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Representation learning using network embedding based on
external word vectors

ZHANG Xiaokun, LIU Yan, CHEN Jing
(Mathematical Engineering and Advanced Computing State Key Laboratory, Zhengzhou 450000)

Abstract: Network embedding, which preserves a network’s sophisticated features, can effectively learn the low-dimen-
sional embedding of vertices in order to lower the computing and storage costs. Content information networks (such as
Twitter), which contain rich text information, are commonly used in daily life. Most studies on content information net-
work are based on the information of the network itself. Distributed word vectors are becoming increasingly popular in
natural language processing tasks. As a low-dimensional representation of the semantic feature space, word vectors can
preserve syntactic and semantic regularities. By introducing external word vectors into the modeling process, we can use
the external syntactic and semantic features. Hence, in this paper, we propose network embedding based on external
word vectors (NE-EWV), whereby the feature fusion representation is learned from both semantic feature space as well
as structural feature space. Empirical experiments were conducted using real-world content information network data-
sets to validate the effectiveness of the model. The results show that in link prediction task, the AUC of the model was
7% to 19% higher than that of the model that considers only the structural features, and in most cases was 1% to 12%
higher than the model that considers structural and text features. In node classification tasks, the performance is compar-
able with that of context-aware network embedding (CANE), which was the state-of-the-art baseline model.

Keywords: network embedding; content information network; auto-encoder; external word vectors; vertex classifica-

tion; word vectors; distributed representation; representation learning

75 HH#A: 2019-09-19. [ 4%t kit H #A: 2019-04-02. \ ] ) g N .
B TR 115 A0 (61309007, U1636219); 1% LA, B IRV 52, LA Facebook, twitter,

HE OB A T ) DR S B 5 H (2016 YFB0801303, e o 228 Shy £ 2 1 R TR D 2% S KT R R, PR AR T M

2016QY01WO0105).

BIE1EE : X 2%, E-mail: ms_liuyan@aliyun.com. E‘ﬁ IW é% éé!: 1:@ E/‘J é&ﬁ , iy‘;__lgﬁ ﬁ:ﬂi?i E/:J q:# }\J—f'; E 331{_3'22'_(


mailto:ms_liuyan@aliyun.com

55 54 5 i

, S BIASNERA i) A SCAR R 2% 22~

* 1057

S Z A JE AN 58 A s, T B — RE B G
F, [R5 0 A B A 5 R R 1R R o

AR T P AT S 4% () | Tl A X R

AL IR 55 2 Ml CRAR ST 18 305 | 56 & I 4%
AL T R SURAF R, T SO ol 9 2% T A
N CAE R, TECAFE B ML, SUAF R
DAIBRZE | IE ST, #5138 DL HoA T 4 I Xz 47
e, 25 Mg gt 7 kg ] A T i UME R . il
WICTI IS FR M4, i SCHE S 265 s Jf Lhs |
R FRAEL, 9 RS SUARR B . MEREL
I 13X BERE 1, 25 RO B8 52 % I 28 B304k 0 5l
TR

W 2% 2% 7~ 2~ 2] (network embedding T¥, network
representation learning) H A% J2& 5% 27 [ 4% 717 & AU AIK
R I SN o I 2 AN A N W N /A S
A1, AL SN 2] B 1 BE U8 10 A a0
AFN Y, Rk, AR I 2 M e T, H

BT A REBE T 4 P20, 5 A2,

GER Y92 RN B R A RS B75 9 P2 Vi
Mo REBTEAMBFRZIRILEIETMHRA LT

FRE HEAT 2% 2], 140 DeepWalk'” . Node2Vec'™

Line™ %5 2 i 25 #4435 AF A B AL 5 LA R A SCAR
B R4, 7F DeepWalk!”! BEfill b5 A SCAFRAE 1Y
TADW", 5 A H 73 Sy AL, IF7E 3643 S0 B
K25 N FPRESE A58 T H AT R4 SR 1) CANE™,
AT B W48 R AT T 1k DA 28 A By SCACREAIE
A, BT M SO A 5 A SRR S AR S 2
S, S e A R 0 SCER el il RS, X
Tl 0 75 E5 6 42 R AZ BRF 0 T TE S B 4
B b, RS | AR SN, R ) R
N % T, AR 4 SR R % 2 1) B 22 [ 4% R
fiE 5 177 U 25 18 43 A7 23] ) 2 1 AR X SCAS A 26
155 1 AR TR SRR . Bl o 1) [ 12 o Y 3
TEAEVF 22 LI BRI 245 20 1 1a] 1) B 9 0R, H
A T RS UE R B2 A i LW
515 5 SUASAR B 2% 1) R 2 A SCHE SR B A o

