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Abstract Network representation learning aims at embedding the network topology structures,
vertex contents and other information of networks into the low-dimensional vector space, which thus
provides an effective tool for network data mining, link prediction and recommendation system etc.
However, the existing learning algorithms based on neural networks neglect the location information
of the context vertices. Meanwhile, this kind of algorithms ignore the semantic associations between
vertices and texts. Therefore, this paper proposes a novel network representation learning algorithm
using the optimizations of neighboring vertices and relation model (NRNR). NRNR first uses the
neighboring vertices to optimize the learning procedure, consequently, the location information of the
vertices in the context windows is embedded into the network representations. In addition, NRNR
first introduces the relational modeling from knowledge representation learning to learn the structure
features of the networks, and the text contents between vertices are thus embedded into the network
representations with the form of relational constraints. Moreover, NRNR proposes a feasible and
effective network representation joint learning framework, which integrates the above two goals into a
unified optimization objective function. The experimental results show that the proposed NRNR
algorithm is superior to all kinds of baseline algorithms applied to the network node classification
tasks in this paper. In network visualization tasks, the network representations obtained by NRNR

algorithm show a distinct clustering boundary.
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RAETIL A SR I T — M I T CBOW 1y ¢ R A
TR 7 v NRNR_R.H: H br p6 50
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COZEMT A5 Al gk Ky 2 4> CBOW FiA
AN 220 RS 14 CBOW R 1 i 58 387 A =X Al L
KA AD B 2 AT .

—B . ZZlbgm,(v):
RIS

{14 v (s)
vECreRyE€ (v} UNEG(w)

(I1—L")) Ib[1—0(x; 0]}, 2D

« Iblo(x),.0°) ]+

g (o= || [ox].0977@.
&€ {v) UNEG(v)
[1—0(x,. 0], 22)
L e

fo=L"&) «1blo(x}. 0]+
(1—L(&) Ib[1—06(x) 0], (23)
NEG (o) #4750 R FERT , & WA AE 1 = 04l %
BN IEREA T AR LA AE 1Y = e A R R AR
SRJE I RREL £ %F 0° SRS 40, e 415 3 0° 1Y 3T
N2
0° =0+, « [L"(&)—0o(x] 0]+ x,.,.(24)
T x,., =x,tx AL, TERMXT x, Flx,
i GG B RAREH AN
X, =x,+tp-
DV L&) —o(x),00] .05, (25)

ce{v) UNEG(w)
X, =x, tpu-
SO —o(x]0] 05 (26

€ {v) UNEG(v)

ASCH T ALE B S = n AL M AE , R L AL
B HERINX (20~ Q26O ZHI.

Lgng x A Lxgsg 0 0SZELT 1 By 48T 55 1) 24
2 R A S e AL A O 2 R OR I s RN
THIX 2 AL 7 v R I il A B 9 2% 3 7R o o) i
HOCARSCRR T LB AR A O AN AR = on ik
b1 W 48 Fe 78 2 >) B NRNR_NR, H H bR sk 5y
Ekmﬁxw+

[:I\'RNRJ\' -

a X D lbgy, (w) + 8 X Elbg,+ (v)). @D

uEN,,

K@D AN 3 4 CB(,)W R ) & [N
W AP 40 10 2 25T R B Ry e A Rk K S 808
AKX CO RS FH AKX H KX A3) (14) (18)
(19) (24) ~ (26) 4L 73 Ah . BTG ZAE S B B v X
AR o B0 T HANHES H A 23 A SCH H Y
NRNR 58 i B g oA 45 7 530k DO AR
#i% 1. NRNR.
WA B GV E) A R RN d VR R
A BE AL % E B wp BEALIEE K wl 35 5 =0T
R ZICHRE B, 1 BB E T AL E o
B < RV
[ * AR A m B BEHLIEAE 3 51 [
@ for i=0 to wp do
@  O<Shuffle(V);
@ forv€O do
@ C<WalkSeqAppend (G ,v,wl);
®  end for
® end for
[ * WAL T A S5~ |
@D wvertex _size<—GetVocabSize (C);
relation_num<GetRelationNum (R) ;
@ V<TInitVector Cvertex _size,d);
A0 0<InitVector Cvertex size sd);
@ P~<InitVector (relation _num sd ) ;
[ R A — AT AT IR AL AL = /
@ for v&C do
[ YR JEAR Y TR AL 19 CBOW #E8Y * /
B  e<0;

