wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BEFZFEFINSHAMSHEFHZREXED [RE
KEFR, T TEE B B%

5IAEX

KER, 88 FEE BE—0 B% ETREFINSEHERSHINFERMERE T RBIN]. i
HRIE, 2026, 53(4): 143-154.

ZHANG Xueqin, WANG Zhineng, LI Jinsheng, LU Yisong, LUO Fei. Key Node Identification in Temporal
Social Networks Based on Deep Learning and Multi-feature Fusion [J]. Computer Science, 2026,

53(4): 143-154.

BUXEEE (SERXIME IE JIREREEXE)

Similar articles recommended (Please use Firefox or IE to view the article)

BESHENDER RS LK BT SRR SES R

Cross-modal Fusion Few-sample Ransomware Classifier:Multimodal Encoding Based on Pre-trained
Models

HENRS, 2026, 53(4): 435-444. https://doi.org/10.11896/jsjkx.250500078

AR ARC I ER MRS R BERED T
Knowledge-assisted and Reinforced Syntax-driven for Aspect-based Sentiment Analysis

HENEIS, 2026, 53(4): 406-414. https://doi.org/10.11896/jsjkx.250600117

STWD-DLFRD: EFFR =SWARRSREFINSHEERITFICNTTE
STWD-DLFRD:Multi-granularity Fake Review Detection via Sequential Three-way Decisions and Deep
Learning

HENRS, 2026, 53(4): 188-196. https://doi.org/10.11896/jsjkx.250500088

KGMamba:EFKolmogorov-ArnoldMEMHAEBIRMLEFIMa mb a FIEE F1E R LT
KGMamba:Gene Regulatory Network Prediction Model Based on Kolmogorov-Arnold Network
Optimizing Graph Convolutional Network and Mamba

HEHNRIE, 2026, 53(4): 101-111. https://doi.org/10.11896/jsjkx.250500097

BEFREZIMGIFT-128 5ASCONEFHMEE D XD EEHR
Deep Learning-based Neural Differential Distinguishers for GIFT-128 and ASCON
HEMREIEE, 2026, 53(3): 453-458. https://doi.org/10.11896/jsjkx.250600176


https://www.jsjkx.com/CN/10.11896/jsjkx.250300147
https://www.jsjkx.com/EN/10.11896/jsjkx.250300147
https://www.jsjkx.com/CN/10.11896/jsjkx.250500078
https://doi.org/10.11896/jsjkx.250500078
https://www.jsjkx.com/CN/10.11896/jsjkx.250600117
https://doi.org/10.11896/jsjkx.250600117
https://www.jsjkx.com/CN/10.11896/jsjkx.250500088
https://doi.org/10.11896/jsjkx.250500088
https://www.jsjkx.com/CN/10.11896/jsjkx.250500097
https://doi.org/10.11896/jsjkx.250500097
https://www.jsjkx.com/CN/10.11896/jsjkx.250600176
https://doi.org/10.11896/jsjkx.250600176

0 Vf :ﬁ- *fh 1’*‘ ‘? http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 250300147

ETREFIMSHFMEMERINFHERZMEXET /IR 5]

KEAF? TERE TFE O OKB—H® F O
1$ﬁ{}iik7‘fé/wﬂ’%gi%}—%% & 200237
2 LT HENKFFEMNEELLELE L 201112

(zxq@ecust. edu. cn)

H OE HIAMBARLEBRNIZEE RABAIMETHAET EFANZLEHERL TR LERENTLAELE
Lo BLFEALR L BT R, Aiﬁ}i#ﬁﬂj‘ﬁéﬂm,ﬂ-iﬁv*ﬁéﬁémﬁvﬂa‘fﬁl%%i&ﬁé\@i&:‘iﬁw%ﬁ&ﬁ#ﬁ,r‘i’—:ifi%i?\%'lWJ%%
RYSHTERFE, ATV EPNAOHE RBET —HATREFZ IR SHEROGH FATRNE XL 5057
# MCNN(Multidimensional CNN) , #Z % kB Ao F M A ER AR THBY S HEXLZRNE ST AT L, EHEMNRE, 5
FINZ B Gy BF 4SS A Z XM E B LRRRY 2 E Efert s BT MR SHEERE, AT REST S
EHENMRBPHN T L2 ERAERWZMELE CNNOARR 3 EFTEBEFEAAEZEIMBNREBRYT ERBHEL, 4
T AT EAT A A Ve PAA R R K A BT B BB T B R AR AR S B R 5L R R K42 19T e M % LSTM 42 4 Y BB 51 4
A, RIGAEALEZEERNT SOHah, EOALENARATIML L EBEREAW,MCNN £ AKX WL X4EH &
BAH T EKETRET k.,

ERA NHAAEIRNE;FEY AN RNEAT TR REST

HmESSES TPI18]

Key Node Identification in Temporal Social Networks Based on Deep Learning and Multi-feature
Fusion