1 #x THE

W 4% 27 2 2] FUBOR DB 367K (graph em-
bedding) . [ 4E /7 F . 4145 multidimensional
scaling (MDS)!"” | IsoMap''™| Jaj ¥ £k 1 # 7% LLE"
L % Laplacian Eigenmap"", 3% Z8 32 13858 ¢
JE A e, N3 S TR R LR 28 v i

Bifi 25 3T AT ) 4% 3R 2 2] R e, R ] DL H
FERFRBLN 28 v ) SRTE AR AR 1 o X T SCARME B
RI2%, FE5RINT 2 28

1) R 2% G S5 R E 1) I 28 6 7R 2% 2] O i

Deepwalk!” E [ 2% 2% 7% 5 > il 25 LB
W 8 SRIE T b B R IR R B B AT A A B
7 SkipGram'! 5] A 2 X 4% R 2 ST 5, i@ ad
Wil AL U 5 A8 8 7 o5 R SCF 81, I K Hierarch-
ical Softmax (R 45 44 fin I 255 7% . LINE"
T2 R 05 B 1 M 25 28 T2 pR ROk R AR T 1 —
B B AR LS, IR 51 A GUREENY | S A B LR
TR (ASGD)"™ BEAR T35 B 4 FE , S 8 ) F K
FURE 0 £ 35 15 R R BT 5 . Node2vec™ %I Deep-
walk 1) FE AL AE 50 AT T8 ek, 8 78 0k %
2 v S A R 45 o IR B2 (DFS) DL R T
(BFS) Pt Je i 2k J7 =X, i 580 iy BT U0 A 5 s o
A5, GraRep' B k B A BLAE FE R AT 431, OF:
F 15 3 B9 R AE ) 2 2E AT PF AR B B S R A )
i, DAOR 4 B s B n AR DL R AR, B T I E
THAEE KB, W24 25 74 i AR U P 32 2R
TEARRLEETHE b, o — B o oA R R
i o )RR AE, — Mok i, B
B AF DL AR A0F 5 76 3 TR A e, (L A R T R
QURES L N

2) G541 R SUE B B 28 3RoR 2 2] T ik

AR AR Y S R 2% B 25 R R AR A L, BT X
SCAAE B M4, Yang 2" R T text-associated
Deep-Walk (TADW), ¥ 3C A5 B 5 DeepWalk 5
T 74540 Tu %" #2417 max-margin DeepWalk
(MMDW), ] SVM & 48 %} DeepWalk 7 3L A {5
J 2 v i O AT gk, Tu MY R T R TR
AH OGP 48 7R 22 2 f R CANE, £F XA B
3C, R EE B IIPLE], 222 &5 S 7E AR L
TR ERIR

i A B SCARRRE AT AR, 32 BR TR 55 A
BBkl 255 7 Al O 25 soak Bk . FEIR S AR
B T 6, i D5 | A AN 3] 1) Sl Bl SCAR {5 B 4%
RIS o

2 ENEHIAL

W2 1 fros, R Word2vec! i 52 56 %5 43 14
Zhihu FCHE A" 0 kil ) 4, XI55 20
[i] S5t 55 AN 1] ) 2 v %) B ATL 3R] A8 AL A T T X
Feo 7E Zhihu £C4 45 18] 2 b BE AL IO >8] <H
FAR7 BN, AR A 5% A ARLEE 43 B 4E Zhihu 1]
[i] it 5 A0S 1] ) 1) 3R AR B ET 5 SRR IERLY
. ATLIE B, 52 R T8R4 ML, Zhiha £ 5
IR AR R KR BE A BR, 18 SO I .