@ x, < Z V(&);
g€ Context(v)
[ * ARPER (13) (14) FH CBOW H I [1
SR x|

® for € {v}UNEG(v) do
® q<o(x10%);
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©  gep L7 —ql; [ ARIBUITA 145 18 =04 * |
®@ e<etg0%; 3 (h,r,v)<GetTriplet (R ,r,v);
© 0°<0°+gx,; [ AR 2 (24) ~ (16) TR S 4 = |
@  end for 57) for €€ {v} UNEG(v) do
[ T BT SOV 3R ) ® X0, < V() +P(0);
@  for E€ Context (v) do 39 q<o(x ,0%);
@ V(O <V(& te; g<p e [L"(©—ql;
@  end for @ e<etg0%;
[ x R B &R Js 5 s A A I 4 R R 24 @ 0°<0°+Bgx,.,;
BAY * | end for
@ foru€N, do @ V(v)<V(v)+e;
@ e<0; P(v)<P(v)+fe;
[ AR (18) (19) BB S 45 * | end for
) for €€ {v} UNEG (u) do @ end for
@ g<o(x,0°);
® XLl 3 EBEHH
@ e<etg0%;
@ 0°<0° +agx,; 30 HEEHR
@ end for RS Citeseer(M10) , DBLP(VA) ¥4 4 5
@ V(E)<V(E) +ae; UEAS SCHR R B0 19 T A7 M. o 1 6 IR AE AR 25 R 2% oh
@  end for Byl fr, AR 3T DBLP(VOME T — 1N a3
[ R R UM S KR 2T B BRI 2% Shifted DBLP (SDBLP). £ SDBLP il
B x| R 1 A ISZ A5 s, I LM BR 1Y i i b T el
@ for r€R, do 85T 2 BB Y R B LI .3 A B A i BLA s
® e<03 R IR 1 .
Table 1 Property Description on Citeseer, DBLP and SDBLP Datasets
% 1 Citeseer, DBLP 1 SDBLP %1% & B M # i£
Duast Voo Bl Voo Vomen. Bl Closons Mo Nomber of - Nombes o
Number Number Number Number Number Coefficient
Citeseer 10310 5923 5700 4610 5923 0.264 2.57 1263566 6524
DBLP 60744 105781 43019 17725 105781 0.187 11.936 15848328 11858
SDBLP 60744 105781 0 3119 39516 0.259 25.339 510793 4451

W1 FrR B0 2 FF 3 43 5 ok JR IG B 48
() 717 A5 B R S B B 4 R I 4% rh IS T ALY
B 200 N R PICST Y 5 A AR L TR A 1 Y B A
BRI 5 FNE) 6 PR . B LM R JE 0 R 2
Citeseer, DBLP, SDBLP %45 4 #7415 2S5 AN 800 9 -k
4610,17725,3119, B34 15 43 55 A 2.57,11.936,
25.339. 01 LA & BHL . D) &% 1) % B B R B . AR SOl
Citeseer, DBLP, SDBLP £l 3 5 J& P A [6] 1y ) 2%
BG4 L NI S0 e A S B iz Ak e .
3.2 xfLe&E&%

1) DeepWalk.DeepWalk 55 12 2 & F #lt 28 R 4%

R B 22 B ) ) 248 e 7R 2 2 Bk G L i 22 W 4% 3R
TREE ) R JE B T DeepWalk 835 1 42 .
DeepWalk 2 I T Word2Vec 2 1. DeepWalk A fifi
1 CBOW F1 Skip-Gram P # 5 51 3)I| 245 55 T 1 25 1
2R R R A S B AL, b AT R ] fR RE R A 1Y
Softmax JI# M 25 Il 2k i £, CBOW B VIl 2 ik Ji2
P R 0, Skip-Gram B K B & 1 55 5L 76 48 3C
H Ll CBOW FHHCRAE I ZE DeepWalk.

