATMENTE/E KRR RE T, AR R+
A8 B OCHIA], FEIR B O ] M XA T (Al S G R bR . R B E R
52, HTEVEMZ BT, FRATHEE S WA 77 FAH A [F)3
KB
UL, T S AR TEA R ()R i, AT T =AA R SR, A
Arnet-S, Arnet-M UL} Arnet-L. EARFIEIEES 1HE B WL3%6.1,

® 6.1 HEESIHMEE. ML ERZHRERL)

Datasets ‘ Arnet-S ‘ Arnet-M ‘ Arnet-L
Vertices 187,939 268,037 945, 589
Edges 1,619,278 | 2,747,386 | 5,056,050

Train 1,579,278 | 2,147,386 | 3,856,050

Test 20, 000 300, 000 600, 000

Valid 20, 000 300, 000 600, 000
Labels 100 500 500

ML Proportion (%) 42.46 63.74 61.68

6.4.2 EAHEFE
TATRH 700 WSR2 I TR TR b, A FE:
s DeepWalk!! 7£ X 25 AT NI AE, RAERT MM ER Y. K5, E
T UG AR, AT SR SRR, SR A IZRiA] [ = 1 Skip-Gram P! LA, Sk
S ST RN

@®  https://cn.aminer.org/
@  https://cn.aminer.org/aminernetwork

79



65 AR R AP A SRR

o LINES 5 S 1 W28 5 s — W A0 BE AN B 4RI B, s I AR Ak 15 s 2 1] 1 Bk
EMERE AR NEZE, SR SRR X 45 (1) 15 R 3R
* node2vec!” Y& DeepWalk H FIFEATLIF L 5 0E, FIH BFS A1 DFS K5 0
A AR FAN [FJZ IR X 28 2554
XTI L Y 2 IR 28 ST B, AT A2 R RIIUE B B 1R 280 KAES
PATHE — 2530 B HIPRATS R R AT PHE, TRV IE R &, RIIZE one-vs-rest 124
[l US) ZHRAE I 2K 4%
Ak, FAAI S B FIR R IR 25 S TransE'S 47X b 0T84~ =
JTCAH (v, 1), el ={t,10,...}, ATEHIF0 B AR =J0H (v, 1), K
YEN TransE B BN ZREHE o FRATTEE TR ACARE B Tl 77 5 R il i b (s 25 1031

6.4.3 TENIEFRAEE IR E

N T AT A FRIEE S, FATAN TransE —FE, XS TEN=J04 (w, v, t,) ATV
W, Hrdr s elo Ak, FATRH hits@k LA MeanRank" " £ vFllfaFR, 43 7)id
fE h@k Al MR, iXH., MeanRank FRINFREARSEAE TN S5 b 0 FIHET o hits@k
FORPREARSIE TGS RIGHT & NIEB]. FEFERERMNZ, RN LS,
LT IE AR HEE AT T AR R . Rk, AT CAAEHE R 2 B8 3L S 1E
bR e . BATHE BT T B VP B B ‘Raw”,  JETHIFIIE M “Filtered"

XA AEA, BATEERRAELEE N 100, XFT TransNet, 1ENITTREL »
79 0.001, Adam TRALSEIEXT N5 2] #2059 0.001, [RIRGEZSE y BUEN 1. B4k,
BATRF A IR R A T X2 H h gt 2%, AR5 560 1F 4 1 45 SRk BRI 5 45 11
HUE o F1 B,

#£ 6.2 Arnet-S K AMELE R, (%100 for h@k, @ = 0.5 and 8 = 20)

Eval. setting ‘ Raw ‘ ‘ Filtered

Metric | h@l h@5 h@10| MR | h@l h@5 h@10| MR

DeepWalk | 13.88 36.80 50.57 | 19.69 || 18.78 39.62 52.55 | 18.76
LINE 11.30 31.70 44.51 | 23.49 || 15.33 33.96 46.04 | 22.54
node2vec 13.63 36.60 50.27 | 19.87 || 18.38 39.41 52.22 | 18.92

TransE | 30.16 78.48 88.54 | 539 || 57.48 84.06 90.60 | 4.44

TransNet | 47.67 86.54 9227 | 5.04 | 77.22 90.46 93.41 | 4.09
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56 AR S O R I B 25 R
# 6.3  Arnet-M &K RIMALE R . (X100 for h@k, @ = 0.5 and 8 = 50)

Eval. setting ‘ Raw ‘ ‘ Filtered

Metic | h@1 h@5 h@10| MR || h@l h@5 h@10| MR

DeepWalk 7.27 21.05 29.49 | 81.33 || 11.27 23.27 31.21 | 78.96
LINE 5.67 17.10 24.72 | 94.80 || 875 1898 26.14 | 92.43
node2vec 7.29 21.12 29.63 | 80.80 || 11.34 23.44 31.29 | 78.43

TransE | 19.14 49.16 6245 | 2552 | 31.55 55.87 66.83 | 23.15

TransNet | 27.90 66.30 76.37 | 25.18 || 58.99 74.64 79.84 | 22.81

# 6.4  Arnet-L #25¢ RIMENEE R . (X100 for h@k, @ = 0.5 and 8 = 50)

Eval. setting ‘ Raw ‘ ‘ Filtered

Metic | h@1 k@5 h@10| MR | h@l h@5 h@10| MR

LINE 428 13.44 19.85 | 11495 || 6.00 14.60 20.86 | 112.93

DeepWalk | 541 16.17 23.33 | 102.83 || 7.59 17.71 24.58 | 100.82
node2vec 5.39 16.23 2347 | 102.01 | 7.53 17.76 24.71 | 100.00

TransE | 15.38 41.87 55.54 | 32.65 || 2324 47.07 59.33 | 30.64

TransNet | 28.85 6615 75.55 | 29.60 || 56.82 7342 78.60 | 27.40

6.4.4 SCIGZERFSHT

T 6.2, 6.3 6.4/ | AFHEHELE T ALKk R . D Lesigd,
BATA

o AR B TransNet 5 FrE LT EM L, ERTA EERSE IS TR
= H—SW ORI T, BARORUL, TransNet HU1S T Lb 3R I 5 47 1O S 4 7 vk
TransE10% 21| 20% & A3 AT F . X 4 5K B TransNet % 15 5 [H]
IR F BRI TN 5 A S 1

o T LMERIMN R RS I IR 2 R R UESS EER IR 2. XM T
DA B 28 3 7 5 2] JTIRAE 5 20 1 ORI AR v, 2% 134 B35 BITE X
FR. 52X LR 2, TransE 1 TransNet #5140 18 A5 B A& 275 &5
T, RS 7 RZRI . XKW TEMK KR I HEED ERE
XAZ BB, DLACFREHLHI 179 i 8] 50 R AT A ) & BEAE

o 5 TransNet #HEt, TransE RV ZE, &S AEIR R G2 18— B 1)
RS R, XFEARE 1 B ARSREE R s TS X7 —E
R ERFE ARSI, Hodh R 18% MISHAAXH A 2 8 RZhn%. SR80
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XA R R 5, BRI 2 AR 25 1 Bz Ok T AR B3 vh g e 43
(Arnet-S: 42%, Arnet-M: 64% Arnet-L: 62%). [, TransNet 88 [F] i 25 & —
%10 EEARSAE R, 45 R B TransNet A8 1R 1T () 40 B A2 5 2 Hh B (1)
LRI