* 1058 /o R 4 ¥ W % 14 %
F1 <“BFRAMANE SEARAE
Table1 “Dian Zi Yue” cosine similarity E VX 4 éﬁﬂﬂ‘ﬁﬂﬂg

T R(zhihe)  AIRUE | BT RGMEAEE) M — AR — B ML E S 2 A 5 5k
L5 0.828 L 0.717 AR R A R O R, AR T 45— BV Rl Y
energy 0.801 e 0.710 B L5 R o XEHT 85w v, 25719 A R A
sound 0.782 B 0.709 1 W) — B AL EE R 00 A AFTEI (u,v), — B AHARLEE

2% 047 R or0sg B ] \
' B ' I MEIE CHrAERE R T YR A
RERR 0740 AR 07024 e i Gk g 40 J 45 3 10 B0 455 W R OO0 TR L i

®2 BRI X EE

Table2 “Hang zhou” cosine similarity

BN (Zhihu)  AHRUEE | BONOMSEIES)  ARRLEE
1897 0.949 % 0.765
UNLIF N 0.906 Tt 0.744
PN 0.866 piYl 0.744
Sk 0.795 T 0.699
ATET 0.750 ki 0.692

3 ARG #R

TF I LINE™ Hh 5 B 465 78 3, SOAA K
28 SLINF

EX 1 SURFEE M

SCAAE B MY E LN G=(V,ET), V £IR
Mg SRS, T B TAXAFELES,
ECVxV RRTSGEKM A, e=w,v).ecE
RET WA uov ZHAHFAHNE w, >0 B,
X F T 1 B way = wa s @v) = (vu), 3T A ) E
Wi F Wy  (1,V) # (V1) o

EX 2 5| AN ) 8 SCARTE B2

AN ER R ] B C, € HTETE SURRIE 23 [a]
F 3R] ) RN E A . LR SR B ML DL G =
(V.E,T,C) & X,

EMX 3 W RRHEZS AR R

W2 TR P H RSB S veV &
M —MRGEE [ B M E R R v e RYU(d << V)

X veV, HA5 S SCARFKIR A content, =
(word;, word,, -+ ,wordy,), 15 sURFAE 23 [A] 7R B A5 A
FEAN [A] ] it R AR 25 [ Y 3R 85 3R . 7E U B
D 2 v, REAIE 2 1) 3222 53 R 4 R SCAS 1 SCRFAE 1)
T SURFIEZS [E], 35 85 v FEH R amiE oy v, iy
S IR TE Al —FEAE S [ v, BRAE LA s SUAR TR X
7 e A 2 R Y ARADL AR B 5 DL BRI ) 4 6 ) R
TE R SEARRAE 25 (0], 15 05 v 7R Horp 3Rl o v, i)
FT SRR AE— e R LA T M4 45 14 AH

D = (W 1y Wazs W) NI u 5 AT A 2
6] () — B A ALE o v B9 B AHARLE Ry p L p
B ARABLBE , 32 RR B0 E AT LA i 4% 5% A 0L 25 A 1
JE iy s AT, A u v TR — B R4 R
A5, T B AL R 0.

EMEE ] u SHAMAA TSR N-1
B AU R p®Do AT LK LA B2 L ouov I N BY
AL Ry p™-D 5 p®=0 FIFALFR B, 25 u. v A
N -1 Bk A AR E A, W N Fr AL R 0,

FEF AR 1) 1 1 SCARE B M R on 2] H
(52 XoF 45 5 SCARE B4 G = (V,E,T,C), TERl&
SRR 5 18 SCRRIE W RRAE 23 [B) vy, 2% ) X285
SR 4 1] 2R v e RY, il 2278 45 4,15 ) 4%
SE R FRAE | W 28 A B SCARRAE DL S A0 38 SCA R
k. TR ERERIE, ACHMAH—F . =
B A AL BE X 5 4 R 1R E A T AR, o SRR AEfif A 1]
) i B AT AL