2) LINE.Tang % A4 1T — il KRR 199 2%
R ) vk R A T A R A O A
SRE R FUASE 0 285 i i it 1) 4% 45 A 1l A IR 4 132 1) 1Y)
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25 3RR KL, LINE A U1 25580 B2 AR P EU RS BE AN
1o s JU AR T 0 10 465 v 0 28 715 1 4 R PR BB H 2  X
BT F R AT LINE (U H B 41 1 B4
B 1st LINE 8% 2 BrAH LR 2nd LINE. A SC
i/} 2nd LINE Y115 M 2% %758

3) node2Vec.node2Vec &% T DeepWalk &3
177 42 H 7 — b 1) 2 3R 7R 2 2 531k DeepWalk 11 B HL
Uie A WS I 58 2 BEHL . T node2Vece i T Deep-
Walk () BB L SEms  BISR T T R i) BEAR S
8RR TR B IE 2 19 2R SR SR SR A a5, T AR
Je AR A5 T N 45 1Y) 4 Sy o WL AR T AR AIE TR BE AR S 1
FAR I 10 45 14 ) 78 GUOUE AL P AR

4) GraRep.GraRep J&— Ff 3k T 4 B 43 i 10 5
W 46 37 2 S Sk TR AR R E T B AR
BN A=D 'S, Hh S AR, D J Xt
FARE I DUZE R B 00 0 48 S5 KRR AR E O AR R
1 SVD 2 5 fifk 55— B 14 1) 46 25 4 R AIE L B S D 4
JT A B 1Y 27 [ i AEAS SO R k=3,

5) Text Feature (TF). SCASRRAE J2& K5 P 4% 15 45
(0 SCAS PN 25 5 A R JL IR R L SR J5 B T SVD 4 il
AL B B L T A5 2 — S 31 4E B2 O 100 1Y SCAER
IE 1) AR SO T SCARFAE R, € RV g 45 4
)27 1] ft

6) DeepWalk+TF. ¥ DeepWalk 1 TF 4 511
W 28 7 (o) dt 38 2 31 1) B S A PR — .

7) MFDW. [ %% 375 % 2 $53% DeepWalk B iiE
SR E M= (A+A") 2, A U] SVD Fpk %
IYFRFEIE ML IFE T W=U « S 4E R 2% B 265 ]

8) TADW. W % /R 2% 2] 51k DeepWalk #iiE
B2 o A B M= (A +A) /2, i A S48 30 .
TADW JFIEf ] SVD L 55 BE M, 251 A T
55 B b 4 0303k 25 00 M B ML R Ol o5 0 B
A AT AT AR — S SRR B S B o) R R MY
ke,

9) STADW.iZ & i J&2 TADW B ik iy fij fL 1B
78 TADW B35k v i BR 1 % SCAS e AiE 19 1 1k
Ab R
3.3 XWiEE

AR SCAH I 2485 3553 AT 55 PEAR AR SCH S 1 5
TS ARSCH AR B AR SOl T Liblineart ™ 7
R FEL AR T W UE S A 1z AR RE T AR SR
RAEWE N 0.1~0.9, 3% 9 AN B U 2R 46 6 ) A%
1R T 4% 4 s AR R T 4 I 2% 36 R 24 2 Bk 15 B 1Y
W 2% R ) G — B R 100 4855 4h, 5 Rl AL
AR EE R 40, FEHLEEANECH 10 45,8 HK/AINH 5,
TORNEN 5, e /N7 A0 BE S 5, 28 I 4% (1 2 ) R
0,05, 1 B4R JE 15 B AL E S 0.7, 95 A = On A
R R 0.3 A T ff LI ¥ EE 10 WWHCE- ¥ {H
Ry B & i &%

3.4 ZRERSW

A 3C{# FH Citeseer, DBLP, SDBLP 45 B 52 1t ¥
26 B0 HE AR A S VF A4S BHE 4. JF N B4R 4 b il R
10 % ~90 %6 1 £ 46 1 S VIR 4 780 4% 1 B8040 7 Ry
IR R 2~4 G T A LR AP bR AR SCER
WA B AR 3 AR AN 9 FhUINZRAE L R B I 4%
WA R R