ZHANG Xueqin'* ,WANG Zhineng' , L1 Jinsheng' , LU Yisong' and LUO Fei'
1 Department of Information Science and Engineering, East China University of Science and Technology,Shanghai 200237, China

2 Shanghai Key Laboratory of Computer Software Testing & Evaluating,Shanghai 201112, China

Abstract  Social network is the main channel of information dissemination.and identifying key nodes in social networks is impor-
tant for discovering information dissemination hubs and performing information dissemination control. Realistic social networks
are time-varying,and reasonable modeling of temporal networks with comprehensive description and deep mining of the spatial
and temporal relationships of nodes is an important factor for accurately identifying key nodes in the network. In order to improve
the accuracy of key node identification,a deep learning and multi-feature fusion based method MCNN (Multidimensional CNN)
for key node identification in temporal social networks is proposed. The method firstly models the temporal network as a multidi-
mensional relational network based on snapshots,and for a node,in each snapshot,the spatial, temporal,and spatio-temporal con-
texts of the node are extracted from the spatial structure,temporal coupling,and three types of spatio-temporal propagation rela-
tions, respectively,and the node feature matrix is constructed. In order to deeply analyze the spatio-temporal relationships of
nodes in each snapshot,three types of node features are extracted using CNN, respectively,and fused to form the node snapshot
features using the self-attention mechanism. To capture the evolution of node behaviors between snapshots.node snapshot fea-
tures of all snapshots are combined as a time sequence,and LSTM is used to mine the snapshot sequence features. Finally, the in-
fluence of nodes is predicted using a fully connected layer. Experiments on six real temporal social networks show that MCNN
outperforms the baseline approaches for key node identification in temporal social networks.

Keywords Temporal social network, Node influence, Network representation, Spatio-temporal characteristics.Deep learning
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TEAR B 3 Z8RAE it 5, 0 H AT 7 40 ML AR & 8 R
HE, L EFERBBIAT A AERESZ0T, il ik A
J5 3K A BE S 1 3 N 1 5 A XoF T £ SR i K A R AL L T
0 750 H A DT AR A MR AE . RS R AR R R R AT
Frue=Sel fAttention(f e s frime s fur) (8

CNN 2 By 3 B 25 18] | Bif 1)

Hor, fro R AE J5 14

3.4.3 BB EFI I
s O 24 45 1) O 7R i i A I T ) A8 Ak T A b 0 L i 4
AT A TE DR R TR] A A A ) TR v DGR R A v

%ﬁcunm“ﬂuﬁﬂﬁﬁﬁﬁ¢%k%mﬁ%%¢wb

A i) 42k 5 BT PR IR AR )

A A P IR R AE [ R LR LSTM — B RE I
g, 45 B R BT S HEAE g
g =LSTMU fuy s fuue +**+ s, 1) 9

TEAS BN S0 TR IR E B RHAE ) L R 4
v W

I=FC(g,) ao

TR 58 BT A 7 S g 5 L AR S g HE 45 B R
46 (1 JCHETT A

v" =arg max(I(G" ,v)) (1)
3.4.4 BARRHY

MCNN HEZL G55 3 BBl 28 M 46 CNN.1 4> HEE T
ML 1 AT IZ M F1 1 A4 )2 . CNN a3
2ABRE2ARKAEM L A EERR . £-NEH2
BOS EE O 1, 16555 A R B0k A E
16, i il R 32; B BUZ N KN 5 X5, 806K 1,31
TR 25 RMAL R I IR RN Ty 2 X 25 43 452 2 i A R0 i
HEREE 500 32 % (L/4) » (L/4)F 192, [ i 25 3 ALl AL e
R AR R AR RS 1. K JE SIS Mg AL 3,
WHAERE R 64,5 IR LSTM, 4 4 2 i A Al i 4
B4 64 A 1. BTG BRECH RelLU.

4  SEIGFNTHiE

4.1 HESE
NTHEFHE, S %L ik, kA InvsS1si , HCMY,
HS2013M°, HT2009"%), PSI"! fil SFHH™ 3% 6 4™ B 52 [ 4%
P G B 4R . o, InVSIs B— A TSR AL
NIRZE I 7 9 2% 5 HC 2 — N4k 2010 4 12 H 6 H & 10
H vk B L — 5B e v, 8 AR ES 7 N B 22 [ 6 B I 0 11 et
FER 4% HS2013 & — ANk 2013 4E 36 FE 36— P s vh 22k
Z ] e 2 RN A2 I 6 R M 4% HT2009 $3& T ACM Hy-
SWUMSSEZMBE R PSR T K RLE
BMC Infectious Diseases |1 30T HBIF 5T (1 2 A AT 2 1)
22 i s SFHH iR T 2009 4 78 & 1 Je Wr 2547 1Y SF-
SWNSHEZRMES LR, £ 1HH T XL )FH
KB MR A . Hoh,n RR W EE T Rom JFR B UR
B ICIRRTAMBERMBE | EI R R REHAEMAER.