* TransNet TEAN [FIRUBL ) N 28 th R ILAEH TR € . bR E A L I, TransNet
HIRCRANE D BRI R G T filtered @10, M 90% 2| 80%). 5 2 JE it
Ui, TransE FHH & 4% KR 5 2] T2 00 T B s 20%. 3%/ R AR B
1 TransNet [ A SEMERIRR 2 PE

6.4.5 #IREXTEL

# 6.5 Arnet-S _EARZEXT L. (x100 for h@k)

Tags ‘ Top 5 labels H Bottom 5 labels

Metric | h@1 h@5 h@10 | MR || h@l h@5 h@10 | MR

TransE | 58.82 85.68 91.61 | 3.70 | 52.21 82.03 87.75 | 5.65

TransNet | 77.26 90.35 9353 | 3.89 || 78.27 90.44 9330 | 4.18

N 7 58 E TransNet X TR (8] ¢ RAEB L FH, FATHEL 7 TransNet 1
TransE {E @ AR5 AR ZE EHIRIL. 3k 6.5 7, AR Arnet-S i 4
I filtered hits@k LA} MeanRank W45 5% .

Mz, JATRI, BT EmREAHE 78 2 K 2RI, TransE 1E SbR %5
IR LR E TR E IR . 5 TransE AHEG, TransNet £E = A AR AT
Fr2s BRI AR E . X 2N TransNet (/] T H shdmbd s R B LI FRR, X
P BB R PR Z AN OR R o X OC SR BEME XM B2 (LA S S 2.
ERTEG A )3 0o AR AU 25 ) A A0 T

6.4.6 SHBRMESH

1E TransNet W, BN RERIESE o M1 8. K, FRATTE Arnet-S HHE4E L,
PRICIX L R0 ) U

B K- B sh it 2% rh F oA JE R o AL E . SEBR A, JATTER A
A3 (6-6) WItHAL H shgnfdds ZHuUn, FIH BB R GE B HIBUE . 7EE] 6.4
e, FATRARARP g BUE T, WUFEEEFINIEN hits@ ] ERiER . MiZ
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O.7 v : 0.95 o
Y] RN RRRRTRY
©oo001
O5F ot Al :
S oal i, : : g osr
=1 —— )
@ : : N
T o3 c = p=10 -F 083
0 S 15 |
B=20 : 079
R r——p— 3=30 [
Ot e =3 075 a a a a a a a M
0 4 8 12 16 20 0 10 20 30 40 50 60 70 80

Iteration Iteration

K 6.4 ZHIBIRIE T

K, FRATRIL, BHEMRRBCRAERGR RS IRE. 4 g BUEE /M, il g =5,
Hah gt 2 Wim T BT omALIEF T, X FEEMRSRIETEZ.

ZH o FHIFREHLHIAN 3 3hom b 2% 9 3 2k R AW LU . 4 [EDE L) B X
HiE, HNEE 64 MER o EAFBERFBUE T, KIEELTFUTEIR h@10
ARG O FRATR I, TransNet HI R 2 B85 VI ZR50E 3 Iz E7t, B s
BTRE. 2 o BURFMER, A K TransNet B HATFEUETE 20 %6 DA N B TransE
IR, IR B R H AR €

IR PHANMBURAE > M 45 R, TransNet 782 st b & 5%, AN S
G 1 HX S R E A UK.

6.4.7 I

FATTM Arnet-S Eedli 2 B B T — M5 7oK 27 TransNet A3 241 o 47 128 B
B FiE N “A. Swami", FRATER 6.6 7~ T TransE 1 TransNet £ %5 AN [F] (& 1 &
HEFFIARAE GG R o fEZR T, DI BIARAE HEE IEWRARAE . FATKIN, TransE M
TransNet #SHe % fR A [ <0 5 HEE & BEARES, R ML AR E/E /. R
1M, X —AMEEWIARIE, TransE BT T AHBURE A HE 77 SUFR B, R BR R HES [A]
JRACHIFREE . 52 AHEE, TransNet HH TR 7 Hhgndds, R INZFE,
A X .
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R 6.6 XTAFLLEHELN top-3 A%

Neighbors

TransE

‘ TransNet

Matthew Duggan

ad hoc network; wireless
sensor network; wireless sen-

sor networks

ad

hoc network; wireless sen-

management system;

SOor

K. Pelechrinis

wireless network; wireless

networks; ad hoc network

wireless network; wireless
sensor network; routing pro-
tocol

Oleg Korobkin

wireless network; wireless
networks; wireless commu-

nication

resource management; sys-
tem design; wireless net-

work

6.5 AEGE

FEA T TAE, AR A8 RIS, SRAG & W 2% 7R o S i 1Y
X TR REBAITI A RE ST BhAh, FATIR 1 IET PRSI X 48 R 2 2
B TransNet, KA HISFREALAIXS 1 R Z (A B HAT VM. BEXS 425 5% R B
EIRK ], TransNet f

DM g

EU A ML EFE

I8 A5 B

Fon, PR 2k R BUE 55 LIS 7 B2 I RCR T
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EBT7TE HXUUREAMEZRT

FERTI A ZE T, FATIAE T AE M RN 2 2] R Rl & 5 S IR B2 E B X
A5 B LS AR RS S, SREE ST IR BT . A2 0% SR A AR N 4 4y
PR IRCR . SR, XL VEHR & T T fUR A 4515 B EllE R E R,
B 7 FE N 45 4 Jy I S5 R RRAIE

TEARZE TAECH, FRATER T AL 26 4 JRRFAE, iR tb X, $RH THEXAL
b P 28 2o 2 S F (Community-enhanced NRL, CNRL). AR, FRATF
ML 5 SCARZ ERIREE R R, MR X EE AR R, 7R 28RN
VR R g A BT, SR R I 5 X 4 A SRR A AT A ORI, il g
AN XAE S, CNRL 769 A48, BERE TN 1 X ORI =4~ S [ 28 23 A1 AT
% LHEUS T R E RS .