Table 2 Accuracy of Vertex Classification on Citeseer

%X 2 Citeseer IIBE LT AN LXERE

Algorithm

The Proportions of Dataset

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
DeepWalk 0.5589 0.5930 0.608 9 0.6148 0.6219 0.6230 0.626 2 0.6233 0.6395
LINE 0.426 4 0.470 6 0.480 4 0.4957 0.504 3 0.5102 0.5118 0.5307 0.5363
node2Vec 0.6247 0.6561 0.6600 0.6707 0.6740 0.6715 0.6746 0.6807 0.6856
GraRep 0.3938 0.5309 0.5785 0.5975 0.5997 0.6105 0.6157 0.6209 0.6089
Text Feature(TF) 0.5769 0.6130 0.627 6 0.6305 0.634 8 0.6330 0.6287 0.6219 0.6395
DeepWalk+ TF 0.5831 0.6115 0.627 3 0.6337 0.6418 0.6396 0.6550 0.654 9 0.6530
MFDW 0.576 2 0.607 9 0.623 3 0.6305 0.629 6 0.6300 0.6300 0.634 8 0.6430
TADW 0.6847 0.7229 0.7350 0.7425 0.7424 0.7473 0.7536 0.749 5 0.7547
STADW 0.4671 0.6199 0.6599 0.716 0 0.7311 0.7382 0.7333 0.7427 0.7436
NRNR_N 0.5689 0.606 1 0.617 9 0.6247 0.6304 0.6424 0.6449 0.647 9 0.6535
NRNR_R 0.746 9 0.7678 0.7749 0.7826 0.7818 0.7881 0.7888 0.794 3 0.7952
NRNR_NR 0.7647 0.7833 0.7929 0.7951 0.7997 0.8012 0.8013 0.809 8 0.8103
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Table 3 Accuracy of Vertex Classification on DBLP
®3 DBLPHIE&E LM T RS R EHRE
The Proportions of Dataset
Algorithm
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
DeepWalk 0.6226 0.6434 0.654 2 0.6598 0.662 4 0.6618 0.666 0.6703 0.6677
LINE 0.644 9 0.6653 0.6749 0.6787 0.679 8 0.6830 0.690 3 0.6889 0.6886
node2Vec 0.7339 0.7398 0.7525 0.756 1 0.7570 0.7585 0.7579 0.7573 0.7636
GraRep 0.5890 0.6590 0.6726 0.6792 0.6877 0.688 8 0.692 6 0.6956 0.6979
Text Feature (TF) 0.661 0.694 6 0.704 9 0.7115 0.7129 0.714 4 0.7154 0.7157 0.7183
DeepWalk+ TF 0.626 1 0.6515 0.6599 0.662 2 0.6637 0.666 0 0.6703 0.669 1 0.6761
MFDW 0.6502 0.746 8 0.7488 0.7502 0.7505 0.7513 0.7522 0.7457 0.7551
TADW 0.8022 0.8141 0.8205 0.8236 0.8277 0.8288 0.8271 0.8310 0.8297
STADW 0.7539 0.8051 0.8109 0.8100 0.8164 0.8170 0.8171 0.816 9 0.8134
NRNR_N 0.6406 0.6404 0.6579 0.6584 0.6732 0.6812 0.6878 0.696 2 0.692 1
NRNR_R 0.8127 0.814 8 0.8238 0.8349 0.8398 0.8386 0.8449 0.849 2 0.8418
NRNR_NR 0.8287 0.8239 0.8406 0.8474 0.8502 0.849 6 0.8576 0.8556 0.8507
Table 4 Accuracy of Vertex Classification on SDBLP
%4 SDBLPHIEE LMT RN XEME
The Proportions of Dataset
Algorithm
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

DeepWalk 0.7976 0.806 5 0.8188 0.8149 0.8256 0.8235 0.8273 0.8271 0.8337
LINE 0.7379 0.7701 0.7811 0.7828 0.7931 0.7897 0.796 3 0.7882 0.7877
node2Vec 0.8217 0.8287 0.8309 0.8451 0.844 5 0.8401 0.8484 0.847 3 0.8498
GraRep 0.8099 0.8252 0.8414 0.8478 0.8497 0.8417 0.8536 0.8527 0.849 5
Text Feature (TF) 0.6503 0.7123 0.726 4 0.7386 0.7454 0.7507 0.7514 0.7600 0.7533
DeepWalk+TF 0.7939 0.809 5 0.8160 0.814 4 0.8255 0.822 2 0.8210 0.8258 0.8315
MFDW 0.7979 0.8308 0.8438 0.8412 0.8453 0.8429 0.8470 0.8455 0.8453
TADW 0.8138 0.8313 0.8354 0.8484 0.8409 0.8434 0.8500 0.8569 0.8578
STADW 0.806 3 0.8192 0.8254 0.836 0 0.8402 0.849 2 0.8503 0.846 5 0.8527
NRNR_N 0.804 6 0.8017 0.8114 0.8186 0.8271 0.8337 0.836 2 0.8396 0.8346
NRNR_R 0.814 1 0.8281 0.8318 0.8413 0.8405 0.844 1 0.8509 0.8533 0.8505
NRNR_NR 0.8225 0.8294 0.8397 0.8449 0.8456 0.846 7 0.856 4 0.8579 0.8524