F1 6 NHELMEMGEIT RN

2 )22 T T A

pertext 2009

Table 1  Statistical properties of six real networks
EE; n T [Cl |E|
InVS15 219 21536 1283195 16725

HC 75 9453 32424 1139
HS2013 327 7375 188508 5818
HT2009 113 5246 20819 2196

PS 242 3100 125773 8317
SFHH 403 3509 70261 9565
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4.2 iFMr4ERR

A% SCR T LATR B8 5 DAk 6 3 A 52 0 245 G B iR )
J5 ¥ 1Y 1 AE

D5 /)R 2 %50 (Kendall’ s = coefficient)

R FR AT ok A 2 4 A5 T00I 43 ORI 43 BUHE IR
JF 5 0 SRR R

2(ne —n-)
N(N—1)

HA , X=(z1 0 )Y =y 530 sy ) B HEAKE
KN WHEA T H) ony F e S350 X R Y Z 8]0 1 77 4
UE§

2) I 10 %412 (Topl0 % HR)

o(X,Y) = 12>

T 10 Yo iy A7 2R 09T B ke 7 2 15000 A4 52 0 /i 10 %6 19 A5 A
SEIY S T HT 10 %6 S E A 2R,
a(‘(‘ZWXIOO% (13)

Horp, pre AR T 52 WA 3 W 1026 19 s A real R FRGE T
SIR RIS B 19 LSS W I HT 10 %1 MBS .
3) [ IR R A M 2 B (Pearson Correlation Coefficient)
B R ARAR G R B0 F T B B A IO 43 ORI K S Sy
B ] B Ze PE A G FRJEE

N
(X, =X, —Y)
i=1

QT

- N o N _
N/2(}(,—)()2 2(Y;—Y)?
i=1 i=1

o XY 43 2R B4 KR ELSE AN H X R Y 43 R
W BIME .
4.3 ELZMIBIHE

£k g7 ¥k 4% TDCHY, TKUS, TGCH, SPT-CH,
ASAM TIGE , MLI® F1 DGCNE . Hih TDC & & #
HhC P A B RS ; TK 2 4 R oo P A I Bl AR TGC 2 8
FIRETY Y B 7 WA 3 SPT-C 2 5 T BE AR A9 o0 M 3
ASAM J2 e T8 48 4% 46 B (19 J7 % 5 TIG, MLI il DGCN 2 %k
F R4 AT HXENFIE 2 7,

SIS IR F 4N R . CPU R Core 19-12900H, P ££ 16 GB,
GPU } NVIDIA GeForce RTX 3060, B7FH 6 GB,

JT A TR BE 27 BTN ZR A8 IR Ry 500, % 2 F K 0. 001, 4L
HIEWCOY 0. 001, 5 & EON 105 32 22 (MSE) , L Ak o8 %K
Adam, SIR B8R IR YL RE HIky 0. 01~0. 1,

B 4. 4.4 /NS H R SEIR S0 AR L AR SL TG T a5 A e s
AL B4 3 B T A4 15 ] [A] 4 2
4.4 RBRSH
1.4.1 SEE®R

ARELBWTHE 4 DR SE AP L2 H B3
K Lgee ST LT CKBE Line AREFZ L TFCKE L
SCYGTE InVSLS BAR4E LT .3 NSRBI A IR R T W
FHME.

D PRIEEL L

ZHCMRL26 ], BB E Laywe = Linme = Lo =8, 43 5 B
LE€{100,120,140, 160,180,200}, ¢ ¥ &% R 40 & 2 Frai,

F K, HR P 43 5 378 H5 8K R HT 10 %6 i R
IRFRAH M R, Avg Fom 3 T8 4R T ME MR SRR et
18, TR KR AL .

# 2 InVS15 I MCNN 7EA A P AT /Y4 g
Table 2 Performance of MCNN with different number of snapshots

on InVS15
L K HR P Avg
100 0.8256 0.6045 0.9137 0.7813
120 0.7842 0.8182 0.8940 0.8321
140 0.7942 0.8318 0.9111 ()Sﬂ
160 0.7881 M 0.9084 0.8412
180 0.8217  0.7864  0.9385  0.8489

200 0.8133 0.6682 0.9443 0.8086

M 2 Pl EF] 3 A8 4R 0 e O (B 7R R [ 9 P B AL L
1. FEAE L=180 BF , MCNN 9 3448 br d5c 5, BB ML 7E J5 48
G, SR L =180 15 Jg i )3 #4538 Y 45 1) PR R Rl 43 4

2) LRk

[ 5E L=180, 43 M Lopnee » Luime s Lo € {4,8,12,16,20},
SEESAE AN 4 BRIy, 2 B SRR L e s Lime B
K Ly SBEAFI R /MR IE — 405 1 3 A48 45 10 °F- 18
B0 €6 56T 7 79 U9 — AR A T 4 A 00 3 €6 2% T 7