7.1  [o)REfEIA

BEE RIS 28 R, 28 B B AN BT 3G G, T g 8 1) I 4% 4
PN ST AR S5k T B RBIBhGR . 2 1 R AR A 2 I 2 14647 1 ot £ R AIE
Tor, MR )P 2R FE 8 I E M . 2SR 2 H B2 AR 38 /)M
MBI, N RS MIRGESE I [ RO

KZ B OA MR R85 21 J7 AR YE 9 U SR R &5 145 Bk 5 S0 1 R OR .
40, DeepWalk! F| FH B ALY AE S KAR T i JJ SRR IME B, SR E KL H
R TR FG B AL B TR ) SR R AR JE T R AR . LINE!S X6 745 fO6f T8 ) —
B &0 30 P RN W AR P AT AL, SRS s R A A T A T 20 5 T A R . 1]
LA 2, DeepWalk A1 LINE H [ 3 5 A R0 /& 15 1o /S DeepWalk
A1 LINE B—¥y 77k, #1U, node2vec!” Fil GraRep!™', HEALHR 7T RVEHIA) L
TER, AR EATN T it E B RHETIRZ IR, R ARHE St W 24 1) J&) 0k F
fiE o

mE 710w, N ERMNET, aEwE BT 2 NARKHX.
FEA XN R, 5 m (AN B AHIE T R — 4k X B9 Ul = I FRE ) e 1 . 1
wn, HAEMFZEEE5M Facebook HIH ', Flan sk sliss Lolk, AFAEMR T/
— AR PR, X AR B T R N EE BN RRHE, AT

©® ARFEFETAELL “A Unified Framework for Community Detection and Network Representation Learning”” %%
% “IEEE Transactions on Knowledge and Data Engineering (TKDE)” I, H Hi’4 minor revision.
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Vertex Embedding

Community

B 7.0 T R IXRFE: — D R R R T 2 MR X, % /IR R RN 1% 52 2
AT T 2 DK I A X R

IR 28 7 2 SYFAH . IR P 28 70 AT 55« 32 Ja &, BAl gt 7 — A4 — B,k
XA I 4% 27~ (Community-enhanced NRL, CNRL), K [r]i #E47 W 2% K IR 2% 2]
A X R I

FEFR /L, CNRL 323 DeepWalk i T SCAHI W4 4 45 ¥ 2 1133047 2 L
Ja K. 1t DeepWalk 1, {EE KL, BEMLIEE T F A 075 A0 RE G 5 3 o0 AT
X5 CARER R B ARl B, @ RE R, W R AE R T
DeepWalk H #2% F 1] [a] B 32 7R 5% S R R R 7 S I 28717 U R~ . BEE—38, 1
Kl 7207, AT 8 T NS S FSCAR 2 (A 2R LEOG &, AR IRAE 19 s BB LI
PO Z AAFAE TR ERAS, Wt 4E X, XA 5 SO Z TR A AE A G B 1K
MEWART B, 1 H A RN SL IR M /3 2 17 5k, BTz, &
IR 7 CNRL B, 35 SR 32 AR IR 7 VSR AT A XA IR 27 2 P 48 s

7.3J/#7% T CNRL )2 A A, 7E CNRL 1, FATICNEATT AUB T 2404k
X, XLet: X2 [AIAH LS. FUESE I EE T RS B I 28 KR 5 ) JT AN R 1R
&, CNRL Refgd i 15 s ()R8 BT SUE B4 R B AE XAS B R 2 1 kR .

fE£ CNRL 1, $R7ET R F A1 s B X g AR 2 JATMBRACT A
XA DX R 255 B 3 SCAS Rl 6T 3 B . BRI, — A A1 A T
SARIE T BB AL X A0 DL AN AL X o0 A, B Bl — MR e 4R X . BE S
AN RUFE 0 B B XA ] I R SR TN e &1 v i B R S0 e IXRE, JRATTRERS
SIE R X R . R S R, RN AR X A A B AR R .
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. . .
| Vertex | € . AlphaGo | Word |
./ . o/

AlphaGo is a computer program | _ _ _ _ _ . _

' Sequence | CD—}@—}._’._»@ + | that plays the board game Go. It |1’ Document \"
L «d ¥ . was developed by Alphabet | Y

77777 Google DeepMind in London.

Chess
(@] (o) Communities® board game Topics  _ _ _ . _._ . _. \
******* : -—m= RS !
;  Vertex ! 7 N . Go +~ ~ ‘ Word ‘
{ Embeddings ‘e o | . //MphaGo/Alphabet, Embeddings ;
,,,,,,, | ) i ‘
/ \ compute Google ,
\\ o o 7 * \ T /
_-

M _DeepMind ~

K72 PR IMSCR R RIS SC &R RIRE Y R P S AT X 23 )%
SCAR AR SO 3R

CNRL I8 5] AL IXAZ B R IG5R  28 77 S m i, BeiB 3 i s 2. Bk
PP TP 25 73 AR 55 I RICR o JRATTAE A B (1) 5 T B ATL I 2B 1 Y 248 3R 7 27 =)
i, DeepWalk fl node2vec -, SZHL 7 CNRL B4, 7E 2 N E S A 25 5P 4E -
&5 R, CNRL Aefs B2 19 = 2 AN 25 70 AT 55 B RROR

MEERUL, ARFETAEFZERLLT LA TTHR:

o WATRA T W& P HHE X 53CAR T EEESE R R, B RRHtXERIIA

B8R R 7 2R, R T ORI BT E . FRATTHE ) CNRL AU B

% [A] I 2% > P 215 i SR A EAT A1 X

£ CNRL H1, FRATETE T FA R X 7 Bl AFEEE Tt T

FoRMTT . XPFITEMEAE, (HERRIA R

o T BERIBEAT VRN, RAEZ A FEIR B BT 7 s AR R

Msss . L ss REKH, CNRL 5HEHRAAH RG22 H— B R

VAR

o I0AL, FRATTHEH ) CNRL FE AL GE A% A [ 4E R EAT A S AL XAl .

THE CNRL ()E REFRT - ik, FATATAAL T CNRL Fill H i A [7) 4

FERIAE X, I H 5G4 X ORI 15304 T 1S3t b o

7.2 MxXIE
7.21 X

MRYE Yang et al. "7V R15E 3, MG —MEX R AW RKNES, HXH
M R AR TR S AE, Ak X2 [ EREM R . AR SLPRAI MR, [F]— X
PR R AR AR S AR R (10 e 1 B P R R F) A g 118

MR 2 R dEAT A DA — LA Ak R AU E 2 A 7 PR AR SN 5 i
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PR R X 28 755 Ko BRI AR S b, Bl AN B B f AR XAl . A O E S Ak
DX A = B HE LT BRI vk ), TR () Ty gk 7180200 i gk i,
BEALER 7775 (stochastic block models, SBM)1221231 S 25 -y s 7 vk 3 B 1) ] 7 AN
REUS R B ALK, PRI 5 VF 4 SRR SACMAAS o h T #Rde i, CPM 24 3
b & k-cliques BEAT &I RG R HBHIAEX . Ahn et al ' il 0 R KK T
XS IABAT R 0y, RFEAT B AR DA