4 FF AN E ' U E BN %k
7 % 3] # A NE-EWV

SCAAT B 2 AR B 5 I B P 1] R R
fEZS 0] . o CHRAE2S 0] 5 M FRfE 2 18] . ZBR T
55 A By i B RLASE 5 18] 43 A1, SCAAR B 2% A5
13BN AIE SRR 28 M) 6 m 5 SE PRk Lok —
TR 22 o AR SC I A SRR R] ] A by S 560 R 4
By ps ok B2, T DAY RS SRRE 28 (B KR A
BEIEFR /18 LRk 22, i NE-EWV £ Z i e 2 4>
R, — 25| A SRS ] ) A5 B SCRRE R T
P70 s U2 ) Bl A 25 M FRIE | o SCRRIE 9 3R
NGRS
4.1 NE-EWV {REIEKZEH

NE-EWV 7324 3 4~ 45, NE-EWV1 7Eif
fE 25 (8] TR 5 | A 45 ¥ SRR 29 R, #5108 SRFAE 25 7]
A B A A5 A A AR 20 R B T S KR v . NE-
EWV2 TE 25 F Rk 25 (8] h 5| A SURFIE Y0, 15
B 5 A REAE 25 8] b A 5 0 A3 1 SCRFIE 29 A Y 9 A
FIR v, NE-EWV3 LR Rl ik 2 4551



553

SR, 45 51 ASMER] 6] B SO B 48 R o

* 1059 -

W KRR A S E], AR SR 2 Fa G o K
1) T B 2 A ) i RN AT B, A5 B A ROR
v=viev, Hr o R M EIHERE; 2) T H %
fidh i A Rl 5 A58
42 HEHARMIBNHAET B R TEES NE-
EWV1
YT T A ve Vv, HAY S SCAS content, = (word,,
word,, -+ ,wordy, ),N, N7 55 v SCARAYTRAN B, 9 48
ANEB IRl 8] B €, #F word, 7E C f£-7E, i€ word; £ C
H ] ] i R R A G, i M, A content, FRIRJFE C
O BB, T SR T SCRFIEZS ] TR aT DL FY
WJFF (C,,Cs,- - ,Cy) ME—FRIR o
T ASAE T SCRFAE 25 (8] v B 2R 7R 32 X 1 3
SEM, BT 5 A3 ORT LU VR S99 5 SO
AN OB IR 1Y 1 U A, A SO R AR DL, XY A
SCA TR LR SR S IMAL, 15 3 45 RAE 5 5%
T RN . TR EETE 5 19, X NE-EWVI
1) T AR A AT AP o
NE-EWV 1 L5 5 SCA 3] [n] & 119 2 1 A A
S AR RIS [ Y R R
V=W, Cr+wnCh+ -+ W Cy, (1)
K 26 R BRI A8 1 SURRAE 25 8] )5, Y A LINEY
X T G546 R AE B % pRIOE 51 A ZE R FRIE 20,
AL Rk SN R o i S LT 13 8 S N LG i e
u, v, — B AEARLEE 4 2% pRESUE R
Or== ) walogp @', 2)

(u,v)EE
1

P V) = T+ expu v 3)

T AHALRE B0 R ECE S

0= " walog py@'h) €)
(u,v)eE
, exp(u'-v")

pau) = — P20 (5)

4]

Z exp'-v')

XF TR GE B, W LINEY s F—Fr . —
B AEARLEE A A 38, T — B AR U R RE R T8
), X T L, DL B AR AL BE AR R 45 R R AT
LR EAT R . X T T m &, B — B AR B d6
P RBUAS BT R ANIE N v, AR 12K bR
BAS RN 5 R0 R v, il i A R PHEAS B IR
BT SRR IEZS (Bl 6 7R v = v @ @@
43 ZHARMIEFMES B R REE NE-EWV2

J T 5L ATE LAY, K 10 AR IR () 45
A, DA ) AR DL A i, PR R
JE BRI, XY A v FESNER A 1] & C
H A T A5 SCAR 1 S e SR R AR Y AN SR 1) T

£E content, C content’ C content,, contentS 7R H B E
AR ] i € PA ST A SCAR content, H Y 1] 4R
A3 X 4ES word, € content,, KK 5 v H HIA T AT
SCA B 2R A 7 v 811 word, € content, {341, 7]
m] &2 A 5% A0 LB sim(word,, word,) 1F & 1 1Y
. X F A MK, (word,,word,) = (word,, word,),
w,, = w,,=sim(word,, word, ) o

