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Abstract: With the development of online social networks such as Weibo, WeChat and Facebook, network representation learning has
drawn widespread research interests from academia and industry. Traditional network embedding models exploit the spectral properties of
matrix representations of graphs, which suffer from both computation and performance bottlenecks when applied to real world networks.
Recently, a lot of neural network based embedding models are presented in the literature. They are computationally efficient and preserve
the network structure information well. The vertices in the network are connected to various types of relations, which convey rich
information. However, such important information are neglected by all existing models. This paper proposes NEES, an unsupervised
network embedding model to encode the relations. It first obtains the edge vectors by edge sampling to reflect the relation types of the
edges. Then, it uses the edge vectors to learn a low dimension representation for each node in the graph. Extensive experiments are
conducted on several social networks and one citation network. The results show that NEES model outperforms the state-of-the-art
methods in multi-label classification and link prediction tasks. NEES is also scalable to large-scale networks in the real world.
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Fig.2 An example of the influence of relation type information on the node sequences
(same type lines mean similarity relation type)
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HHREAT A i 7 PR BEHLI SE A5 B B0 | e 81 R 45 4 T 52 v I B TR _E 330 A 15 21 10 i e 51 ¥ A 2
I fY) Skip-Gram AR, VI 215 21 f5 24 07T sl 1) B T OA, B ATTHG R T B AR K A T Skip-Gram
B A R HARRECH [ p(wlW) Ak B LE B ATARAL LR SO a2 > SRR 1 i BLE AT S S0h

WeC (W)
11 pvivy) T p(w|w),

& j<E WweC (w)

similarity(e, ., ;) =



I AT AR R SR T )RR

Ferp p(vivi) T OR A7 — BT AR AL, 52 SCR

p(v;,v;) = U(Viij)v

763

FErb v B vy 23 R ROV AT v A TR SO U I ) 3R 7 NEES A5 28 33 i 478 1) 40 i (1 16 8 S s, vy DR 5 15
BT AP 20 T AR T 32 PR ARARLRE . B B 25 s ¢ RN F L & ARRLAG B 32, an B 2 TR A1), () s, el S 3
AT B0 1 by T A d B 6 R A 2B T 81 B N ek £ Skip-Gram B i 2 ik B AR, bR SCR T
C I A5 F 2 3 B0 ) AR AL AR a2 U, BRATIA B T A AT IR RIS IE . HL S AR 55 3R R AL T A2 )
[ 1) AL B A% S B RE 2% 2] T LINE B2 00 i 6 — B AR AUME B AT T 58 9 5E 3 AR A7
A A E L A A IR
E% 2. NEES 77 55 [n] A7,
N B G=(V,E), 12 i B4 i e RIFO 3 [71 25 Kt 00, 30 72 B v, A KR 1,5 11 w, 465 d2, SR BN 3 n2;
7 e AL e RV,

10.

© 0o N o gk wDdh R

WG P AR & W o
TS W (v, X)
Fori=1tordo
V=Shuffle(V)
For each veV do

s,=BiasedRandomWalk(G, z,v,l)
AT ST s, AL W
End for
End for

ImprovedSkipGram(G,W, #,w,d2,n2)

BiasedRandomWalk(G, zv,1)

© N o gk whRE

WA 5751 s,=[v]

Fori=1toldo

2R A5 cur=s,=[v]

RIS HTY A cur AR JE S A 4E S N, =GetNeighbours(G,cur)
IR IEFE cur 4R 15 55 s=AliasSample(Nyr, 7)

¥ s AT 2UF 1 s, [i+1]=s

End for

Return s,

ImprovedSkipGram(G,W, ¥,w,d2,n2)