ML EEAER, X SRR BEARENS A R BEAT B B A ORI I21290 4 X SRR SR
PR TE ST P2 P AL X B, RS B — AT S S R DX i R [
B, Yang et al. " R T ARSURERE AR L, SRITHRAS 2 AR X R SCHRR
WMo JRATTHR W ORI A A X R IR BV, A — DR kR oR AN
FOR T AR A K 2R

722 MBERRFES]

WIHISCHTIR, K28 OAH M4 R R 7 SR & i) R iS5 14 2
B T 2% B4 R R AR o SRR R T BEATLIEAE B 77 V25, 491 11 DeepWalk Al node2vec, HE
X AHSCAR J&E T RUAT IR Z IR TT, HaXMEE R e iy a3 BT
S RN BR A U0 b Ak, - X AF B AR X L7 vk B U R . Wang
et al. "M SR [ —Fh AL T AEUAE 2 i 7772 (modularized nonnegative matrix fac-
torization, MNMF), RiA7 A5 S 1AL DR 2 2 28715 f R . SR, %07
AR . H5%, MNMF AR MEHEE S AL, Wi, &0 mIN
I8 T — A8 BIAL X, X PR S PR AR 22 . hAh, IR PRI T H R 45
fEIBRYRAL R Z8 2N O(n*m + n?k) (n AT RUEE, m NRINEER, k AHEXEL
). Kb, MNMF & 25 #E, NEEACE RIBEAIMN LS. Cavallari et al.[130! $2 H
7 ComE #52Y, SRR 2% 2] 5 R R AT A X AT . £ ComE 1, BANE X B
TR — M dem oA, KRBT ZAL X A ) 28755 S 3 AT IS 0o 8 IR 0
THRIA T, ComE RS 114 W% & I 2 A% i (Rl N 453 2004k . ZR1T, ComE {NAX
SRR B BE RS AU & RO R s 4 i oA, T W 2K 25 PR A X X 4% &5
FE R DR, FEARRE TR, FRATER FT A A i 3 UM I 28 v () X2 TR 1) 26
EER &R, $eth 7R THE XA CNRL A7 . CNRL 7Y R85 &) 54 24 1) 45 5 2
O P28 R s 7 S g,
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7.3 1REBIHEZ
7.3.1 [ERIENX

BN —PMNEILN G = (V,E), HhVERTREES, EC(VXV) XA
Z RIS (vi,v;) € E RonTimd v My, ZEAFEEL. X TRHANT R v eV,
MR RF I H KRN —ADMREERR v e RY. XH, d NERRZEI4E
B

Mk G aLE K MEX, WA C={cn...,cxto NR—MME, AV BIX LR
XgHESH, WHLd, —MATRET2ZMEX. X8, ZITE TSy BT
#11X ¢ IINEZRAEAE Pr(clv), #LIX ¢ HAEEZT SIIMERIE/E Pr(v|c). 7 CNRL H,
BAT 2 F MK o R —FRRTR R R A E, 101k c e RY

TERE T ORI/ R, BATE SeN4H DeepWalk #58Y, BE)5, FAIAE DeepWalk
R [P Al B AT, S CNRL B, fHT node2vec 7 FIl DeepWalk 571
AT P AE OT 1 FAFEAR], A5 CNRL HISEILT7, BRI, JRAIT
ANEFRFIET node2vec ) CNRL SZHL 77k

7.3.2 DeepWalk

DeepWalk!!! Hoe2EMY G ERATHALRE, SR EFIIES S =
{s1,...,sn}o Hrb, BABENLFEF IR N s = {vi, ..., vigte

bE)5, DeepWalk FEaA15 mi 741 s BARWFA, R B B, A
Zxin) [ B 1) Skip-Gram P! B RSRAR R P AL & S 5 2T 241 RiFR IR

BARKYL, 5T RTA s = {vi, ..., vig ) BTy RSN E 5
PR EEASN (i - viee ) \ {vi}o MK Skip-Gram #:%, DeepWalk i i £
RAGH O RTINS ST s BB 2 ok 2 51 7T R R, IR s

Is|

1
L(s):mz Do logPr(vlv), (7-1)

i=l i—t<j<i+t,j#i
Hort, v RAT S v BRSO, MR Pr(v;|v,) 383 softmax B HUE LT

CXP(VJ'- " Vi)

Zyev exp(v’ - Vi)

PI'(VJ' |Vi) = (7-2)

XH, A Ay BEPANRR AR, WU E O S v AE Dy TR S
RV

&9
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e A ~

Vertex
(_embeddings /] |

( Community h
\__ embedding )

( Assigned h ‘ ‘
\_communities )

-

' | ‘ ‘ Community

| embeddings

Vertex )

_ sequence ) | |

[

[

| Random

[ walks on a ,
: network i
I \
[

[

[

[

Kl 7.3 CNRL BEAURZE

7.3.3 Community-enhanced DeepWalk

25 T RUT A, DeepWalk #5288 ¢ KA R SCH 1 HR AN T R 2 (8] 1) R At %
W Ul , 5 R I AR T AT R BRG] g, T2 T A SR R AR AL
TEAL A28, — AN E B4 MR & R BT % (homophily), #JLAZEEE, ANLLHEES:
(“birds of a feather flock together" 81, IX &4 S AHALL & P4 1 15 p 43 A3 At 1) T 2L Rl
X

FEXAF BT it T EEN ETE R A TEMSR RS hEE
FXAEE, REEWAK ETFER, AMWEB W IR T AT AL FPAIFFEX E
;358

i 1: MM RE T2 NARRAX, H X TA R XA A
I LF Pr(c|v). [EIAERT, BEANBENLIEE P51 ARG X B )X 5340 Pr(c|s).

i 2: —MRERENFE P FIP I R T — M E A X, X HF
FIRFEIX 5341 Pr(c|s) Ak X6 T-715 mR 4041 Pr(v]c) FERIPUE .