W35 2 JioR , LINE 5535 (9 9 46 555 05 73 28 1 g
B2 MFDW 2}y DeepWalk B9 [ 43 fift & X, Ho A
25 VO A I 25 B 25 A0 T R4S 9 IO 25 715 43 2R M g 1
T DeepWalk 5 3. DeepWalk il node2Vec 8 ¥
M IEJE I —> 3 )2 BT 2 P 8 N 48 550 1 AN ] 1Y)
A& L2 REAL R E P 91 38 B 2OAS [). DA 52 6 445
A K1, node2Vece 54k B M 4% 19 55 43 B ME RE L T
DeepWalk 9% . 7E Citeseer 054 F, M43 S 1
SCAFFIEAE T 5050 AT 55 h HAVERE L T DeepWalk
SR DAL MM 3 o A7 B b B 4 SRS RIS BT TADW 55
Rl SCA R AE 1 A I 4% 3R, LR A5 A I 28 15 4

SRR AR B T M K Hi k3% . STADW H il BR T
XFSCARRE L AL, R F BB 4 F TADW. AR XC
$2 1 09 NRNR_N 4L T Bl WL IR 2 3 R v 9 1 B <8
JE S R REAL T DeepWalk 895 A SCHE Y
NRNR_R 3 53 45 4 = o 41 59T 208 SCA R AE il A
B W2 KR p, M RRIE T TADW B3 A SCHE
) NRNR_NR ¥ NRNR_N F1 NRNR_R ¥ & B% fil
AAE L, BRI EPRE 1 B 48 R 9T A R 1 SO A R
IE Rl A B R 28 s v HART R PEREOL T NRNR_N
Fl NRNR_R, 308 T A< S b 4t i) At o G537
W 3 Fron . £ DBLP #% W 4% I, DeepWalk
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(1 46 15 mi 43 5 PEBERS 45 T LINE il GraRep. HH T
)5 ) 28 v A AE Rt A 3% 30, DL T 465 s 22 [T 7
S5 H6 % 2 AT 45 3 784 32 4 - node2 Vec, DeepWalk
A5 T 28 T 45 1) I 2% 3RO 2 2 L RR B 15 B ST 4y
Mo SR AR Z B AR, [ REAEAE 3 T DeepWalk 1
HiRE 53 fif MEDW B95 H 43 5 M RE L T DeepWalk
L4 Bt 2 VI 25 2 LG 9 4 g, SCARHEAE TF 1 9
2571 A5 5 S BE BRI T DeepWalk. {H J2 3 44
TF M4R1E A & 5 DeepWalk 1Y s (1) 8 i3 47 fij B8
PH% LRI M PERE 20 25 T SUA R AL A 1 g 3 Ao 4H
W43 ik JEAR R SCA R AE (TADW) , H: 9 4% R 43
KM RE i L T DeepWalk, node2Vec, GraRep 55 K
YRR B TR A, R Ak 1 B4R
A3 E A NRNR N B ik Hoor v g wk i T
DeepWalk.NRNR_R 5| A HlH R 7R 19 AR HE A M
25 R TR SCAS R AE DL = o0 41 29 3R 19 18 Xl A
NP2 R, KA 2B MERE L T TADW.NRNR _
NR @& T NRNR_N 5 NRNR_R BY% i #2,
5 A SO AT H S5 A B NRNRONR 3648 T
e B M e

W 4 froR 76 SDBLP $d 4 b, 3 T 45 B 43
fif 1) IO 2 R 7R IR T AR g 14 19 o5 4 P g L B A
DeepWalk 97 [543 fift 51k MFDW , 76 % Il 2R 48 11
BiIF R B T 56 T 4 M 45 1 DeepWalk 5
e I T B 43 i ) R B R R 2% ) GraRep 8.3k [
FEW RS T8 T DeepWalk 41 BE. 3 T 4< S 2
) NRNR_N B4k T DeepWalk % 12 7 Fifi #1157
GERE AR 1 PR SE A PR O SR R AR
T DeepWalk.SDBLP ##fs 4E I, SCARRAE /Y 15 55 43
KR 220, R B DeepWalk F1SC A HRAE (1)
) R PR RS, PR RE AR TR AR W A R .
TADW 38 i 175 5 5 B #h 42 il A SCAS REAIE 3] ) 2 32
7% » NRNR_R i i3 #ft 2 J 45 filt A SCAS RFAIE 3] ] 4% 3%
% .STADW M T TADW X 3CA S5 4 69 1 4k,
) SC g & B, 7 SDBLP % 48 4 I, TADW,
STADW ,NRNR_N 7E795 5543 24T 55 b ny P fE JL-F
AH AL A3 F NRNR_N il NRNR_R,NRNR_NR /Y
PEREAT B T B AR T