1
2
3
4.
5.
6
7
8
9

ST ¥ 50 S AGHT AR A 257 1) LA B e RV

For each e;jeE do

For each seW

For each ves do
VR S C) R BRI TR A W

Foreach ¥eC(v) do

ST R v BEAT SORFE 15 3 U A4 A NEGT (v),] NEGY (V) |= n2
Foreach ue{v}UNEG'(v) do

0" +=n[l"(U) - (V" oV

10. End for
11, U+ = ”Zue{v}uNERv IO o(V'6")]0"
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12. End For

13. End For

14. End for

Sk NEES B8 Hh 78 T DeepWalk BERRE — B ALY (9 A &2 AT HLGS 5 7 B B AR P 36 L
b A7 T 0 B AR AP

15 ERESH

R W 45 5 ) RE AT BN SE B A 1K) 55— A ) RELAE T I S 2% T AR 10 43 () B 2% JEE sz IR T 3
(] I CRAT BT AT 1 s R LA i, B 25 R S22 5 O((E]). I ) B2 2% BEwl 29 2 3 AN ¥ i i
o U LB B AL I S UIZRAE R A B ) B2 1 O(vkndi), v O B R RUEGK O T R n O BOR
FERORAEHL,d 1) R 4R B2 i by 3B AR KL KOs B W0 48 AT — A B AL 1T n,di A 2 K s
S (K3 0, DR R 55 1 B 2R () I [ 52 2% P mT AR O 510 i v AT G,
o G 2 [ BeA s BE AL AE A Skip-Gram BRIk, I BEALIE AL I 1) 528 B2 O(vkdrl), 2L, r 2 A
T e R s A PR UK R i A P B B AT 2 OB 1A I e A Bt i 5 e v £
PEAISR K, 22 Skip-Gram 84 & ({ I (0] 2% B2 O(swndi), He s g A SCRS AT s w2 Bk
SCE RN, Tl i 2 HOUE.
Skip-Gram 5% [ I [ 5 2% J& w] AFE 5055 BN PR 19 B s e MEAR G, HL 3 /S8 20 A B9 vl LA R AT AR 2, DR 8,
NEES #5280 ] LU A2 R RS 1 K0 £ B ATTRE A 552 560 38 20 08 50025 (10 P10 974 A et L A ) S L.

2 £ B

AN NEES MR BEATBAL 2 BT 9236 0 T 7820 U 91 NEES B8 (1A bk, AT JLAE L T « 22 A8 23 2%
PIAMES BRI AT 75256 00 7 B0 R AR 2R 1) B R R R A, 43 ) MRS 28 %o 2 B30 () 0 R R L % B oY 8% R
R B 1) S R 385 i B P A 7 THT R AT S 56
21 XWRE
NEES 7 {1 25t ) ) b AL LA 4%, L 2 Bl th 3 47 P b 3 R0 22 ) AR 56 2, AT %37 s
B RAT S o L TR . 15 0o SR8 KRR AT 55, BT #10Ks NEES #2855 Rk A58 0 i3k 47 % L.
(1) DeepWalk!™®: 1% 77 v i 1k 75 [&] op AT B LT S 13 2075 2551, 60 5B N Skip-Gram A7 kg AN
RSB A d YRR R 0] LG NEES #R2 [1 —PRe SR A 3, R BT A 1 AR AL BE &84 1,

(2)  LINEM:3Z 535 43 530 — B AR ACUE T i AR DL (A7 T 0 205 (10 J3 355 445 g R 4 J 45 g 3R ) ] Bt
LW 7 2 ) B RN A5 Bl 4 d 4 &

(3) Node2Vec®):iZ J7 i & 3 T DeepWalk £5 70 () {H L T3 ek 9 4> 2 33 th) 7 3 2 I 408 J 36 456 1 SR s 3R
S FURE K Fe B N SKip-Gram ATk 5 i 2 3] 31 d 4 ) R OR.

SCHR[16] P 3 F), 1 T DeepWalk 5  EAR ALY BEAT T T 45 T2 7 Softmaxt® ) Skip-Gram # AH EL T 1
FRERA, E S B B R, M K DeepWalk A1) Skip-Gram #5704 5 ok 36 F SOR BE R R A SC 5 Sk
[16] M T AH ] 4k B2, PR F5 oAt 4% 11— B0 FRATT 10 2 BB DB 18 K 23 #1845 SCHR[16]— B FURFE S 4L nl F n2
ik 5, I B AESE d1 A d2 380k 128,84 sl E B r O 10,7 A | 2 80, % K/ why 10,3E ARk 3L
b 1.5 T Node2Vec BEAY (1) p,q 245, oAl T4 2 R FH 1006000 b ic 2508 11 4 560 3F 48, 76 p,qe{0.25,0.50,1,2,4} 1 I HL
—XF T LINE, B4R % 2] %24 0.025, 5 R A S48k 100 12,