T B, AT TIEARR TSR ATk DR R A 2] X 4T AL
XHER. & 730K, ZEMAPERASE, () #XaE: RAITEA 5751
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I R — R IR . (2) RIRFES: 4 D S ATE RN 4
DXAREE, BATZBIUA 2 AR DXARZE TR b SO0 s b, M= 3745
IR AL X IR IR

7.3.3.1 #X45EC
XTI s B~ v, BATHALR ¢ MAMIEE, R

Pr(c, v, s)

Pr(c|v, s) = Pr(v.s)

oc Pr(c, v, 5). (7-3)

RAEHATRIE B, BREWER Pr(c, v, s) ATRAUE AL Y:

Pr(c, v, s) = Pr(s) Pr(c|s) Pr(v|c), (7-4)

Hr, Pr(vie) TonTi i v AKX ¢ I, Pr(c|s) RoanF5 s FLIX ¢ I VIR
B WRPE A (7-3) AR (7-4), FATAT LIS R

Pr(c|v, s) « Pr(v|c) Pr(c|s). (7-5)
AT TAFES, FATSEH LT A7 2k Pr(elv, 5):

ETF G 9Ee: &I 3 8 Latent Dirichlet Allocation (LDA)®! v 25 415 1
KEEWIZBUGTE71E, BATRI G5 2R Pr(v|c) A1 Pr(c|s):

3 N(v,c)+ B
Prvle) = s N0+ VIE (7-6)
Pr(cls) = — S @ (7-7)

Yeec N(E5) + |Kla

XH, o B AR I B 1900, N(v, ¢) s s v #50 Be 2 4E X AR
2 e WIBIE, N(c,s) BonFH) s FRI S#E A X ¢ BISIEE . N(v,c) F N(c, s)
H oA X 73 R A2 A A W7 5E 5T

ETRRINSE: BT CNRL AR ) 2 A X o &, i, 3R
ATAT AR I S 3 s 1A SR T B AT Z ) B A . X T2 Pr(cls), &
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TR LBy -

exp(c - s)

Prels) = 5 expe 9

(7-8)

Hr, ¢ RoanthIX ¢ XK RIAIE, s NP s &R, W] LUEE 75
A RRR R IR 2]
Seb b, BATEAT DU FRE 7 SOk T Pr(vic):

exp(v - c)
Ysevexp(V-c)’

Pr(vlc) = (7-9)
SR, A A (7-9) WK RO . Bk, FESERRRN R, JA] -
RN M BRI Pr(c|s), FHIET ST R IFE Pr(v]c).

RIS H B PR Pr(v]e) M Pr(cls), BAMRIE A (7-5) NFFHI s hEIEE
AN R 3R — A B U AL X ARAS .

7.3.32 ERIRFI

BRETRTFH s = {vi,...,vig b TR A v MIESTREAH AR ¢ 3R
st s KRR v A e T _E R SO s B 2k 22 2 A X R s, B A
BRECA R TS

Is|

1
L(s) = m Z Z log Pr(v;|v;) + log Pr(v;|c;), (7-10)

i=1 i—t<j<i+t,j#i

i, Pr(vi|vy) B HE T A AT (7-2) =8 X T Pr(v)|c;), FATTFIFERF softmax
Helt 5

exp(v} - ¢)

P ilCi) = .
R\ Ysev exp(V - ¢;)

(7-11)

AESBR ST, AR £ MU HOR IR R 2 IR AR, 7T
R L1 SR 0 SR 58 2R P

7.3.3.3 M HEERT

R R R R AR G, BATAT AR 2 At X & os m i, LK
TR AL AT Pr(c|v). RAEXLEELR, FATAT DM AL I iR, ieAE
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Vo DAL MR B 171 R B A W 2% 4 M 15 S AT 2 R A XA B
HAARY, ¢ BEPIAED, 82 RGHNY S8R v, — a2 E X
RN Vo IR B X RN TR IR

o

v, = Z Pr(c|v)e. (7-12)
ceC
b5, AT XME 3 T8, BRREFIH TN ERR V= v v,
CNRL T4 SRt F2 WL & 1AR

Algorithm 1 CNRL I| 253 2
Require: graph G = (V, E), community size K, window size ¢

Ensure: vertex embedding v, context embedding v’, community distribution Pr(v|c),
community embedding ¢
1: S « SamplePath(G)
2: Initialize v and v’ by Skip-Gram with §
3. Assign a community for each vertex in S randomly

4: foriter =1: L do

5: for each vertex v; in each sequence s € S do

6: Calculate Egs. (7-6) and (7-7) w/o current assignment
7: Assign a community c¢; for v; by Eq. (7-5)

8: end for

9: end for

10: while not convergent do

11: for each vertex v; in each sequence s € S do

12: Calculate Eq. (7-5) with Eq. (7-7) or Eq. (7-8)
13: Assign a community c¢; for v; by Eq. (7-5)

14: foreachje[i—t:i+1t]do

15: SGD on v, v’ and ¢ by Egs. (7-10) and (7-11)
16: end for

17: end for

18: end while
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7.3.4 ERES

CNRL Ml grd FRE & WA, ERBE R RS AR MR R, R
ERENE, TR X o7 G0 7R E ISR 3 AR, RiHE Pr(v]c). %
TH AW RFE R LDA SR B AN O(LKnwy), H, L RRIEHRIRE, K
FOoRMIXEE, n ZoRTTRE, w RN AR E P IIEH, v N
BANTFHMKE. XTRRZ2], HT DeepWalk ) CNRL E 24254 O(nlogn),
H:T node2vec HIMEME JRFEEA O(nlogn + na®). X%, a AP Hit,
CNRL HINZE 4 E N O(m(LKwy + logn + a?)). FESLFRUIZREFET, CNRL KW
AMBRERAER ] LA L B 1 AT VA REAT g, B, PLDAPY, PLDA+!P LUK
Skip-Gramb!,

7.4 SLIGZER

FESLI Ry, BAMAIT T CNRL BEARLAETS 70 2R BERR TN LA R A XOR B L
HIRCR, I EARRIEAE T VEREAT R LE .

7.4.1 HUEE
®11 HIEESUHER
Datasets ‘ Cora ‘ Citeseer ‘ Wiki ‘ BlogCatalog
# Vertices 2,708 3,312 | 2,405 10,312
# Edges 5,429 4,732 | 15,985 333,983
# Labels 7 6 19 47
Avg.Degree | 4.01 |  2.86| 6.5 | 32.39

WK TAFR, WATENATZ R M a4 Eidi T 17955, 5. Cora.
Citeseer. Wiki UL}z BlogCatalog. X465 #54E )& T AN, 1 HAMA & 3 1%r
R R stE. PR EEE
o Cora. Cora? & H McCallum et al. 3 #Z 2R B 05| B S . Z 8R4
5 2,708 ML 22 S AH IR SC, XL T AN RS A
TR R T M2

« Citeseer. Citeseer /& H McCallum et al.!82! ¥ &[] 75 b — 2R SCHFR A .
ZEPEEOE 3,312 M LA 4,732 &5 H R R . XK N 6 25,

@© https://people.cs.umass.edu/ mccallum/data.html
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o Wiki. Wikil'33 32 4k |5 Bl Ui 2 (B R 2% o 28 AL E 2,405 1> web
U, J&T 19 MARIMZEA . EATZ R 15,985 K EEHE LR 1ZEURE
B Cora 1 Citeseer 5 HIHH %
« BlogCatalog. BlogCatalog!"** J& — /M % FH 7 2 (B A2 M 4% . (R 15 4
o BRATTHE AN A P BRI R BN R 1) 3 A D HAR A
A, JATBAE— /N 4%, Zachary’s Karate network '3 | 347 1 5245,
RNF FRATTA A I B A X AT AT A o 1 X258 — AN 2 T IE R RSB 2 2 TR]
U RS, ALE 34 A5 55F 78 2kl

