%58 % 41 17 S-S D | A = SO SO Vol. 58 No. 1
2026411 JOURNAL OF HARBIN INSTITUTE OF TECHNOLOGY Jan. 2026

EENATRA S MEY EANEAHRE RS &

#mAem Amie Tmy'?
(1. =R R (BB B 650500;2. =1 KA Bt~ BB 650228)

W OE: OVEARRGFERAETAALERE R T EEENRRE, AXBRET M @6 FHIEAX RN FIGER W& X
%f%,%)ﬂ%‘ﬁké@“%é&#Z—Eéﬁ%ﬁ%”%ﬂ%,;Lirzwﬁ%:ﬂ)ﬂi%xfiEMJHHE:\m%iﬂﬂm%ﬁﬁa?mi[:@i%d
MR ETH EEENEX E R, BEANLEHMETEERBEREEET A XN, Bt RR R, BERBEH AN
RXBFEER ARTEIELEEALERNMEL AN E ELNBRETHUHELERFERLHERE R, ﬂtﬁmﬁ%’ﬂ%%%wﬁ
AR AN ARFERFANEEXSESE, AR EFETHAEETHANR 2R AEARE, L EEATERAY R, &
SANEEHEEFNBIELRERA R EEHRARECEXEAE SMERE BE-—FWH)EgRFE EHEERT
KEWR: FRELWNLEHEHRE, ZHENAXR;BEFI;ELEE

FE 5SS, TP301 XHRARERD . A XEHS: 0367 - 6234(2026)01 —0106 - 13

Efficient community search with multiple semantic relationships
in heterogeneous information networks
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Abstract; To address key limitations in existing community search methods for heterogeneous information networks
(HINs)

employing an efficient “offline learning, online search”

, this paper proposes a community search method for HINs that integrates multiple semantic relationships,
strategy. Its core lies in: adaptively learning the weight
contributions of different meta-paths to the target community cohesiveness using a semantic attention mechanism to
precisely quantify semantic differences; and subsequently measuring node relevance by combining network structure
and node attribute features to locate community members. In the offline phase, a node-community association model
is pre-trained to generate probability distribution vectors indicating node affiliation across various communities. In
the online phase, community search is rapidly responded to based on precomputed results. This strategy maintains
the flexibility of the learning model to effectively capture heterogeneous network semantics and attributes, while
shifting the main computational burden to the offline phase, significantly improving query efficiency, making it
particularly suitable for high-query-frequency scenarios. Experiments on multiple real-world HIN datasets
demonstrate that our method significantly outperforms existing mainstream methods in both community effectiveness
( semantic relevance, structural cohesiveness, attribute consistency) and query efficiency.
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4.1.2 XFHED
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DT LU E] W28 P DGR RN U M, TE A XOE
B ARk,
4.1.2.3 1CSMIM"*"

ICSMIM 25T GNN 114 57 5T P 2% 14 X 48 22 5
o T BT BRI Y U B A AH S
I A X AE R B L MI-Max $2 48 5 5 9 2% o A5 8
ORI AL Rt X 5 1CSMIM T L iy H
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4.1.2.4 VMCS-DGNN'*

LT 1 T BT e R PR 22 O 4% 1) S I IR 48 41X
R Ik HORTE R B b gy ik R U1l 2k GNN
RS SRG T 0/1 540 [0] X 4 DX 4 7 45 4 4
RVEFEARIAT V- Ak S 441X, VMCS-DGNN 77 %
T8 E LA R R AL X, 55 VMCS-DGNN X i H
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4.1.3 TPHAHER
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S B T Ry F A R R 1 B
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A A TAE XA R, X T L ICS-GNN, A 3¢
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Tab.2 Comparison of community quality among different community search algorithms

Bl fekr FastBCore VMES.DONN ICS-GNN ICSMIM HCSMS
BFS-swap Greedy-T Greedy-G MI-Max BFS-Max BM-adv

Precision 0.430 0.954 0.885 0.890 0.905 0.952 0.968 0.945
ACM F1-score 0.420 0.920 0.855 0.850 0.885 0.920 0.932 0.920
Density 0.747 0.672 0. 664 0.652 0.662 0. 668 0.672 0.754
Precision 0.310 0.850 0.825 0.828 0.848 0.852 0.956 0.952
DBLP F1-score 0.300 0.820 0. 800 0.805 0.815 0.820 0.920 0.915
Density 0.960 0.936 0.912 0.925 0.930 0.930 0.943 0.963
Precision 0.425 0.592 0.515 0.535 0.564 0.570 0.728 0.720
IMDB F1-score 0.400 0.582 0.506 0.535 0.550 0.562 0.676 0. 664
Density 0.670 0.620 0.640 0.590 0.612 0.633 0.642 0.673