£ Citeseer il DBLP #(## 4 I . NRNR_N 5%
(R I 28 3 s 23 P BE AN 0 NRNR_R #1 NRNR_NR
BEE AE Citeseer 055 F,NRNR_N B &80 H
S RAER R H 0.626 3, DeepWalk 55 1 4 3 #4543 2K
WERRE N 0.612 2.7 DBLP ¥4 % . NRNR_N %
R 43 M N 0.669 7, DeepWalk & ¥ 1

X 4x 2K ME T ROl 0,656 5. B I, 76 Citeseer FlI
DBLP ¥4 4E I .DeepWalk Al NRNR_N 5 ¥k 2 [a]
f9°F- 381 43 25 o B R 4R TH O 2,320 R 2,02 0. T
NRNR_R #l NRNR_NR 92 7} R ig K FiZi. &
FLJF R JE B SR NRNR_N 7 B 45 R 2% > o B il
B7 1 B AR JE T L A 1 B AR R S S R s
ZVE] Y I B K 2 & 9 a5 v T A 2 T Y
FI B H 2 fd ] Citeseer, DBLP, SDBLP % 4= il
I 246 15 25 53 S ME I R A0 £ S PR RE I NRNR_N A
DeepWalk 575 35 BB 45 45 4 1 153 A 5] 2001 345 2 9
BB AR AL, T NRNR N 232 fe i 0 4k A 7] 2
S 22 T) 30 5 SRk R A S B ek R B A0 AR i B
T 2 B AR JE T AR O A — A BRI SR,
DeepWalk 575 2 (1 £ 9% K [F] 28 51 19 15 55 5 o 5
SR EL A H50 B ROR ) 25 (B BE 2L i NRNR_N
BV 1 B4R J5 19 i, I BB A 3G 3 1 B 4B )
T 5 0 R R Y R ) g S ] BEES DA B
TG S 2 BB JE T A )RR ) 4 s (]
BE S I R AN ) 2O B Y A B R A 2R
sl 7E Citeseer Al DBLP 3t & |, {0 I Sc A 4%
TEFEAT P25 75 8353 28 W) SCAS SRR AIE 194 09 2% 715 o5 3 26
PEREML T DeepWalk B35, I, NRNR_R 5| AT
AR SCAFEAE J5 RE 98 10 A I 45 717 4 4y 2 vk B L A
NRNR_R #4895 55 70 KL fE AL T NRNR_N Al
DeepWalk 255 s,

ARICE BT 3 B WL KR 2 S HE B,
NRNR_N,NRNR_R,NRNR_NR.NRNR N & %}
DeepWalk HRfAILIEE )7 51 A 1 B <8 J& 35 83647
fifk., NRNR R £ F DeepWalk #5 5l 5| A SC A £
fE.NRNR_NR /& NRNR_N 5 NRNR_R Hfl &,
TADW i ik 45 B 73 fif AR 51 A R 45 795 5 19 SCAS ¢
TE PR, A T UL R R AR SC R AR 3 AR A R
AR R T NRNR_N,NRNR_R,NRNR _
NR,DeepWalk, TADW 7£ Citeseer, DBLP, SDBLP
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mE 2 s, 5 A3 AE Citeseer 1 DBLP %L
P g b A 4% A 4 2 o B R (B B K T A
SDBLP #¥s4E I 0 {H. 78 SDBLP $#i 4 .5 2%
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#aF ABALE Citeseer l DBLP £4E4E I, v R il £k
RN T RSN LA 0 TEX 2 BE
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Fig. 2 Performance comparisons of five algorithms
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Different shapes and colors represent different types of vertices

Fig. 3 The network visualization results of the partial vertices on the Citeseer dataset
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