K] 7.4 Karate network. ST SEATERIERERACEK T ERER. SiEBE, REZTAE

742 FHEFE
BATRA T 6 A Se it i W 45 27 2 ) AT X L, 145 DeepWalk, LINE,
node2vec, SDNE, MNMF U £ ComE..
 DeepWalk: DeepWalk ! J& i #iL U (1] ) 2% ROR 22 3] 77 vk B e fE M4 it
ITRENUEE, SKAFEITT ST FIFH IR LT 5751, DeepWalk K T ) 32 fif
FH 1 25m] 1) B A RS Skip Gram ! SR 2 =) 281 KR .
o LINE: LINES! 8 i % % 25 15 /5 2 [8] — 4R UL - (1st-order) 1[4 T &
(2nd-order) HEATEREAE, Sk o) KIS T MRon. SLierh, AT R
Fi 7 —PF LINE-1st F1 —Fy LINE-2nd {E N2 H#E 777
* node2vec: node2vec!”! F| ] BFES Fll DFS WiFf8 = 5%, Ky DeepWalk H
IBEALIEE IS FE, SEIL T X T2 S50 5 A AR R
 SDNE: SDNE"® 1 VR IR Z A4 4% (HSIgmiLas ) KA BRI 55 RIR .
« MNMF: MNMFU! S8 JE R RE A i i 07 20, [RIIN 2R AT JE 2 1 4k X R
FP 28 R T™2E 2]
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« ComE: ComE!"3% G5 [R] i 27 > W 28 F /s A AT B A0 XAl o HA SR UL, 1%
BT — A = 4E 1 i AR R AR X .
WA, R REEEINATSS, FRATTE R 7 DU A SR R T W 28 40 b S5 44 1K 7
PRI TN R
« Common Neighbors (CN). X} 75 55 v; Al v;, CNUS7faj s ph >R FH P 25 3L R (1)
< JE R AT B P AL

sim(v;, v;) = [N 0 N/|. (7-13)

e Salton Index. X T-717 £ v; 1 v;, Salton index!*®! 7£ CN [y%LAil F25 & T A
AR, AR TSR R B s

sim(vi,v;) = (IN 0 NS/ ({INS | X IN7). (7-14)
« Jaccard Index. %} T 55 v; f1v;, Jaccard index & SCH1F:
sim(vi, v;) = (IN; N N7D)/(IN] U Nf). (7-15)

« Resource Allocation Index (RA). RA index 3% S7R75 i v; BRI 1) BE IR A 5

sim(v;, v;) = Z N1+. (7-16)

VkEN;' | k |

XA X R IATE S, AR T DA SR () TR A R 7

* Sequential Clique Percolation (SCP) 9 &k R i 85 i% Clique Percola-
tion "2 R A, 38 I 48 2 AR EE IR 2 KA 41X

« Link Clustering (LC)!'">! JEid X1 iA#H TR, SREATH X R

o MDL"23 % H £ /MR K & J5 B (minimum description length principle, MDL)
K AN 5] () BE AL SR AL XA A rh g AT R A e 4

* BigCLAM "> J& — AN LAY (5 1 A OB RE 73 Al AR DXOR BTV . R s
FX A EET MR E, et Al S e B X
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7.4.3 1ENsfRMEEIRE

i ESCRriA, FRATTAE DeepWalk A node2vec f)JFERE FS2Hl CNRL AL, DA
DeepWalk J9f5l, FRATTHE I T Ge 1t 1 70 B 7 0 N AR B0 AE S-DW, BT RoR )
3 ELTTVEN M LAY EAE E-DW . [FIFERT, node2vec Xf M) CNRL A4 5571l 1cAF
S-n2v 1 E-n2v.

T AT AP LG, TR 1K A AL R Y SRR 4 BE W B D 128 %) T LINE,
PATRHESCH W E, BN E RN S, IR E N 0.025, BlogCatalog
AR R EE Y 107, HAn SR R R E Y 107, X T-REdLEEF 5, 3
MTEEFIIKE Y 40, & HRANAS, AT R MK FFEETY 100 o, 3K
TR R 48 R 3R A5 MINMF 158 ORI I S 305 E

T EE RN, CNRL AR BT SRR B PIE 7. R, v 7 AFEEEL
BAVG R RN M B VIR4EE R E N 64, @ PHE] USRS 1) 128 4E
R ERR. A, FERT « N2, BN0.5,

% A 2K1{E5, Cora. Citeseer 1 Wiki = PMIRENBDI T SR E5H —
AARZE, I, AR L2 2R [F1)9 7> 2888 (L2R-LR) M SRINZRTT misrKes
XJT BlogCatalog H1 1) ZF5%575 i, FATIIZR one-vs-rest BH[a] 1532645, FFHR
H micro-FI 347 VFI

X RERE TINS5, AR HPRAERI PFIFE AR AUCP® . 45 7€ P A7 15 mORE 2 1A]
RIARABLRE, AUC 248 — AN BEHLE AL 21 532 5 AR RE KT~ B ML I AN AE ()32 1)
FRALEE IR o B FRATTREAT T n RIS ELER, AUC WIMEN (ny + 0.5n,)/n, H
W ny RO LI B A — A BB A WRE,  ny ORI E AT A S ICEL

XPTHXORIAESS, BT XA ER AR B LR XAE R, FIRATR
H modified modularity 4! S5 S A I H 14 X B .

744 TaaE

R 72, 73, T4MT5H, TAER T A FRBIEEAA RGBS 17 550
KR AT HHEE BlogCataglog, FATRH 17 H/NKUNZRILE], Kk 2 45255
RISV, LLEWE CNRL R B I R B 15 T2 T RIRCR . X EesR
M, RATAEE I :

o JAFRH ) CNRL BERIAETT S5 RAE 55 FHAS T W3 H— B CR i8 F. itk

Ab, A IXARAGH DeepWalk A58 U RAR T B 4G ) DeepWalk #5244, #IX LAk,
[¥) node2vec F5 MY R4 R B 25 A8 T IR 46 1) node2vec 151, IXLE4E AR T 1E
WX 2% 2R 7~ 2 S HR B AR IXAE BB E A, EGIE T CNRL AL AT AN [F] AR A
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% 7.2 Vertex classification accuracies (%) on Cora