2.2 FHMELR
AR SR SE 5638 43 2 BETEAT W AT 55 T TR AN 22 b3 2 43 RAT 55
o T ZARE S HATS MG AL VE 2 T A —BER202 AR %2 7 34 (Macro-F1) F 4% - £ (Micro-F1)
HVE FR R,
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o ST AL TRMAE S5, AT 4% v Bt ATL B8R T — 350 23320 4 by WA 491, o 2 4% 1 L T N e A R 4 5
NG BAE - RitH

P B & ) ST, v SR RN AR PR AR SEARABLRE R A AR R 81 HE A K N R B b e B A HERR S HT K
25320 BV A TR &5 TR AL BN Sk W BEAEAE 134 5 SCHR[220 38400, 12 AT 54 17 KOS 6 % (Prrecision@K) AT 1) 4 1
F MAP(mean average precision)fE & {FAN Fabr. B Ak iz L
I{e;; |v,,v; €V, index(e ;) <k, 4 ; =1}

m ,

oV ORI RS R IR R B M 1L 4R B ey R W L vi A vy (W3 (AL — & SEBR A7 1E), index(ei ) £ 7
120 e TEBLBS PRI 25 R b R HE P P 5,4 =1 KRl e £7E T 105 E.

FHEL Precision@k, P35 4% iff 6 5 A2 = T 45 S8 v HE 21 S BT AFORE, B (R S SR
Z'ii'Precision@i -4

|E'|

>0 AP()
S

Precision@k =

AP =

MAP =

Horh A 7R R B 258 AT A R A b e LR 1,35 0 0;Q A2 A L.
23 ZIRBENEMES
DRI RATL LS RAGHAD N RSP R — D ABREE, T2 YRR AL o) ROR M B — A8 WA
55 ASCABAT I R B NEES BERLIN 27 2 RUR FRATIE R T 3 ML AT M 45 B SR 0EAT 245 85 03 AT 55 Bl 4R
goikketE IR 1.
Table 1  Statistical information of data sets

R BRI E

LGEES VI [E| P AR
BLOGCATALOG 10312 333983  64.87 39
FLICKR 80513 5899882 14656 195
YOUTUBE 1138499 2945443 525 47
YOUTUBE-small 22 693 96 361 8.49 47

YNGR, 1 2 B ATLI%E B — 38 2 B0 A5 9 VI SR 800 B0 T (0 15 A IR B8 % T BLOGCATALOG ##ii 4k, Bl
BHLIEFE T 10%~90061F A Il ZiHudi; % T+ FLICKR %4 41 YOUTUBE %4l £, FATTBEHLIL % T 1%~10% [ 4
A VIR B 5 Sk [22] 0 A B 7 K — 4%, BT R T YOUTUBE 45 4 o oA 2 (1749 s IS5 A, 159 3
M 2% YOUTUBE-small. 5286 A 5 K, IFH 5 IRSEH 1) Macro-F1 44T Micro-F1 ¥4H, 45 J WL3& 2(*F1* /3
278 NEES M2 4E B (55 0 0.99 F1 0.95 154 N BT 07 7%).

MZE 2 TR LA H:NEES #M R T 75 BLOGCATALOG i 4E 1 10%H1 20% b 1 28 FE M AR T HL A A5 704
HAWE EirF HABRE R G H &4 BLOGCATALOG ¥ 45 B, 4l - 8% L ) 4 90%H),Macro-F1 ¥ &
258 1 R I 47 1¥) Node2Vec F 1Y 18%. 3 TiF B 1 P AT IR ASE 24 2% =) B (1745 a5 1) B A5 2 AR B8 73 AT 45 BN B A
Sk Node2Vec HI BEALT DeepWalk #5578, L 7F YOUTUBE Hdli 45 L ¥ £ I AL, [ 1T Micro-F1 341 g
ik T DeepWalk #5575 K ] G642 YOUTUBE {4 45 (¥ I 26 4 560 i 575, 408 J 1 A R AE B ML 92>, BT CA g 130 A
S IE AN BEAT O W 5 1) 803 A S LINE B AF e M i ) YOUTUBE W 4% LR IR 75, S5 It 7 35 A7 % 1) FLICKR
P 4E B 5 Node2Vec 1 RIFE 1.1 & KA LINE 236 — B A AP LR A7 A3 55 6 NEES #5528 R 4 A6} 3 2
FEMEHEAT T 45, A6 — B AR AR PR R T REAT T 0, T DAAE - S B R AR AR AT T i i R B
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Table 2 Macro-F1 scores and Micro-F1 scores on BLOGCATALOG, FLICKR and YOUTUBE
% 2 BLOGCATALOG, FLICKR #! YOUTUBE ##i4E I [ Macro-F1 ¥J{E A1 Micro-F1 $#4{&