DRI 4 vpm] LAAR A i 00 4 380 5 A 0 R 1 48 e 1 S, 3R
TR TEIX P TR Y T SCKE |, MCNN 1T DL A5 B 45 47
HPERE . WLERIX WA m 19 AR T LAE B EATHY L A1 Lo HF
RIZIT B Lo B 2EBEE I, 43000 9 8 1 20, & BB B/ Y
LR SCR BT DL AR 5 A 2% B P B 4% Loee = 8 FLXT B
B B ] FES 28 1 SCRBE SR 314 Ly =8 F1 Ly, =8,

10

Avg

Bl 4 InVS15 £ MCNN fEAR R LR 3CK B Yy 1 g
Fig.4 Performance of MCNN with different context lengths
on InVS15

4.4.2 srxEk

TE 6 AT [R) LA (1 B 7 4k 38 4% 308 4 | Lk B8 MCNN
L T PR RE . 3 D IRIR I HUIT A Y R T A F 3 1E .

AT ENE SR FZENE 3 s, H Improved R
MCNN # He f5 526 05 6 #2713

m 3 FrF LB TFE HT2009 $#4E | MCNN (45 /R
FEMEALT DGCN, 1 HAb By &£ ., MCNN ¥y ifs 1 A
B fE, JU R AF HS2013 #dls 48 I MCNN Ay #: fig L ik i
T DGCN 27+ T 31. 6/ X F I MCNN 745 2] 19717 55 HE &
T SIR A5 RS £ 11 G B SR  HE4 .
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Table 3 Kendall’s 7 coefficients of node ranking obtained by each method and SIR model

Methods InVS15 HC HS2013 HT2009 PS SFHH
TDC 0.7015 0.5782 0.6400 0.5273 0.5742 0.6955
TK 0.5486 0.5930 0.6262 0.5234 0.5533 0.6606
TGC 0.6923 0.5810 0.6086 0.5174 0.5371 0.6923

SPT-C 0.4637 0.7828 7828 0.6171 0.7938 0.7615 0.4796

ASAM 0.4632 0.6279 0.5661 0.5991 0.5917 0.6690
TIG 0.5222 0.5466 0.5104 0.4821 0.4451 0.6371
MLI 0.6971 0.5735 0.6402 0.5198 0.5714 0.6944

DGCN 0.4336 0.7641 0.6442 0.8066 0.7646 0.4688

MCNN 0.8217 0.8370 0.8475 0.8041 0.7659 0.7950

Improved/ % 17.1 6.9 31.6 —0.3 0.2 14.3

ANTF 7 ¥ BORT 1006 fi PR SC RN SR 4 BT,
TR R B0 96 0 5 AL MCNN #E HT2009 $4E 4 F A9
10 %0 fir PRI AR T DGCNHAE KRB S EYWMAE T

AL . HAE InVS15 3048 45 AR &AL, bkt 77 1% SPT-
CHFAT 34.1%, X% MCNN 72 G 643 S 7 m A A
RN E I

FA4 KA LM SIR BLAISEIFET 10 0 fir h R
Table 4 Topl0% HR obtained by each method and SIR model
Methods InVSI15 HC HS2013 HT2009 PS SFHH
TDC 0.5818 0.5125 0.5394 0.4545 0.6583 0.7925
TK 0.3364 0.5125 0.5667 0.5273 0.6333 0.7425
TGC 0.5818 0.5125 0.4788 0.4455 0.6083 0.7550
SPT-C 0.5864 0.8500 0.6727 0.7182 0.6167 0.3550
ASAM 0. 4000 0.7750 0.4727 0.6818 0.6000 0.6625
TIG 0.2000 0.5250 0.3758 0.4636 0.4583 0.6175
MLI 0.5818 0.5125 0.5091 0.4545 0.6458 0.7925
DGCN 0.4591 0.9625 0.6303 0.7255 0.6833 0.3775
MCNN 0.7864 0.9750 0.7333 0.7191 0.6875 0.8825
Improved/ % 34.1 1.3 9.0 —0.9 0.6 11.4

R 0 R R B St R B 4 S n % 5 sl
HT2009 %45 % . MCNN B 2 /R M ¥ R BOLF 5
DGCN — 2, 7E H b 4 45 L ORH5 T e A48 . 72 HS2013 4%
£ PR R T RRE KT T 9.3% ., XERW L E
LR MM S MONN T G 47 i 32 3500 A 090 3 i 4k
PR D i 2R B

AP UL B 3 AR I S5 & B, MCNN 7E InVS15,
HS2013 1 SFHH % % 1 % B 4. £ HC. HT2009
PSHRAE FIRIMRZ . WAIEFE 1 A58 5
BT JE R R IR B0 22, 30 W e 4 0 10 FsF e ) 45 11 431 e IR