9Training ratio | 10% | 20% | 30% | 40% | 50% | 60% | 70% | 80% | 90%

DeepWalk 70.77 | 73.35 | 74.53 | 74.94 | 75.62 | 76.07 | 76.08 | 76.33 | 77.27
LINE 70.61 | 74.79 | 76.93 | 77.99 | 78.66 | 79.22 | 79.53 | 79.35 | 79.67
node2vec 73.29 | 76.03 | 77.52 | 78.08 | 78.40 | 78.51 | 78.72 | 79.06 | 79.15
SDNE 70.97 | 75.08 | 76.90 | 77.82 | 78.26 | 79.11 | 79.37 | 79.46 | 79.37
MNMF 75.08 | 77.85 | 79.05 | 79.53 | 79.82 | 80.21 | 79.98 | 80.11 | 79.41
ComE 76.72 | 79.25 | 80.73 | 80.97 | 81.53 | 82.10 | 82.19 | 82.42 | 82.65
S-DW 7278 | 75.93 | 77.47 | 77.98 | 78.69 | 79.14 | 79.15 | 78.99 | 78.23
E-DW 73.35 | 76.56 | 77.11 | 78.63 | 79.18 | 79.86 | 79.96 | 79.94 | 80.26
S-n2v 75.86 | 79.92 | 81.21 | 82.13 | 82.81 | 83.06 | 82.95 | 83.78 | 83.65
E-n2v 76.30 | 79.40 | 80.62 | 81.19 | 81.46 | 81.82 | 81.67 | 82.16 | 82.80

2 7.3 Vertex classification accuracies (%) on Citeseer

%Training ratio | 10% | 20% | 30% | 40% | 50% | 60% | 70% | 80% | 90%

DeepWalk 4792 | 51.54 | 52.92 | 54.14 | 54.21 | 54.58 | 55.07 | 56.09 | 55.33
LINE 44.27 | 47.57 | 50.10 | 51.15 | 51.93 | 52.74 | 53.46 | 53.98 | 54.01
node2vec 49.47 | 53.27 | 54.22 | 55.51 | 55.87 | 56.34 | 56.95 | 57.61 | 57.56
SDNE 47.35 | 51.10 | 52.45 | 53.20 | 53.70 | 54.20 | 54.79 | 55.26 | 54.46
MNMF 51.62 | 53.80 | 55.47 | 56.94 | 56.81 | 57.04 | 57.05 | 57.00 | 57.22
ComE 54.71 | 57.70 | 58.84 | 59.67 | 59.93 | 60.30 | 61.12 | 61.62 | 61.11
S-DW 49.40 | 52.58 | 54.83 | 55.92 | 56.63 | 56.99 | 57.46 | 58.48 | 58.14
E-DW 49.48 | 52.52 | 54.41 | 55.29 | 56.25 | 56.21 | 57.14 | 57.53 | 57.41
S-n2v 53.12 | 56.68 | 58.20 | 59.48 | 60.31 | 60.76 | 61.21 | 61.90 | 62.63
E-n2v 51.84 | 54.33 | 55.85 | 56.47 | 57.19 | 57.11 | 57.85 | 58.67 | 58.51
{DCIE/ 3 e

« MNMF A 7E Wiki #1 BlogCatalog $(#i4E FRIE 2%, 1M CNRL A AEA
[ AR EEFN IR L) R 2 R e g . Bbah, R4 CNRL A1 MNMF #3454 1 4
X5 K, CNRL MIRURARIRIG T 4% (42T, X LRI CNRL F)H M4
FEIX 5 30A K 2R O ok PR AL X AE B 7 U & B .

o CNRL U A H—F R ZREAE, RO T JLF I 7% xR
CNRL fEM A R Ak BEARTE: ZHE B 5 1) ) 8

BAERYL, AT H ) CNRL AL B8 A 2R 4 = 141 X AE B 2 s 3]

e
Forh, I HAEGR T R RS B3R T BERTT. Ak, CNRL fef%id H

/AN
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% 7.4 Vertex classification accuracies (%) on Wiki

9Training ratio | 10% | 20% | 30% | 40% | 50% | 60% | 70% | 80% | 90%

DeepWalk 58.54 | 62.12 | 63.56 | 65.22 | 65.90 | 66.53 | 67.22 | 67.50 | 67.56
LINE 57.53 | 61.47 | 63.45 | 65.14 | 66.55 | 67.66 | 68.35 | 68.21 | 68.31
node2vec 58.93 | 62.60 | 64.11 | 65.36 | 66.03 | 67.38 | 67.93 | 68.26 | 68.99
SDNE 52.42 1 57.34 | 60.15 | 62.35 | 63.18 | 64.21 | 64.71 | 65.63 | 65.60
MNMF 54.76 | 58.82 | 60.43 | 61.66 | 62.74 | 63.23 | 63.46 | 63.45 | 64.77
ComE 59.11 | 62.46 | 64.38 | 65.45 | 65.98 | 67.38 | 67.49 | 67.92 | 67.89
S-DW 59.97 | 63.41 | 65.48 | 67.03 | 67.95 | 69.15 | 69.45 | 70.03 | 70.63
E-DW 58.69 | 62.37 | 64.01 | 65.46 | 66.16 | 66.85 | 66.79 | 67.05 | 67.05
S-n2v 60.66 | 64.43 | 66.63 | 68.23 | 68.92 | 70.52 | 70.41 | 70.62 | 71.60
E-n2v 60.07 | 63.81 | 65.52 | 66.69 | 67.64 | 69.21 | 69.62 | 69.40 | 70.71

% 7.5 Vertex classification results (%) on BlogCatalog (micro-precision).

doTraining ratio | 1% | 2% | 3% | 4% | 5% |6% |7% |8% | 9%
DeepWalk | 23.66 | 27.12 | 28.28 | 30.02 | 30.58 | 31.37 | 31.57 | 31.71 | 32.31
LINE 19.31 | 23.21 | 22.88 | 24.82 | 25.89 | 27.00 | 27.75 | 28.70 | 30.04
node2vec | 24.47 | 27.83 | 29.11 | 30.61 | 30.87 | 31.05 | 31.50 | 31.44 | 31.96
SDNE 17.73 | 22.38 | 23.92 | 25.06 | 25.65 | 27.05 | 27.44 | 27.72 | 27.97
MNMF 19.26 | 21.08 | 22.29 | 23.99 | 25.24 | 25.97 | 26.31 | 26.58 | 27.16
ComE 22.67 | 27.43 | 28.49 | 29.79 | 30.34 | 31.04 | 31.32 | 31.58 | 32.15
S-DW 23.80 | 27.02 | 28.63 | 30.14 | 30.25 | 30.96 | 31.16 | 31.46 | 32.45
E-DW 24.93 | 28.36 | 29.28 | 30.80 | 31.19 | 31.65 | 31.72 | 32.22 | 32.76
S-n2v 24.95 | 27.88 | 29.17 | 30.24 | 30.95 | 31.77 | 31.85 | 32.12 | 32.34
E-n2v 2575 | 28.29 | 29.36 | 30.54 | 31.13 | 31.36 | 31.67 | 31.99 | 32.60