(a) BLOGCATALOG | Algorithm NEES Node2Vec LINE DeepWalk
10% 23.62 22.13** 20.29** 20.06**
20% 26.93 25.4* 22.94%* 23.11**
30% 29.7 26.72%* 24.66** 24.04**
40% 31.62 28.34** 25.59** 25.61**
Macro-F1 50% 32.84 28.45** 26.71** 25.77**
60% 34.48 29.07** 27.58** 26.45%*
70% 35.35 30.49** 28.76** 27.29**
80% 36.68 30.33** 29.07** 27.56**
90% 37.64 30.81** 29.99** 27.85**
10% 34.91 36.38 35.57 35.42
20% 37.81 38.96 38.58 37.56
30% 40.01 39.96 39.75 38.54**
40% 41.49 41.12 40.93 39.22**
Micro-F1 50% 42.61 41.26** 41.51* 39.68**
60% 43.83 41.83** 42.26** 40.37**
70% 44.59 42.44%* 43.09** 40.92**
80% 45.29 42.58** 43.41** 40.98**
90% 46.08 42.89** 44.05* 41.31**
(b) FLICKR Algorithm NEES Node2Vec LINE DeepWalk
1% 13.82 12.04** 9.57** 10.72**
2% 16.66 14.36** 10.81** 12.65**
3% 18.47 15.75** 11.96** 13.93**
4% 19.53 16.62** 12.64** 14.66**
Macro-E1 5% 20.48 17.35** 13.42** 15.38**
6% 21.39 18.17** 14.22** 16.02**
7% 22.09 18.66** 14.87** 16.55**
8% 22.74 19.13** 15.42** 16.9%*
9% 23.13 19.45** 15.95** 1724+
10% 23.68 19.78** 16.43** Z5T**
1% 33.35 31.81** 32.51** 32.38**
2% 35.16 33.71%* 34.08** 33.61*
3% 36.25 34.8** 35.02** 34.35*
4% 36.87 35.53** 35.62** 34.76
Micro-F1 5% 37.41 36.18** 36.15** 35.12*
6% 37.84 36.71** 36.6** 35.39*
7% 38.21 37.2%* 37.03** 35.64**
8% 38.48 37.56* 37.27** 35.83**
9% 38.73 37.93 37.6** 35.99**
10% 38.9 38.2 37.89** 36.11**
(c) YOUTUBE Algorithm NEES Node2Vec LINE DeepWalk
1% 33.92 33.3* 28.35%* 33.44*
2% 36.19 35.32%* 31.97** 35.58**
3% 37.28 36%7* 34.37** 36.72*
4% 38.15 37.5* 35.97** 37.49**
Macro-E1 5% 38.85 38.27* 37.19** 38.18**
6% 39.31 38.77** 38** 38.65**
7% 39.74 39.26* 38.62** 39.17**
8% 40.02 39.68 39.1%* 39.48**
9% 40.38 39.88* 39.8** 39.77**
1% 33.92 33.3* 28.35** 33.44*
1% 43.04 38.75** 37.94** 39.03**
2% 44.66 40.32** 40.8** 40.57**
3% 45.66 41.4%* 42.69** 41.61**
4% 46.3 42.08** 43.93** 42.34**
Micro-F1 5% 46.81 42.92%* 44 .85** 43.03**
6% 47.19 43.53** 45.43** 43.55**
7% 47.45 43.95** 45.89** 44.03**
8% 47.59 44.45%* 46.15** 44.37**
9% 47.77 44.73** 46.59** 44.72*%*
10% 47.97 45.13** 46.96** 45.2**
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2.4 JAFMES