ZEATFERER R, SIA2 MR LE &
p~oq, b op EEHIY AT S bR #E T Y A
g B B AR S iR S T Y R R, I
PageRank'"™ H X Bk A% HE R 0 22 S, 45 45 v [ SCAR
T4 contentS TEANFEILIMERE pr, = (d,/dwe) (1-p)+
p VE R G S i, Hor @, S iy s B
A ST X285 T 1 B B KA X T AR 1T 25w 1Y
A T4 contentS , H o A AN 3H] DL HE Fpr, =
(d/dnex) (1 —q) +q VERY LS,

SEINYT R W28 5, 12T SR AE S5 A e ik 25 [a] vh
5 4.2 WAL BRAR R, W50 LINE®™ Ao 461 2k R i
FE S K SCAS Y ) 5 R 2 T g — B 25
REAE 2 (8] B AT o F 58, 459 8099 08 LA R T IS
P RAIE 25 )RR v o
44 RTEEHEE NE-EWV3

NE-EWV1, NE-EWV2 7E AR B2 B b #f 4 &
T B SCREAR B DA R G5 A FRE A S, (R A 7
A A], HERIR S5 R R T AR IEAS | . B
K ii, NE-EWVI, NE-EWV2 #§3iA T 5] — W 4 76 R
AR AR T 1 28 3R, X HL 38R 25 SR il S vk AR
A B 553 2] [R] — ) i 25 () o, HE e 7 Y AH X 4%
UL, IF AT BN AN SE . A I SCAR R Y NE-EW V3 X
NE-EWV1.NE-EWV2 £/Ra8 Bk fra & .

1) 3 o ) PR, 5B RARR v=veor,
TR A

2) RHE T HHRGASN R A, RT
voov BB AL G T 45 A R AR DL KO R, H
M AN ], AR S Ay B Ak [ g A 0 A 4 M AR
B v vt WG B A —FRfE S [ b, A LS 1),
TR TAEL AL, BERIIEIS FRRBE T
B,

BT 7E 2 ANFRAE 25 [ 6 ] — FH Y i 17 3R0R
Moy v B SRF (] ] £ s A s, PR R N A
J943E . NE-EWV3(AutoEncoder) ] F i 4 sk %k
XF X Ry yis P v v BARAUPE EAT 2931, 15 B R 4
HRR vo FET H b a5 1) R s fil G B8 Q] 1
fi 7o



+ 1060 O R

S S

H 14

1 ETAREHEHRTHGEE
Fig.1 Feature fusion representation model based on
aligned auto-encoder

F 4 A 2% 3 B AL 35 g 55 R S 2 AN R, G
Tt 3 e A A\ Wl 1) s ) o s ) o A A o
K B A 1] s 8] v Y 278 ik Dt 38 I A 1) 4 T
rh, ELAdE b e S ] A R R A AR, T B O
i b i A B A A ) S ] P YRR AR RS
Al fig—%,
NE-EWV3(AutoEncoder) % T X BRI A 4
WA LA, 27 2] wo v TE H AR RAE 25 (8] v i 2R 7R 4
B BRI TR R — 3K, X HLDUZE M S fa) itk
U . 2200 g Bt 4% 1 H R0 28 9 PR TR SORR
fEzS [ YR s v BEAT AR e AR e . LB A ]
W) b i A Ry 7 R T SRR 2 B T RN v,
B B, @it A 2 R 48 R
60 =W Vx+b0) (6)
xl_(k) — O.(WX(k)xi(k—l) + b(k)) (7)
o O sigmoid JE PREL; o(x) = 1/(1 +exp(-x))o
TSRS B B

alk—1 q7(k—1) a(k 7 (k-1
R = g(WEDED 4 pED)y (3)
& =W +5") ©9)

ENE S 3R &0
e 1 2R T 5 O BRBRCE SR Ly = Il — 212,
A 0 [ 3052 S 2K bR BCH Ly =y, — 9B T Al
vt REAS BT R TR 4 31 7] — 5 25 ), 7 58
GHFR O 5 y® BT, P E SR R
Ly=|pe® —y®|f o N T i g 004, 9 I 00 25

k-1 k-1
L= RPN

'BE';% NE—EWV3(AutoElI_1100der) R SR PR
j‘j L=oaL,+BL, +)’L3+Lreg, a.B.vy i@?ﬁﬁ?ﬂ?ﬁﬁﬂﬁﬂ
HEHESE L HATEFERv=xPey®, 21
JE 46 R PR H
45 HEMRH