FastBeore $% 2] (141 X A 55 5 09 % B, [HRS 7
J& Fl-score {IKTF HAb JLAP £ X 48 A , XISk
FastBeore (W R £ T 2450 BE R4, REA il 19 o Ja 14
FE, WA R HIN h i £ o0k LR, 1CS-
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Fig.4 Comparison of efficiency of searching algorithms
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Fig.5 Efficiency comparison under different query frequencies
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Fig.7 Comparison of different community localization algorithms on the ICS-GNN model
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Fig.8 Network optimization threshold analysis
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Fig.9 Community size analysis

4.3.3  JUHARECRE BURIE T

K34 TIEAR m T BFS-Max BT 315 i 4t
XAEHAE  F1-score A4k X 85 i DL Kot K48 R 308K
Hrm =1 FRTE—SFoui e T TR, Sk
FEXERE s =100, M3 3 W] LUE 2, B % T rE A2 %K
T AN, A DXORS 8 FE RN Fl-score LA K 4 X %5 i 4R
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Tab.3  Sensitivity analysis of the number of meta paths

g Mp Precision F1-score Density Time/s
m=1 0.91 0.91 0.652 0.214

ACM
m=2 0.95 0.93 0.754 0.265
m=1 0.383 0.80 0.705 0.364
DBLP m=2 0.85 0.85 0.903 0.420
m=3 0.95 0.96 0.962 0.607
m=1 0.64 0.62 0.342 0.009

IMDB
m=2 0.71 0.68 0.673 0.014

4.4 HBLERR

T Y AE HCSMS 25 A5 B 1) A1 8501, AR S0k
T HCSMS 1 6 AR (AR FE 17 11 fil 52 56, ELAR 38
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MERLA R A TEZ5 A FRAETE i BES 288 HLE
s AL X, DUBRHIE HCSMS 843 GNN @il 0 24 25 44 |
B A B A A X A R

Tk 2 HCSMS,, : HCSMS Rl 5 T £ Fhis X
KM, FAHFH — Z% ot A2 ok SR X, DASR IR
HCSMS filtf 2 Fhif G R AT XA 50

K3 HCSMS,,, . HCSMS Fil [ 1 15 45 4 i)
(R G, IR T A T B AR A0 R RE (0 B 2L, LA
UEBAITESY s A5 B Rl G 1A 0k

Ik 4 HCSMS, : HCSMS HiHER T8 X451
() T, IR T4 2% T I A28 ) B 1 T 4k | DA SIS
RIX 4y Z2 R oG R BB A TRl & 1A 50
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1|, HCSMS . P2 B ] B, {FL A DORS it 5 A 1K
LI IE 2 GNN A 3K W 2% Hh 22 245 2 25 45 i 1k 19 o
ARG X8 & e o AL DO A RN

HCSMS 19 JiF 5 15 #5 34 b HCSMS,, &, H
HCSMS,, Yk X %% B 5 At A8 ARG, Wl B 5 22
FiE OGN AE XA O Ay, HALEE T —Fhoo

B AR M A2 0 ) 23 A e 1A X

HCSMS T A7 $5 45 3 Lt HCSMS,,,,, /=1 , i P 5
U FH Y 50 BT R A A A TR AR B A AT
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HCSMS A Fehr34 Lt HCSMS & , Ui HH X 43
Z R SOOCFR M HEE MR AZ A X AT DA e Ak X Y
R NS5 P8 Rk

TEFTA A1 HCSMS,, 48 RFERT Fc K, 13607 )
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Tab.4 Results of ablation research

e/ S b HCSMS gy HCSMS,;, HCSMS,, 4, HCSMS,,, HCSMS,, HCSMSy HCSMS
Precision 0.560 0.900 0.910 0.930 0.950 0.960 0.940
ACM F1-score 0.390 0.890 0.900 0.920 0.930 0.930 0.930
Density 0.720 0.650 0.710 0.700 0.730 0.670 0.740
Time 0.035 0.020 0. 100 0. 100 0.250 0.090 0.120
Precision 0.480 0.830 0.890 0.900 0.940 0.950 0.950
F1-score 0.470 0.830 0.870 0.910 0.920 0.920 0.920
DBLP
Density 0.950 0.700 0.900 0.930 0.940 0.930 0.960
Time 0.080 0.100 0.200 0.180 0.320 0.180 0.290
Precision 0.500 0.620 0.560 0.630 0.710 0.720 0.720
F1-score 0.500 0.600 0.500 0.520 0.600 0.670 0. 640
IMDB
Density 0.630 0.340 0.590 0.600 0.650 0. 640 0.670
Time 0.003 0.009 0.010 0.010 0.032 0.011 0.012
4.5 EBIFFAR B, HA & RAep, Mp, Mz A i 25 1 b i
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Tab.5 Semantic Relationship Case Study
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