T PREI AT 55 2 185 0 A 5% 7 LR IR 2% ST ROR IR o — AN AT 55 58 TR AT 45, AT arXiv GR-QC #ds
HEPSTHEAT IR, XA — B ST A VR 0 2%, B 0 4% (K138 SCBR T arXiv F )™ SO 18 R 152 7 25 A0 I 4% v 4
A RAR—AEF B RMEF SRS T b — R S WA SRR — R R % M4 L 5 242
A5 1,14 490 4514, P33 LR 5.53.

h AT S FBUINAE: 55, FRATT A P59 28 v B AL 6 9 T —— 8 4 220 A DA U 481 e 4 1) TR T N 5 P % 3 s 2
IR NGRS A5 B &5 A ) 5, T T S50 P 1 R TR) (18 4% s AR ABLSE AR AR FE A R IR AN 1Y A 2 T JRATTIA h mT g
(T SUN

PATTHEAT T PRS2 58— 7 T VPA 7 256 3 U AT 55 () 38 AR R, 5 — 07 TP A A8 B 7 3 Tt AT 55 52 ]
AV TR 52 00 K/

FFEE LA FATTHE T B 5% (R4 2 000 453h), 14 A Precision@k 11 4 VP IR HE K BN 2 1K
R F] 1 000,45 KWK 3 AL PR LUE tH NEES #8471 K2 Hig il R ISR T- I Mg 23X 438 B NEES
R AR T RO 2% b Al g A 45 3L VR .

Table 3 precision@k values of arXiv GR-QC dataset on link prediction task
R 3 LTWAES arXiv GR-QC i £ _E (1) precision@k {i
P@2 P@10 P@100 P@200 P@300 P@500 P@800 P@1000

NEES il 0.7 0.42 0.34 0.37 0.33 0.32 0.3
DeepWalk 1 0.4 0.27 0.31 0.3 0.26 0.24 0.25
LINE 1L 0.4 0.22 0.17 0.15 0.19 0.21 0.21
Node2Vec 0.5 0.5 0.4 0.36 0.3 0.26 0.25 0.24

XA 2 NS, AT T AL AR Rl AR 0 L), AT MAP A D LR AR T precision@Kk, & 5%
DHEERT SRR R A5 RS 4 R 8] 3 o 45 R W] NEES B84 [ 45 RAR 240 T Hol 3 FIBEAL. 1T~ NEES
F52 1 15 DeepWalk,Node2Vec #1714 AH AL, AT 6 2% A e 35 A AR AL T A 78 LINE 6 A $icdfs 8 b (K32 T 28 R AR B
B2 JR AT RE A LINE SEARHS T — B ARADUE, 2 AT BB A% Bk, JE L 2 A8 Bl LU Bl ks 80%I X — B Af]
AAPE R 5™ 3 DL LINE P8R M BLBCR IR R e B e 2 A AT TR DL 4 i 2 40 S DL L 7 32 ol B L A5
B R AR0CR S 098 e i 14 4 3K 2 DR DA il A A9 8 K, T R A K 30 5 16 O, BT R il AR R i 4K
577 11, Bl il LA 88 R e 4 R I 5 R A Rt st /D, 2 B TR 4R 5 W L 28 A REAIR Y A Y
WA Rl T DR R 45 I B R T 4 N B T

0.1
0.08
o 0.06
<<
2
0.04 —#—NEES
—i— DeepWalk
0.02 LINE
Node2Vec
0
10 30 40 50 80
k45440

Fig.3 Influence of ratio of removed links
3 UREBR LA
25 SHYRES
AP NEES B ) 2 K i B5URAE 0 T 45 1 B B Aty e B YN 2 JAT T 2 6 17 30 fo) B 4B 1 X ALY
D5 0T A B BE I T R R v AN E AT | RS R 0 T Skip-Gram RS FRAT IR T A )
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RS d2 52 DR BT S VRN w RS I R T R R ) 2 0, 3L A S 0O OR R B IR AT A8
BLOGCATALOG #4li 34T 2 b8 73 RAT 55 KB IR U