HH T 2. 3 70 H A % pR B S5 1A R R B
pipy VI T softmax pREL, % UK 7T 2628450
WAEMITIHR . B TR E R, BIECR R
BN AR R R I R A

WO+ w0 [+ w7l

Q)
Wy

k
logo(u”-v) + Z E. pollogo(-u"-2)]  (10)
i=1

Ak BoRAAEARNE o KR sigmoid PR
P(v)ocd, M, d, Fm 15 v B S BRI
Adam"™ SR A4 .

5 SLih

5.1 SRR

SR AL AE TS M 4% e Y v S B SCR R
£ o X T SC R B, AR R] R U A
ARG H 800 J7 e SCE T e I 2R A5 2 1 ] ) 4 (hit-
tps://spaces.ac.cn/archives/4304), ] K/ 35 J7,
ERE 256 4, ST Google A A 7B 1
B Il 2545 2] (Y ] [a] 12 (https://code.google.com/
archive/p/word2vec), 1/ 5% K /N 300 J7, 4 300 4,
Horpr, Zhihu 24 SCEUIE 42, Cora, HepTh 235 SCEL
P

HepTh %44 . HEP-TH (high energy physics
theory) & arXiv & A B A FF8 3051 2%, BEL
PO 10 740 5 AL S AR 918 3T, D SCHE iR
VBRI s SCARAF B, DA C 20 5 =z ) 4802

Zhihu(FA-F-) o 4« T2 N Y 1) 24 41X
W 3, A SCAE T CANE!? 28 I i 007 o die 4,
HAL S 10 000 AN EHCAY P AR R A5, DA R
TR A SCARAE 1 SRR B

B S S BANESR 3, FEAN A 1) & 1
KRS GITINTER 4,

*F3 MREEEsIT
Table 3 Dataset statics

GRS TR KL TR

HepTh 10 740 16 629

Zhihu 10 000 43 894

R4 BEERBRALIT
Table 4 OVW statics

Btk wAAE REFANEC RESERLE %
HepTh 601 095 222 839 37.1
Zhihu 14 650 6591 45.0

SIS e R A X BE R AT 5 AT T
SEHG, I AE Cora BUEE L X4 S BAE S AT T
52 B&FE

DeepWalk"™ J2& 2014 4E45 HY 1) 0 2% 2 78 2
S, FEEFHRE AL E M Y S BT SUE R,
I ) P 1) 1) #5401 R % SkipGram 11350 9 4% 561


https://spaces.ac.cn/archives/4304
https://spaces.ac.cn/archives/4304
https://code.google.com/archive/p/word2vec
https://code.google.com/archive/p/word2vec
https://spaces.ac.cn/archives/4304
https://spaces.ac.cn/archives/4304
https://code.google.com/archive/p/word2vec
https://code.google.com/archive/p/word2vec

553

SR, 45 51 ASMER] 6] B SO B 48 R o

= 1061 -

Hierarchical Softmax #1715 {1k, DeepWalk %t
Xof O 4% 235 A4 1 B AL A T A A

LINE"™ 71| FH i 5 S A A8 2R 25 B b 800 — B LA
K B AR E AT T8 . o8 TR REIRER LINE
BB ERE, 13X B 2R LINE 295 89 1st+2st IR
A, BB — B A ABLEE DL K2 — B ARARL B R AT A

Node2vec"” = B4t Xf BEMLIT E 1 72 v 0 56 2
LA DL B BR BE A e i T Ak, 38 2o 458 i 8k e Al o
S8 p.q P T DeepWalk H ¥,

CANE" %9 £ A F 17 & AL DL &
R 28 ) 245 6t SCAR A7 A, = 2] FE AN ] LR 3¢
RE T ARARFRER,
53 MWiRFE

i A SO 5| T AR R ) &, R T b
] ] 4 AR A AT RE 1 A fE B, SRR LA
15 B () e 7n 45 TR 4 & 5 0] [n) B 4E BE AR [R], AR SO
T 1] B BEIE A1, 21 4k B 5 ] 1) Bk 4k BE AR TR