1 i1 R 2 o LR BROR PR R I 1 A5 AR K L Bl T 2 ) 45 4 4
AIE AT [R]RE A RRAE B4R I, 19 S R BRI R & A T 3 4K
%, Fe AT A IR ) BB IUR K Z A Bl T I S A R AR A £
B, WA BRI WS S AR T A R Y 3R
B, i InVS15 JA i 22 (9 J5 R FE B B0, T9 A 106 R K 550
RA WA B E, HS2013 HA R £ 09735 s B0RN 5 /U1 R IR
BOSFHH A REZ MW ABMREZ MR G HSE L, W
L 7EX 3 B0 45 B MCNN A RLHCAS o 40 B9 o B T
HT2009 B985 LT S UM R &8 S R , B A
1 R B /D L R MCONN 76 3% 85045 28 1 1Yo BE MGG .

F 5 AATTEA SIR BLRIAS BT 250 B K IR FRAE DG ME R B
Table 5 Pearson correlation coefficients of node scores obtained by each method and SIR model
Methods InVSI15 HC HS2013 HT2009 PS SFHH
TDC 0.8802 0.7459 0.7958 0.6479 0.7954 0.9029
TK 0.7416 0.7571 0.8008 0.6518 0.7742 0.8646
TGC 0.8723 0.7380 0.7528 0.6368 0.7449 0.8921
SPT-C 0.6074 0.9728 0.8397 0.9202 0.8508 0.6286
ASAM 0.5622 0.8113 0.7042 0.8245 0.7694 0.8421
TIG 0.6920 0.6242 0.6694 0.5971 0.6393 0.7891
MLI 0.8767 0.7444 0.7959 0.6462 0.7928 0.9032
DGCN 0.5692 0-9789 0‘8159 0.9261 0-8389 0.5952
MCNN 0.9385 0.9815 0.9249 0. 9258 0.8626 0.9316
Improved/ % 6.6 0.3 9.3 —0.0 0.4 3.1
4.4.3 HRmER W I 23 P AR AR B 5 4) w/o S_T . B Bk 25 [ LI 8] 45 AiF &6 B4 5

S UE MCNN W 38 3 09 JLAS 35 2885 B i 48 . o 47
TIiHAE 2%, MCNN B JLAZKIN T . 1) w/o S, B8 B &8
[B] 45 iF 46 B 5 2) w/o T, %% B i) [] 45 4iF 46 [ 5 3) w/o ST, %

5)w/o S_ST, B k45 8] Fl it 25 4R 4E 46 45 6) w/o T_ST, BBk
Fsf 1] S 25 R AiF 46 P4 5 7) w/o CNNL B CNN 38 8) w/o
SA,# B A ER I HLH B 9) w/o LSTM, # & LSTM



150

Com puter Science T HEHMLFF2¥:  Vol. 53,No. 4, Apr. 2026

B, S gERaGE 6— £ 8 g,

e 6— % 8 Fra, N =277 SRR A , IR B — 2 4% 1E
P ZAFAEAE 3 A PEA 48 4 1 1) R R I MCNN, [H gt 5
P 25 ] 5 0 L I 8] R A A I 25 45 39 4 A MCININ 3R 531 5
Bh R 45 T SR L ERE R, NE 6B,
MCNN B EB 5 R ZEH LT w/o S, w/o T Hil w/o ST
Iy ETE 68. 9% .53, 6% Al 48. 8% . K ik M = S HRAF Xt F
MCNN (1 T Z MR B L 25 7] 45 44 45 AiF 2 5 3 2 19, LR RS
VF) A A E 0 B s A 3R AR AE . 3t A R UESE T A TR AL
AR e SRy R AE 43 T A TR B B

MAEEI T BE |- &, 5 MCNN #H 1L, 78 3 485 I, w/o
CNN,w/o0 SA,w/o LSTM ¥ i 3 T %, XU CNN, A # &
FIHLHIAT LSTM % F MCNN 43 51 4 B a0 = R AE b F AR
T 57 BT P A A5 Rl 5 AR O R i — 25 4 IO U R R AR B
EH .

2% LTk . MCNN | T [5) B 76 28 [ | B (8] LB 283 4> 2
JE R BT SRR AR L 9 Ll CNNL 3 & M1 LSTM 44
1 Bl 25 T 77 A BRI 45 AR AR BT s M IR R AT PR R T 5
FRAE A2 T 110 25 TR) 25 4 G 3R | I [ A 5 4t 15 I = 1 4 it AL A5
B R IRHR T T I W 4% Ak

e e >

T IRBIEE ST,

%6 InVS15 | MCNN K HAS A& 15 188 R A
Table 6 Kendall’s ¢ coefficients for MCNN and its variants on InVS15

