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Abstract: Community search aims to search local communities containing query nodes, which is one of the most
concerned studies in network analysis task. Most existing community search methods are oriented to simple network and
can only detect the community where query nodes are located. They may fail to take user’ s preferences into account during
searching process. To guide the process of community search via user’ s preferences for finding multi-communities that us-
ers are interested in, we propose a community search method that is capable of searching multi-communities with user’ s
preference and simultaneously identify outliers via few given query nodes in attributed network. Clearly, we explicitly mod-
el interactions between query nodes with its neighbors and encode similar attributes to highlight the local structure, which
could be beneficial for query nodes to mine potential candidates. And we define the average partition similarity on candi-
date set of query nodes to infer attribute subspace as user’ s latent interest. Multi-communities and outliers in the whole net-
work are detected via fractional-core and structural constraints. Experiments on real and synthetic network datasets demon-
strate the effectiveness of the proposed algorithm.
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Precision 0.866 0.849 0911 0.879 0.901 0.901 0.867

LOCLU
CAS 0.601 0.584 0.657 0.611 0.638 0.642 0.623
Precision 0.899 0.879 0.931 0.909 0.916 0.929 0.917

TPCSO
CAS 0.647 0.632 0.694 0.651 0.617 0.689 0.671

FEAL S A SR AE R TSCMPERER IR 4550 IR AL IR W . 8 6 45 11 T Disney 21

I AR DL IPCSO ik5e 4, X & H T IPCSO Xf it
X RPERESR T .l TA5H N R PR ZEK , ACQ Al
VAC-Ecore 75 T A 088 4 ) 2R BT HArsE X &
7%, HOACQ BY CAS & T VAC-Ecore {H 1 i T
IPCSO, J5L A FE T ACQ 75 22 I P I 20 1f) 1 S ity 1 &
PEAE At AR 0178 55 3% )8 A9 4L X, 1 VAC-Ecore 5
T AR B R AR 5 Fe /N AR ST AE AR X X
IPCSO, Hoig [l (4t X ¥ 7E J Pk 725 | s 5 F L X
AT S AR R AT SRR R A LM . LOCLU /] 5
IPCSO Jy AR MR IS , AR Pir i B 4 Ly R LT B
Bl X & B0 7 2 A3k T 454 B B 10 7 ik HZ T TR
G FAAL XY SRR AR N . BRI L IPCSO W2t
FHrH .
4.5 EBI4Hr(iEHE3)

A5 84X HE TPCSO F1 FocusCO 7E Disney _I* Mz 47

(a) FocusCO

PatE L R ik 1B T4

DL R 1D & 52 1 24 (1) 71 50 2 if) 45 550, £l
IPCSO 5 FocusCO J5 7% 73 I8 &K 5 v, flv,, HA
T4 R R B A Y . &5 K 6 it . Hihar
WA v, il vy, TR A8 E AT IR T S SR TSR
7N B R SR R B A v A AL Y S AR
P NE AT W23, FocusCO K 3] =4~ H Fpfh X,
MM IPCSO £ 5] 1 PUS 4 X . IPCSO & 30 454 4 X 4R
55 P O b DA 56, OF EURS ME R E AL 8 T B RE A,
1Ml FocusCO F T4/ (9 A 17 0 (0 45 B 7R A 15 A 40 531
T ERE S AP, FocusCO & B A 41 X 19 N & 3% B2 L
IPCSO JIF & B0 4k DX FEAA R . 3k 2 PR Ry 2 /0 1) A 1)
95X T FocusCO J7 k1 5 EA # K 1 )= B, i A
SCO VRN F A T A A B R, T A D i A
VA SOV (0 4R AR 20 P AR e, AT (o A5 A DX R 2
RTREH .

(b) IPCSO

6 IPCSO 5 FocusCO 7E Dinsey b U455 %} 1
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1‘/1“25“ E%EP BT A R Z R0 AN b i 45
K U 7 A )T TR X, R RS T i 4 B AL
ETEE?%J&&EF'E‘JJ%FE@ Vet 1 1) M 2% A R
FHP i e 9 22 A DR R D5 0% . LA 3 i 2
B A AR 5 A A5 ) g A ) Y A R P i
WY R AR P (1 S P O A O s PR e TP 25 oA
DL JEE SRAZ A AT 2 P D 4 098 1k 5 25 [ 5 i, OF 3
ZEAAEPE AR LI RN RAL X AR AR ML
Bl bR SRR 1A SO I A A
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