Xof HE LR 7 I B B, R grid search™”
PEAT R, DeepWalk™ AN st FF 46 A Bl HILIIG &
FE41 M 10, it K B 80, skip-gram % 124 10, %t
W R AR i, REARAN O E R K =5, T

FHl CANE " B 50% &, %} cora, Zhihu 84 15 &
a=1.0.8=03.y=03; HepTh I EKE «=0.7.
B=0.2.y=0.2, epoch ECK E H 200,

NE-EWV1 epoch 4% &4 50, NE-EWV2
TR S R F TF-IDS AR R 153 G B ], 4 B3 DG B )
%515, XFF Zhihu, Cora BU4lE4E, X B p=1/3.
g =1/10, X} T HepTh BHi 4, & & p=1/2.9=1/5,
epoch T 4Ui% & A 50, NE-EWV3(AutoEncoder) it
KRBT E «=10.8=10.y=1, epoch %%
B H 200,

XoJ A TN [, B B 2R s 5 SR A T I 2%
A G R, R H AUC 1R M 354512, AUC f
T IERADE IE AR AR S HE R AE AR AR AR 25
5, AUC $8 bR B R Ul BB R AE — 23 25 [m) - SR
AR o X A S )R, RAR B 2 R 45 SR s
AT IO, SR FHAER RAE AR 85
5.4  gEREETUN

TEA R R B 5 T XS5 RE TIUMAT 55 947 T
DU, D T 1k S 8 T — 2 b 48] 1 30 0 DA % 3k 6
T R SO BAE IR, DR A B
YE SRR . gk 5.6 Fim.

< 5 Zhihu BEE K AUC FEHR (256 %)
Table 5 AUC values on Zhihu (256 dimensions)

INZREE B0 /%

15 25 35 45 55 65 75 85 95
DeepWalk 0.5657 0.5739 05760 0.5915 0.5933 0.6078 0.6112 0.6208 0.6590
LINE 0.5147 0.5364 05642 0.6285 0.6445 0.6516 0.6781 0.6937 0.706 9
Node2vec 0.5332 05413 05718 06092 0.6299 0.6876 0.6973 0.6947 0.7292
CANE(200epochs) 0.5683 0.5877 05998 0.6213 0.6558 0.6813 0.7014 0.7118 0.7497
NE-EWV1 0.6573 0.6672 0.6638 0.6742 0.6788 0.6801 0.6916 0.7103 0.7211
NE-EWV2 0.6745 0.6893 0.6981 0.6973 0.7093 0.7464 0.7460 0.7774 0.7990
NE-EWV3(#4%) 0.6817 0.6627 0.6900 06822 0.6913 0.7222 0.7183 0.7559 0.766 5
NE-EWV3(Autoencoder) 0.6803 0.6915 0.6835 0.6953 0.6856 0.7431 0.7479 0.7668 0.7893

% 6 HepTh ZHEER AUC 3545 (300 4)
Table 6 AUC values on HepTh(256 dimensions)

WNZREE B 70 /%

15 25 35 45 55 65 75 85 95
DeepWalk 0.5338 0.6292 0.6693 0.6802 0.6957 0.6928 0.7066 0.7166 0.6939
LINE 0.5037 0.5090 05102 0.5293 0.5309 05358 0.5655 0.6083 0.6272
Node2vec 0.6605 0.6850 0.6959 0.7031 0.7065 0.6977 0.6937 0.6852 0.7101
CANE(200epochs) 0.7380 0.7775 0.7907 0.8043 08206 08283 0.8427 0.8528 0.8531
NE-EWV1 0.6653 0.6537 0.6712 0.6651 0.6881 0.7169 0.7448 0.7679 0.802 1
NE-EWV2 0.7415 0.7624 07759 0.7892 0.8039 08251 0.8217 0.8327 0.8479
NE-EWV3(#f#%) 0.7633 0.7772 0.8070 0.7853 0.8127 0.8354 08292 0.8536 0.8553
NE-EWV3(Autoencoder) 0.7136 0.7120 0.7239 0.7449 0.7825 0.8055 0.8308 0.8378 0.8137
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