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Community search algorithm based on node embedding representation
learning

ZHAO Wei-ji*%, ZHANG Feng-bin't, LIU Jing-lian*?

(1. School of Computer Science and Technology, Harbin University of Science and Technology, Harbin 150080, China;
2. School of Information Engineering, Suihua University, Suihua 152061, China; 3. School of Computer Science and

Engineering, Northeastern University, Shenyang 110169, China)

Abstract: Considering that the existing community search algorithms represent nodes as high-dimensional sparse
vectors and have high time complexity, a community search algorithm based on node embedding representation learning
(CSNERL) is proposed. Node embedding techniques can learn low-dimensional vectorial representation of nodes from
network structure directly, and provide a new solution to community search problems. Firstly, in view of the problem
that the existing node embedding algorithm has a high probability to walk back and forth between the closest neighbors,
a node embedding model based on closest-neighbor biased random walk with non-immediately revisiting (NECRWNR)
is proposed. Based on this model, vectorial representation of nodes is learned and used as feature vectors of nodes in the
downsteam data mining task. Then, vectorial representation of a community is defined as the average of the vectors for
nodes in the community, and a new community search algorithm is designed by choosing those nodes which are nearest
to the current community. The proposed algorithm is tested on both real-world and synthetic network datasets with the
related community search algorithms. The experimental results show that the CSNERL algorithm is more effective at
community search than baselines.

Keywords: community search; node embedding; network representation learning; community detection; local community

detection; random walk
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RIA 2% TR, VF 22 187 T 37 5570t A S ) o 2% o (R 24—
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IAERPEH TR 248 X 8 % H . Clauset® 2
ST R AR R, i 1% HUAE A5 R 1Y A K A1
FEH RN X, S T — B AR kLR
FRAE X% R L% Huang 5519 42 H 175 A BLRE 1Y
A X5 & JE & PR AT tightness, 75 PRIIE BE 5% 386 I X 0
tightness {EL ¥ AT T, AR FE 1T MBI B i #% 5 2
HIA DX A7 AL d v 19 s AL X, TH B 40 72
T R TR A X AN R SCHR (91 2R FH B2 4R 1
ETH BT R AARALLRE, Ma 8500 5 R T d-J2 4R & 1
AR THET SUMBLEE, Lin S5 SR T RURATT iR
N RS IR 171 5 2 ), £ AR [ B2 W) o S
[ f) A ALLBE. 16 41, Panagiotakis 5112 £ H T 5 T3
TR AL X Rk

TFa) B O 2% B30 e D 2% MO 2 30 1 AR R )
T A% G875 1058 SR R F T I A i D 2%, ) SR 4 B
FRAT 7] B 3R s 3 e, (LR 4 . W 8 30 T %
U BEAE 55 I ) 228 B R . W 4 R o
5 FE AP 258 25 4y v 2 20 4 e AR 4 1) 3o, FE
28 B AN A R AZ SRR 2 R — R L. 2
H AR F AL BT HRA SRS K, Perozzi 5514
B IR AR GI N R R 2 5, 38 1 TS 1A
IR DeepWalk, 51 A 175 mi R BIBIF 5T #40H,
U 5 FH 4k 37 B LINEUS), SDNEU®), node2vect!”)
NEMCNB!!! 25457,

FEBE LA B, AR Y — A2 T RN RO
22 2] 1Ak X % % 5 ¥ CSNERL (community — search
based on node embedding representation Learning). B
Je, BEXT T RN A AR A 2, 328 3 T BReoR
A 4 J B AN 37 B[] 7 B AL 35 A #D 2% dik N A R
NECRWNR (node embedding model based on closest-

neighbor biased random walk with non-immediately
revisiting), 3 T %M, i 45 o 4G AN 4522 5] — A

IRYESAE & AR5, SR AAE XA B A 19 i ) 2 4
{BLAE ik X ) B R, R 10 S e 4% 5 A X R Y
BT B R 2 AT AL DX, S 2 AR X
7] 5 32 7 I A X 48 2R 5792 CSCVR (community search
based on community vector representation).
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BEHLIE SRR AR, SR 5 45 & 2Bl i OF
LRI L.