BATE S VA HE AR XS NEES B8 (1) 5 . 45 a0 B 4 BBl 4 5 (7 888 o A5 784 170 250 SR Bl b T 3
DRIk B K 1) 4 5 R A7 A B8 2 10 15 IR UL XT38 1 B Bt ads i s I G 28, TR 0 O RSB R B B B
B R T LA ) FE A d1 6t NEES A58 (1) 5 W 2 LU Y 5010 B4R T d2 1) 5 e i B G — 2

a0 50
38 48
36 46
34 44
pndy nLE: /
%30 g 40
=28 = 38
26 — AR EEEd 36 —— i B
24 - AR EEER 34 AR EEED
22 32
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16 32 64 128 256 16 32 64 128 256

Fig.4 Influence of link vector dimension d1 and node vector dimension d2
4 i) g d1 ORI )RR R d2 1R 5

T30 AT T 95 A8 2 B (0 A B v R A A B ) B R R i, 25 SR 1 5 B T LU H B 24 r
(R38R BRI 1 S PRI SR T AR EN — MR X ). 2 T S 80 L R R BOR R R T (U TP 22 A
ZHRENE NEES AERUACRAR T2 D 0 Al ATk 3 A B BERE % 3 1y P v B 2 (10 ml BE B 42, R 4 R AR A1 S 2 1) A
FE SRR 8E 0, 2 (A5 ROT IR 43I0 AR S 80 r (BRI A 10,110 | I ERIAAE 0 80, LA Z 4L r REWS B0 L ik
B EEmAE.

40 50
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Fig.5 Influence ofrandom walk times r and length |
K5 JrESHr A2

EFE N NS Eow R 0, JA TR AT TR BA TR Z Hw 1R 1 6 3 0 1) 16,857 ) 28R
s OL TR BE AN L 19 1Rl DA D B i 10 PR 3800, B 5 42 (AT AR IR A1 s AR IR 7 0 1 A 3 355 20K i
Skip-Gram ALY I AN A BT SO - AL B, S BT e sl ) 7 A T AR R R T i B I8
A7 IR Vi) 3 22 L 0 10 8 48 KT 2 B P 96 e A DR e, 45 5 S 30 ORI S 30 B0 R R s 0 RN — N
/INRAE S SEAS (R IE .
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2.6 WHRLS

TEER 2.5 7 [ 43 A AT v FRATT 20 %0 NEES B8 [ I 1) 52 2% 5 1T LAIA K A2 55 485 11 il B R R A G 1Y
AT NEES R IR) f2 15 nf UL EAT T Ak 20 BT . 15 SCHR[21] 25460, JRATTR) FH I 1) python 1) 52 2% 94 45 4 15
networkx 4= i Erdos-Renyi BEHLEI(ER ) 15 4 A58 1) i 4 Hodis ER 114755 25/ 450 M 100 4 n % 1 000 000,75 &3
FELREEA 10.

Pl 6 s T NEES 155 28 5 [ B B 5 15 a5 350085 m 10 B [V 33 R 104 K 2. ) LA H AR (30 B i) 4 6 0 S 5 ) 5%
B R MM DG AN T LU R e B K R AR 2 B BRI BE AL A 4,5 Node2Vec 7 —#f NEES
R 20 A, 75 LA A WV R B N SR e o e B R S A DL B T A R ARG R B (R B E A 35 T 44 SR ARV B
MU AE I F2 0T LLAE O(L) I 7 53 2% BE P4 5 J. 110 265 L i B2 010 32 i) SR A58 2 35 2 o BB (49 o0 ) SR ASE R P 77 7R
FER AT T 0 BB FE T B, 32w 7 S 0% . o) L3 5 358 40 FE I #0AR 4 /0 RO 28 1 B BRI 34 i) A
R I B AR P