B MCNN w/o S w/o T w/o ST w/0S T w/0oS ST w/oT_ST w/oCNN w/o SA  w/o LSTM
0.01 0.8192 0.5803 0.6286 0.6466 0.5583 0.5693 0.5557 0.5626 0.5699 0.6896
0.02 0.8360 0.5529 0.5970 0.6152 0.5302 0.5411 0.5280 0.5351 0.5417 0.7113
0.03 0.8434 0.5241 0.5704 0.5860 0.5003 0.5124 0.4998 0.5070 0.5130 0.7282
0.04 0.8367 0.4938 0.5384 0.5553 0.4701 0.4817 0.4706 0.4773 0.4823 0.7364
0.05 0.8311 0.4747 0.5207 0.5366 0.4511 0.4628 0.4509 0.4575 0.4636 0.7444
0. 06 0.8248 0.4591 0.5069 0.5227 0.4356 0.4474 0.4350 0.4424 0.4480 0.7455
0.07 0.8186 0.4451 0.4945 0.5124 0.4219 0.4339 0.4216 0.4283 0.4347 0.7463
0.08 0.8104 0.4418 0.4920 0.5101 0.4182 0.4299 0.4180 0.4254 0.4305 0.7424
0.09 0.8054 0.4429 0.496 6 0.5132 0.4201 0.4313 0.4200 0.4278 0.4319 0.7371
0. 10 0.7914 0.4494 0.5044 0.5228 0.4255 0.4376 0.4254 0.4346 0.4386 0.7231

F# 7 InVSI5 I MCNN KHEARM AT 10 % fir 3R
Table 7 Topl0% HR for MCNN and its variants on InVS15

B MCNN w/o S w/o T w/o ST w/0S T w/0S ST w/oT_ST w/oCNN w/o SA  w/o LSTM
0.01 0.8182 0.6818 0.8182 0.7273 0.5909 0.6818 0.6364 0.7273 0.6818 0.4091
0.02 0.8182 0.5455 0.6818 0.5455 0.5000 0.5455 0.5000 0.5455 0.5455 0.5455
0.03 0.8636 0.6818 0.7727 0.6818 0.5909 0.6364 0.5909 0.6818 0.6364 0.4545
0. 04 0.8636 0.6364 0.7727 0.6818 0.5455 0.5909 0.5455 0.6364 0.5909 0.5000
0.05 0.7727 0.5909 0.7273 0.5909 0.5000 0.5909 0.5455 0.6364 0.5909 0.5000
0. 06 0.7273 0.5000 0.5909 0.5455 0.4091 0.5000 0.4545 0.5455 0.5000 0.5000
0.07 0.8182 0.5909 0.6818 0.6364 0.5000 0.5909 0.5455 0.6364 0.5909 0.5000
0.08 0.6818 0.4545 0.5909 0.5000 0.4091 0.4545 0.4091 0.5000 0.4545 0.5455
0.09 0.7273 0.5000 0.6364 0.5455 0.4545 0.5000 0.4545 0.5455 0.5000 0.5000
0.10 0.7727 0.5455 0.6818 0.5909 0.5000 0.5455 0.5000 0.5909 0.5455 0.5455

# 8 InVS15 | MCNN JHAS A i) B2 IR #RAH S M 2 4L
Table 8 Pearson correlation coefficients for MCNN and its variants on InVS15

B MCNN w/o S w/o T w/o ST w/o S_T w/0S ST w/oT ST w/o CNN w/o SA w/o LSTM
0.01 0.9150 0.7560 0.8189 0.8255 0.7443 0.7471 0.7378 0.7505 0.7490 0.8619
0.02 0.9397 0.7088 0.7714 0.7804 0.6995 0.7001 0.6942 0.7054 0.7024 0.8859
0.03 0.9468 0.6735 0.7401 0.7487 0.6621 0.6648 0.6582 0.6698 0.6670 0.8971
0. 04 0.9502 0.6295 0.6968 0.7087 0.6179 0.6203 0.6140 0.6257 0.6225 0.9029
0.05 0.9466 0.6031 0.6763 0.6874 0.5905 0.5930 0.5865 0.6000 0.5953 0.9061
0. 06 0.9465 0.5835 0.6600 0.6706 0.5712 0.5733 0.5664 0.5803 0.5756 0.9077
0.07 0.9428 0.5641 0.6448 0.6565 0.5506 0.5529 0.5462 0.5613 0.5554 0.9089
0.08 0.9378 0.5605 0.6454 0.6559 0.5470 0.5493 0.5433 0.5589 0.5519 0.9060
0.09 0.9341 0.5591 0.6485 0.6579 0.5453 0.5475 0.5416 0.5582 0.5501 0.9044
0. 10 0.9258 0.5621 0.6561 0.6644 0.5475 0.5502 0.5440 0.5613 0.5528 0.8988

4.4.4 T RER

TE B 25 R AIE R R4S £ b B T SR A% 4 B IR] A, 38 7T LR
F A% 405 8 R 405 B AR B R SR AL B G R AR S0 50 5 4R ]
b 2 4 AF 4 7 300 MONN Y 52 0. B R F AL 3% 15 25
MCNN il 5 MCNN _d, 5% i 1% 3% % 42 %0t 19 MCNN 92 28
MCNN_n, 5 #4807 ¥ M MCNN SHA7 5 8 /R BB ., 5086
B SIR AR AR YL RN 0. 01, SEEZE Rk 9 ), He,