BRI Aoy R D9 1R BE AL AE T i
AR R NN (1,09, -+, Vi1, Vi, Vi1, - - -5 0y, FE
o, TZERARS BT RO S AT L AR
BN R AL R e A P I i 3o 5 R s BRAE
w, WY 5w BRI AR 1 R B 1 () AT — 5 s A
T R v FIEERA

P(viy = z|v; =u) = (1)
Horbwye NI (u, o) FIBUE, 2 9 — 0 FHL 5

= 3w @)

Jer (u)

R EEZ A B FEZEDXONAE T 1wy, BT
AN [F]. DeepWalk 57545 w,,, HI1H % B N 1; node2vec
VRN N Wy 51 R Flv;_y Z 8 1) iR
A %; NEMCNB 572 3K F Jaccard Index 5 & 7 £ [A]
R AEARARE B2, NN w5795 55 2 1w 2 TR AR ABLBE A
R AEAL AT W 2 b NATTSEA [ T e 5% 5 ok RBGR

AT JE T R

wuz

2 BN G
#H . DeepWalk F1 node2vec, NEMCNB 5| A 5 A1
(B AL 1 22 S 18 S BE AL G, fE 4L XA R AT 55
WAS T L Sge 45 R (R E B L & R AR

FE B IR A0 Ja 22 TR R 1113 A 1 il R, 455 P 2 U 9 1%
e 7, 32 PR AL B o AT 2E 14T S5 O ER p 1T 52
JIEZ WOCHR (110,323 R 25 T SEAE . 0 mi4 1 i
2RI A S T T RS, AT R4 E B RS O A
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step 4: BFIRMAS A BT mUH R, R HAT |V IR
step 2 Fl step 3.

step 5: EE AT r K step 2 ~ step 4.
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step I: WG4 D = {v} DL EHAPRTTREN =

SR BRI BR AL £, 4]

I'(v).
step 2: VG4 IX D &R 7R f(D) = f(v).
step3: HHI (5) THE N g — A7 X DI
PR e IE B D Bl (715 R BRIE Y .

step4: F15 sy IO D .

step 5: WIER D AT SN E, %% step 9.

step 6: BT D ] FE E IR,

step 7: BT AT AL N,

step 8: HL AT step3 ~step 7, A N AZ.

step9: IR [AI4E X D, FyLLE .

step 3 ~ step 8 It L X D H4h T fidE N
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2% Karatel '8! I K X 2% Dolphins!!?!, 3 [ A 52 A= Bib
BR X 2% Footballl!l | 35 [ 1A 5 £ /X 4% Polbooks!?Y) . 4%
UL 4% 1 Lancichinetti %21 £ H 1) LER B 784 A= A, 1%
B 1) 3 S HOEHE X 2% R T RN En 1T Y
FE dayg~ 19 R KPE dinax~ TREZEmu. mu{EHCK,
TR A AR R 28 TR YT R B 22 AT R T e L
BT AE#E X 2 A0, TERA TR0 49 R BT 78 4 X1 A 2 gk
R, AR SCAE il 3 2H X 2% a4, B 2B 10 I 4%
LER # 7 () 2 B s B AR IR 1 s,

#£1 LFRERNSHE

group name n davg dimax mu
L10K 10000 10 50 0.05, 0.10, . . ., 0.50
L30K 30000 10 50 0.05, 0.10, . . ., 0.50
L50K 50000 10 50 0.05, 0.10, . . ., 0.50

212 XTHEEREERR

N5 UF CSNERL # 2= ) A 2 1, 5 Clauset!®,
GMAC!! FlowPro!'2, NEMCNB!! i#£47 L& b4k,
5 DeepWalk!'*, node2vec!'>! #l NEMCNB!"!! LL 5 D)
3611F NECRWNR H5: 74 (4 20k

KAUER R (P). A B (R) R F $ahs (Fy)11)
B FIR M S VP A R A B R B, X
B 4L P RN R AT — RS EE, B n(n AT A
B0 S5 (S BB AR 9 B G 45 R R K BE AN

5], 73 PR DL RE B IR0 95 1) A — AN 469 A
[ K ARLANF, SR A [ 36 R {4 4% A B0k A A 281k,
A2 RAE K, W SR BAT. 2) [ — AR T
ANTF) e AELIN, R ARLFR) RN 3 B0 P AT RAE £ AN
fIA AL S,y 115 PAEAT RAE, R Fy fa ok 2
R UL, Fy AR R EUE R, 2 9 ST
22 HERERBEALLK

FEZ SIS, BEE kARG ST RO HSeAE X
AT RN B 1 e AR SR A s AR AT R B
S8, KIS AE R R 2 PR,

®2 BEERAEIMEHIES EHEEER
R karate dolphins football polbooks
Clauset 0.8817 0.884 1 0.746 4 0.764 6
GMAC 0.5611 0.6803 0.4808 0.4890
FlowPro 0.7908 0.8889 0.767 8 0.756 6
NEMCNB 0.5903 0.3754 0.8893 0.4759
CSNERL 0.9739 0.9923 09163 0.7949

F1 3% 2 AT L, CSNERL 52 75 4 /N 4 4 - 3 HL
137 S A B2 RAE, BRI UF, HAIR 2 Clauset £
FlowPro &£,

E LFR B0 2 B 42 b b A7 X L S 58. i 1
FlowPro By 1] &2 24 F¥ i1, L30K . LSOK 7 41 ¥ 4
N5 G ST 0 b, B g SRR 3 Fii.