——

42 —E—EREEE
B R ER Skip gram

B 3
=
g
1
i}
2 3 4 5 6
logl0 7 i ¥

Fig.6 Training time w.r.t. number of nodes

K6 6T AT SR I K
3 RESRE

ARSCHE T TE MR P R R A AT NEES, B AN AR U8 B A8 S 15 mUF B[R] Bt e AR A7 71 5 5 4 i 1
X F A5 A .NEES 71 Ll DeepWalk #5754 > FEfilh, 3= 3256 DeepWalk 95 A J7 T il 1 et — 05 I, ' et 7 DeepWalk
2R (1 W AL A To e, 5 v A 0ol () B AR AL I ERAE R HE R 5 55— T THT NEES #5528 5% DeepWalk £ 463 4
{F T Skip-Gram AERIHEAT T o803, 780 T T 0 1 — B ARABUE AR A7 1) 8 07 i 3 78 JUAS LS T S R 4% Eadk
17T Z AR ML TNAT 4 W T NEES B84 3 AN 35 R AR g UL 75 R ILNEES #5821 12 ) 72 455
B X K FR BRI T — 7 7 2, & TR FHAs id Zdin, o B v BUASLAK 1), B8 I FH 280 30 St 3 (0 O 230 Y 5%
R — B BB AT LL R JLAN J7 10 AT 244
(1) S5 TR ARSI 0 ) 4% R R I G B HEAT 7 e R 5 35 . LRI, K30 20 5 Y 20 2 vk S R A B
RAG W 4% IR RR 22 48 R0 GPU B [T BIF 5 a0 ] 1) FH 8 5 2 20 B8 R A7 T8 OB 238 1115
KA T IR A7 A 2
(2) S bR R CRAT — B AR ABLE A5 S 6 358 43 1T LA HE s — B AR AL o) -0 B Do) 2486 11 2 ) A R T 22 (1
A A E 17 3008 R AN 4% Z 0. T2 400 6 1 R (0 R s 4 AR W S5, G AT 5 G R A R 2
AT TAE T M2 —;
(3) 1) ER AR L A O R IS R U SR R R PR e A T ) R PR T T AN 3 L 8 I <3 i R A L A S ] DA A
15 9% ZR 2SR AHACL ¥ 320 99 1 R ARLABL, i A2 5 AR 380 e A O R 2 R0 7 1) AT BEAT A8 K (0 g AT
1] 4 R % D A BV I b 52 86 AR T, AN B B U5 A e I A 3 R R AR 2R B )
TTRA, TR 2 T A7 AE 22 30 50 R AR WG A B B, 1K L6 [n) SR AE 45 S8 2%



770 Journal of Software ##F%4% Vol.29, No.3, March 2018

References:

[1] Zhu P, Qian T, Zhong M, Li X. Inferring users’ gender from interests: A tag embedding approach. In: Proc. of the Neural
Information Processing. Springer Int’l Publishing, 2016. 86—94. [doi: 10.1007/978-3-319-46681-1_11]

[2] Fouss F, Pirotte A, Renders JM, Saerens M. Random-Walk computation of similarities between nodes of a graph with application
to collaborative recommendation. IEEE Trans. on Knowledge & Data Engineering, 2007,19(3):355-369. [doi: 10.1109/TKDE.
2007.46]

[3] Chandola V, Banerjee A, Kumar V. Anomaly detection: A survey. ACM Computing Surveys, 2009,41(3):1-58. [doi: 10.1145/
1541880.1541882]

[4] Chang S, Han W, Tang J, Qi GJ, Aggarwal CC, Huang TS. Heterogeneous network embedding via deep architectures. In: Proc. of
the Int’l Conf. on Knowledge Discovery and Data Mining. ACM Press, 2015. 119-128. [doi: 10.1145/2783258.2783296]

[5] Bengio Y, Courville A, Vincent P. Representation learning: A review and new perspectives. IEEE Trans. on Pattern Analysis &
Machine Intelligence, 2013,35(8):1798. [doi: 10.1109/TPAMI.2013.50]

[6] Gallagher B, Eliassirad T. Leveraging label-independent features for classification in sparsely labeled networks: An empirical study.
Lecture Notes in Computer Science, 2010,5498:1-19. [doi: 10.1007/978-3-642-14929-0_1]

[7] Henderson K, Gallagher B, Li L, Akoglu L, Eliassi-Rad T, Tong H, Faloutsos C. It’s who you know: Graph mining using recursive
structural features. In: Proc. of the Int’l Conf. on Knowledge Discovery and Data Mining. ACM Press, 2011. 663-671. [doi: 10.
1145/2020408.2020512]

[8] Chen WZ, Zhang Y, Li XM. Representation learning on network. Big Data, 2015,1(3):8-22 (in Chinese with English abstract).