B/
W

MOCNN B 47 Jo 7 4 14 die A0 A8 PR 1R 0 L B 4k 0 0 v i) i
A8 R R 26 % 7R L Improved S MCNN & H: A8 4 1 d5 45 1
ARONS T B A 5 28 T vk 1) 2 e HE ]

Wk 9 P, 75 6 N EHE4E . MCNN, MCNN_d Fl MC-
NN_n #8453 BI7E A S0 96 8 DB TR AERIM, L HFE In-
VSI15 #l HS2013 $idlE £ 1, MCNN_d KR JE# T 7 b 2
LR . I U T R T R T L A R I A O 3 e s
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FEXTF MCNN 4 J2& A 84009, iE Bl 7 MCNN H A 84 19 3
R

R T k25 SR S RRAE A R A b 25 A R AL R
V1) | 5 I T35 R 4 I A 50 A 280 B 1) 5% o, SR RTINS 1)

75 2 i 2 R AE SR B L 7R HC Bl 4 gk AT 18R R B
By, SCEARBUT A B RT ORE, sk 10 BRA, H
Fwy @ s, €{0.0,0.2,0,4,0.6,0.8,1. 0} B E R,
THAGHE T Z A 250 AR /R B A 1Y F 020 B4 .

F 9 MONN K H A i 55 48 J5 vk 1 15 17K 2R B
Table 9 Kendall’s 7 coefficients for MCNN and its extended variants and baselines
Methods InVSI15 HC HS2013 HT2009 PS SFHH
TDC 0.6683 0.5749 0.6131 0.5318 0.5315 0.6755
TK 0.4935 0.5870 0.5966 0.5274 0.5052 0.6270
TGC 0.6541 0.5741 0.5813 0.5212 0.4889 0.6670
SPT-C 0.5573 0.7604 0.6162 0.7563 0.7772 0.4874
ASAM 0.5441 0.5177 0.4617 0.5407 0.5131 0.7395
TIG 0.4787 0.5380 0.4894 0.4901 0.3967 0.6092
MLI 0.6643 0.5748 0.6137 0.5262 0.5293 0.6729
DGCN 0.5567 0.7456 0.6425 0.7687 0.7694 0.4664
MCNN 0.8192 0.8054 0.8023 0.7645 0.7079 0.7614
MCNN_d 0.8644 0.7960 0.8088 0.7661 0.7638 0.7548
MCNN_n 0.6369 0.7592 0.7357 0.7842 0.8042 0.6002
Improved/ % 29.3 5.9 25.9 2.0 3.5 3.0

mk 10 a4 R B 0o Ml o BER,
F 10 HC A RIACHE I 238 FR0F 591 7 /R 250

Table 10 Kendall’s 7 coefficients for different weight spatio-

temporal features on HC

wg w) w5 K

0.0 0.6 0.4 0.7942
0.0 0.8 0.2 0.8014
0.0 1.0 0.0 0.8272
0.6 0.4 0.0 0.8324
1.0 0.0 0.0 0.8370

XFRIITE HC BRAE b . % 15 I ] 70 4% 56 BE 8 X T I 28
R B4 22 1K T O FE L T AR B AR A N S B S, R,

XFHCER 3 AT HL AE AR A A = 2SR A REAE I L L R IR AR
TR TR . TR BN W) BOHE A T AR Bl A R =
e 25 iR AIE B AR R AT B A AR DGR T mR
4.4.5 BAAAH I

F£ MCNN .5k CNNL & 5 #L A LSTM i 47
FRAE RS BCRI & . 0 TRUES A Aa R, 50T
HIAF IR AT X L3288 1) w/ Densenet. K CNN #EHe £ e fy
Densenet £3t52) w/ ECA, ¥ A B SIS 2 oy ECA #
Ht33) w/ Transformer, ¥ LSTM il 24 4 Transformer £
Peo WM IR AR IS M8 R R R S0 S5 RO A SRR 1P
BIA 02k 11 73,

F 11 MCNN K2 R A2 i i 15 158 R A
Table 11 Kendall’s 7 coefficients for MCNN and its component variants
Methods InVSI15 HC HS2013 HT2009 PS SFHH
w/ Densenet 0.4763 0.7469 0.6542 0.8120 0.7259 0.5141
w/ ECA 0.4805 0.7879 0.6483 0.8082 0.7632 0.5082
w/ Transformer 0.7049 0.5449 0.5239 0.4639 0.4825 0.5262
MCNN 0.8217 0.8370 0.8475 0.8041 0.7659 0.7950