TARRE MG, ik 2% R . B&5, SESNMNEERRY IR
RIFHEL, CNRL R H 5D bRy B s 5745 B AP RO

SEEREMSH: N TRIE CNRL X EH K X1 B0 1T MR
M, FAE =AEARE LT S H RS . X H, AR SRR H S-n2y
R, R HEE IS (TR) 258 0.1,0.5 F10.9. WE7.50w, M#XEH
RS, CNRL AEf2EMRM. XRHIATHELE CNRL fe s A Tkl
ANFLERE PIFEIX, HBRAE T i T i
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7.4.5 HEEETN

X TR XGEEAT AR R AL T4 B A IER T RE 7. BRI, FRATTRA T 8
FEPUMAE 55 KPPl CNRL AL RCR

YHE— AL, FRATBENL b — 2 Lu ) i /R R 4E , R IR R IR EE
BATHINGREE LI RN 28 R, XS W 28 7ROk o 571 s [T R AH
ACLEE, 33T FH SR T R 2 AR 7 (1 B 4

N T ATICER, ATRA T MR R e T, ARG T P &5 10 p k42
TR 72 RN 28 R oR 2 2] 7o XK e 7y T B s 2 TR RO AR AT T 5

1EE 7.6, FRATRR T BB 5% G, ARBAM AUC 4558 . FHEFEER
J&, f£ BlogCatalog #E 4 -, HT LINE-1st FI45 50T LINE (4558, FAT®RE&
JE/R LINE-1st Fg5 8. Mz, FATRIL:

« TERZHIBIL T, MHRRE: T EBRBER TSR T N e RHIE

FBE R TIN5 7250 IX 3R BH I 28 3R 7R 2% 2] 7 1 el B0 G 50 2% JE Y s ) 45 415

B —ME4E Sl M R ROk, EIXFELL T, CNRL MRCRER T X

PR I 48 F s 2 ST . X BIGIE T CNRL 5 FE A X A5 B I Rt

* %IT BlogCatalog £(#i4E, 7 s F3EEHCH 32.39, imm T H EHHR AT A

R, DRI, IXPh 28 GG R T B ) B T Sk U7k, ilan CN

MIRA. 28T, WE 7.6, HJERATEEER 80% HITANF, XEEfa B H T 4t

W55 N R, F23 25%, PR, CNRLAAY R % 5%. X WIGIE T MK

TN STRSRY A A B R A 5 PR 1 T

BEBURM ST ERERTINSZIG b, BATRE XX BE K X TR R
IR EAT TR TT. AT B RIS EBURE i — 80 BATFEFERA S-n2v
B, A X R KM 20 36mE] 120. 1l 7.7FR, BEE X EGE AR, CNRL
RN IR T R g , AUC 45 AL A Bl 48 b iR Z AT 2% BURMESHr
iR, CNRL X TFHSH K AU, 8885 @ HIEH T AR5

7.4.6 FEXHEM

F£7.6 XKL

Datasets | SCP | LC | MDL | BigCLAM | S-DW | E-DW | S-n2v | E-n2v

Cora 0.076 | 0.334 | 0.427 0.464 0.464 | 1.440 | 0.447 | 1.108
Citeseer | 0.055 | 0.315 | 0.439 0.403 0.486 | 1.861 | 0.485 | 1.515
Wiki 0.063 | 0.322 | 0.300 0.286 0.291 | 0.564 | 0.260 | 0.564
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i T BigCLAM A1 CNRL 73 )2 B fUEA R X ERIMER A0, A
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(c) 4 communities by CNRL

K78 XAk
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# 7.7 WL “Protein Secondary Structure Modelling with Probabilistic Networks’ ] 5z 4

CNRL

Using Dirichlet Mixture Priors to Derive Hidden Markov Models for | Neural Networks

Protein Families

Optimal Alignments in Linear Space using Automaton-derived Cost | Neural Networks

Functions

Dirichlet Mixtures: A Method for Improving Detection of Weak but | Neural Networks
Significant Protein Sequence Homology

Family-based Homology Detection via Pairwise Sequence Compar- | Neural Networks

ison

The megaprior heuristic for discovering protein sequence patterns Neural Networks
DeepWalk

An Optimal Weighting Criterion of Case Indexing for Both Numeric Case Based

and Symbolic Attributes

Using Dirichlet Mixture Priors to Derive Hidden Markov Models for | Neural Networks

Protein Families

On The State of Evolutionary Computation ‘ Genetic Algorithms

Optimal Alignments in Linear Space using Automaton-derived Cost | Neural Networks

Functions

On Biases in Estimating Multi-Valued Attributes ‘ Rule Learning

51 J&T “Reinforcement Learning’” 285 X FREANEX, FAT@E A (7-6) Kk HL
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f; MAkIX 2 5 ‘Cased Based" A FiAHIK; #1IX 3 B 5G7E “Reinforcement Learning"
HH IR 2 ST R AR 7 v

MR IX L T S H AR IS 1Y A S 5 X L B A 1 AL X AR AH
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7.4.8.3 =B+ X4HE

TEIX— /N, FRATT 4 5 O A B SRR B CINRL & LA 4 =) A A DX AR
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*®18 AXpEE

Representative vertex ‘ Label

Community 1 (weight = 0.56)

Learning to Act using Real-Time Dynamic Programming ‘ Reinforcement Learning

Generalized Markov Decision Processes: Dynamic- | Reinforcement Learning

programming and Reinforcement-learning Algorithms

On the Convergence of Stochastic Iterative Dynamic Program- | Reinforcement Learning

ming Algorithms

Community 2 (weight = 0.20)

The Structure-Mapping Engine: Algorithm and Examples Case Based

Case-based reasoning: Foundational issues, methodological | Case Based

variations, and system approaches

Concept Learning and Heuristic Classification in Weak-Theory | Case Based

Domains

Community 3 (weight = 0.12)

Learning to Predict by the Methods of Temporal Differences ‘ Reinforcement Learning

Generalization in Reinforcement Learning: Safely Approximat- | Reinforcement Learning

ing the Value Function

Exploration and Model Building in Mobile Robot Domains ‘ Reinforcement Learning

7.9 Cora P4 IX AR M 7R

Community ID ‘ Words and Frequencies

0 ‘ Models: 13 Hidden:11 Markov:10

6 ‘ Reasoning:13 Case-Based:13 Knowledge:7
8 ‘ Genetic:23 Programming:16 Evolution:9
13 ‘ Boosting:6 Bayesian:6 Classifiers:6

15 ‘ Neural: 14 Networks:11 Constructive:7

19 ‘ Reinforcement:21 Markov:8 Decision:8

AKX A REER TS RAVERE Pr(v|e) > 0.005 135 2. BJE, AL+
X 5 N IR 8 H B s A S, RN X AR MAE . BT Cora &
— LA IR SRS, R 2 HOL SO R H H e “Machine” #1 “Learning”
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