[9] Vennal, Kaski S. Local multidimensional scaling. Neural Networks the Official Journal of the Int’l Neural Network Society, 2006,
19(6-7):889. [doi: 10.1016/j.neunet.2006.05.014]

[10] Tenenbaum JB, Silva VD, Langford JC. A global geometric framework for nonlinear dimensionality reduction. Science, 2000,
290(5500):2319-2323. [doi: 10.1126/science.290.5500.2319]

[11] Roweis ST, Saul LK. Nonlinear dimensionality reduction by locally linear embedding. Science, 2000,290(5500):2323-2326. [doi:
10.1126/science.290.5500.2323]

[12] Belkin M, Niyogi P. Laplacian eigenmaps and spectral techniques for embedding and clustering. In: Proc. of the Int’l Conf. on
Neural Information Processing Systems: Natural and Synthetic. MIT Press, 2001. 585-591.

[13] Altman NS. An introduction to kernel and nearest-neighbor nonparametric regression. American Statistician, 1992,46(3):175-185.
[doi: 10.1080/00031305.1992.10475879]

[14] Mikolov T, Chen K, Corrado G, Dean J. Efficient estimation of word representations in vector space. Computer Science, 2013.

[15] Perozzi B, Al-Rfou R, Skiena S. DeepWalk: Online learning of social representations. In: Proc. of the Int’l Conf. on Knowledge
Discovery and Data Mining. ACM Press, 2014. 701-710. [doi: 10.1145/2623330.2623732]

[16] Grover A, Leskovec J. node2vec: Scalable feature learning for networks. In: Proc. of the Int’l Conf. on Knowledge Discovery and
Data Mining. ACM Press, 2016. 855. [doi: 10.1145/2939672.2939754]

[17] Tang J, Qu M, Wang M, Zhang M, Yan J, Mei Q. LINE: Large-Scale information network embedding. In: Proc. of the Int’l Conf.
on World Wide Web. ACM Press, 2015. 1067—1077. [doi: 10.1145/2736277.2741093]

[18] Li AQ, Ahmed A, Ravi S, Smola AJ. Reducing the sampling complexity of topic models. In: Proc. of the Int’l Conf. on Knowledge
Discovery and Data Mining. ACM Press, 2014. 891-900. [doi: 10.1145/2623330.2623756]

[19] Morin F, Bengio Y. Hierarchical probabilistic neural network language model. Aistats, 2005.

[20] Bordes A, Glorot X, Weston J, Bengio Y. A semantic matching energy function for learning with multi-relational data. Machine
Learning, 2014,94(2):233-259. [doi: 10.1007/s10994-013-5363-6]

[21] Bordes A, Usunier N, Weston J, Yakhnenko O. Translating embeddings for modeling multi-relational data. In: Proc. of the
Advances in Neural Information Processing Systems. 2013. 2787-2795.

[22] Wang D, Cui P, Zhu W. Structural deep network embedding. In: Proc. of the Int’l Conf. on Knowledge Discovery and Data Mining.
ACM Press, 2016. 1225-1234. [doi: 10.1145/2939672.2939753]

[23] Leskovec J, Kleinberg J, Faloutsos C. Graph evolution: Densification and shrinking diameters. ACM Trans. on Knowledge

Discovery from Data, 2006,1(1):2. [doi: 10.1145/1217299.1217301]



I AT AR R SR T )RR 771

Ff e 325 % STk
[8] 4L, ik 7 2= e A I 4% 7R 2% 2] K B4, 2015,1(3):8-22

BRI (1992 —), L, 31 g 47 BH A 2k, 32
TERT TN Web 42, B4 & AL

SRHE(1983—), T3, TLRZ UM, 3= BEAF 5T 408k
P ) o i, K A g, I AR

SN (1994 —), 57, 1 Bt A, 3 2T

RE B %%(1984 —), 55 BUT I, 3 ZEAF ST 40084
FUAIE A Web 123, K040 4 1.

BB R A LA K e I H B

SREE T (1970 —), &, [+ HR [ EF
Jill,CCF Tk B, 32 BRI ST AT Web $2
Jh g e L