*3 BEEAELFR MEHHEER LI EER

Clauset GMAC FlowPro NEMCNB CSNERL

" L1I0K L30K L50K LIOK L30K L50K LI10K L30K L50K LI0OK L30K L50K LIOK L30K L50K
mu = 0.05 09140 09127 09117 0.8806 0.8801 0.8779 0.9695 — — 09708 09556 0.9515 0.9991 0.9992 0.9993
mu = 0.10 0.8183 0.8128 0.8119 0.8846 0.8847 0.8866 0.9628 — — 09733 0.9513 0.9480 0.9983 0.9985 0.9990
mu = 0.15 0.7249 0.7180 0.7197 08755 0.8751 0.8764 0.9599 — — 09616 0.9444 09414 0.9975 0.9983 0.9987
mu = 0.20 0.6399 0.6333 0.6316 0.8680 0.8596 0.8614 0.9521 — — 09527 0.9361 09318 0.9958 0.9980 0.9977
mu = 0.25 0.5647 0.5534 0.5526 0.8694 0.8476 0.8411 0.9396 — — 09402 09215 09163 0.9932 0.9948 0.9941
mu = 0.30 0.4863 0.4866 04875 0.8612 0.8273 0.8225 09212 — — 09225 0.9029 0.9008 0.9849 0.9835 0.9847
mu = 0.35 04206 04253 04227 08276 0.8156 0.8026 0.8879 — — 08901 0.8816 0.8752 0.9649 0.9709 0.9720
mu = 0.40 0.3632 03618 0.3598 0.8251 0.7902 0.7827 0.8521 — — 08516 0.8500 0.8433 0.9369 0.9446 0.9430
mu = 0.45 03117 0.3054 0.3049 0.7898 0.7683 0.7574 0.7974 — — 0.8089 0.8064 0.8062 0.8997 0.9015 0.9056
mu = 0.50 02471 0.2493 0.2480 0.7305 0.7350 0.7209 0.7198 — — 07467 0.7430 0.7477 0.8347 0.8337 0.8442

1% 3 7] LAAS 240 R 45181 1) B % mu {15 K,
L IR BRI H, X IR E T LFR W 4%
mu BB KR DX R P M v X — SR 3R 1 . 2)
SRV mu (B AH [R1E ) 2 RUBEAS [R] (1 20008 45 1 1 A
515 RAE 22 A AR /N, 3 B 1% 28 57y LA R i faoe
PE. 3) 7£ 3 4 LFR W 2% #4545 b, CSNERL #7535 X
127 A RAH, SEU6 45 s ir, H Ik J& NEMCNB.

FlowPro. GMAC Hi%. AL N, 56 T = i e 2 A
1) Clauset HiEAE mu > 0.10 (EHE S R 2=,
H o mu {EBOK 5 At 509 2 18] 7 22 0l 8K
23 TEEBATELR

43 7 Fl DeepWalk« node2vec fIl NEMCNB 2# 2] 1
mUA L AR A SR 2 T4 X ) B R s AL XA R Bk
CSCVR AT L X 48 2%, DL T LG A% 7 AR NS R 7
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X 4% 2% 1) A A o, LR 4% 508 4 i s
I EE R R 4R,
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L10K L30K L50K L10K L30K L50K L10K L30K L50K L10K L30K L50K
mu = 0.05 0.9844 0.9958 0.9959 09864 0.9940 0.9938 0.9896 09960 09961 0.9991 0.9992 0.9993
mu = 0.10 09783 09919 09931 09814 0.9928 0.9933 0.9885 0.9945 09959 0.9983 0.9985 0.9990
mu = 0.15 09712 09883 09886 09801 0.9884 0.9917 09866 09925 09951 0.9975 0.9983 0.9987
mu = 0.20 0.9577 09852 09861 09733 0.9864 0.9882 0.9855 09877 09889 0.9958 0.9980 0.9977
mu = 0.25 09376 09811 09818 09710 09849 0.9858 09843 09858 09865 0.9932 0.9948 0.9941
mu = 0.30 0.9078 09491 09539 09540 09751 0.9770 09758 0.9838 0.9849 0.9849 0.9835 0.9847
mu = 0.35 0.8767 09160 09244 09306 0.9562 0.9577 09610 09625 09637 0.9649 0.9709 0.9720
mu = 0.40 0.8418 0.8846 0.8922 09027 09316 09353 09318 09357 09387 0.9369 0.9446 0.9430
mu = 0.45 0.7985 0.8334 0.8447 0.8589 0.8891 0.8961 0.8935 0.8964 0.8983 0.8997 0.9015 0.9056
mu = 0.50 0.7305 0.7797 0.7877 08011 0.8277 0.8372 0.8233 0.8299 0.8376 0.8347 0.8337 0.8442
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