W 11 prol, 5 T 48 HT2009 384 E , w/ Densenet il
w/ ECA M5 /R Z 5w & T MCNN 4b, 78 Ho At B 9% 48 1
MCNN #BAF T tifl. M 3 A8 & . MCNN 78 i 4 %k
$E4E FEY 591 w/ Densenet,w/ ECA Hl w/ Transformer
27t 24.0%,21.9%,50. 1%, FJ WL, MCNN 1% H i) CNN,

B T TR OG B Y 0 o R L AR SR A — A SRR B B AR
Dublin EXF MCNN #47 5 /KR R # L%, Dublin 2 — 449
HR A N DS Al R 4%, HL BT IR R AN 12 IR A . U4
2 13 i3 avg FnFHMHE .,

# 12 Dublin K482
Ve = =] 5]
FEZHLH A LSTM 2 A 801 . Table 12 Statistical properties of Dublin
4.4.6 KB EFB W % n T [C] IE|
N N . i ” N ” Dublin 10972 76944 415912 44517
9T B AE MCNN 45 7 78 B RIAR ) s 8 4 38 ) 45 5
%13 Dublin £ MCNN K32k 15 8 /R 2 5
Table 13 Kendall’s 7 coefficients for MCNN and baselines on Dublin
B TDC TK TGC SPT-C TIG MLI DGCN MCNN
0.01 0.3578 0.3510 0.3154 0.5059 0.3229 0.3374 0.7301 0.7422
0.02 0.3600 0.3510 0.3116 0.5010 0.3197 0.3373 0.7775 0.7883
0.03 0.3611 0.3512 0.3108 0.4764 0.3201 0.3385 0.7935 0.8036
0.04 0.3643 0.3527 0.3111 0.4579 0.3200 0.3402 0.8002 0.8110
0.05 0.3670 0.3545 0.3125 0.4459 0.3218 0.3426 0.8062 0.8175
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B TDC TK TGC SPT-C TIG MLI DGCN MCNN
0.06 0.3677 0.3546 0.3123 0.4442 0.3216 0.3427 0.8087 0.8198
0.07 0.3713 0.3574 0.3144 0.4235 0.3239 0.3456 0.8092 0.8213
0.08 0.3725 0.3577 0.3147 0.4251 0.3243 0.3465 0.8110 0.8228
0.09 0.3725 0.3575 0.3149 0.4311 0.3242 0.3467 0.8121 0.8241
0.10 0.3742 0.3585 0.3155 0.4444 0.3246 0.3477 0.8139 0.8261
avg 0.3668 0.3546 0.3133 0.4555 0.3223 0.3425 0.7962 0.8077

A LA E L AE Dublin 2048 4 1 MCNN (%) 36 BLUSE 4f-, 76 i
B R T BRAG T RRAH T 38 H R R 5 DGCN 42 T T
1.4% ., A UL, MCNN HA 47 SRR 4E B 19 2 #E L DL CRFAE
LTIk 1 22 R P o 08 7R KA I e 4 52 T 4 B0 4 I i
B A5 B T SRR R RN R T
4.5 itig

ZEA DL B SC8  MCNN Filtf 45 (8] L B[] R A 23 4 4E , B
AR5 A B A 22 I 2% G B T s IR RE 7. A MCNN $1 1Y
ZIARAE SR A3 H A D5 35, T L & BLL TDC f TK 2 % G o
S M T 3 B B SRAS AR A B IR A R S P P T 3
SUORAE R T S AN IR T S A X R, TGC EE S
AN B RS S 5T T I ] B AR AN T B T 2 W) 5 4 O R A
A G HE 06 &R . SPT-C J& 3k 00T B 42 W 9 oo kB ik
LT 3 RAE L HIX 3 ANERAE Y K% T A L % ok
F o ASAM J& 3 T 4R 450 BRI 7 I A 1R T A5 ) 45 4 56
ZABFTEIFES R, TIG, MLI, DGCN % T /4% # A 1975
2 (H TIG 76 2 HUY & 45 AF B R 25 5 i ) B 4 6 & . ML AR
R T 7S M S5 8% & . DGCN A% ML &b 3 i ] 77 31 () Jin 4 5
Gy LSTM B8 (HAG SR R 8 T M 45X R, 7l
UL, MCNN BR &b T 3 88 J7 2 AN A 25 ) L B[] | B 28 A 5l 3 B
PIAS 2 B2 43 0 15 AR AT 1 8 a5 DA 3 4 B 5 1 e IR A e
Fr 0 2 43 AT T RURRAE , (R A £ T T 4 ) B A 58 ) 4% 56
AR B RE .

GESRIE AT Ak B O 4% O BT R R X A 5 R 4%
HFRMALRE R EEAIEE L, TR e P34 %
ST U A AR SCER T — AN R TR 2 ) M2 AR
TERLE P B MCNN, Z T IEGAEZ IR T 3 M A
S TR g P I O 465 AR Ay e B IR Y 22 2 56 AR 4% L R AT
7S ) G54 56 22 I )RR A 26 R DA R I &5 G 3 06 R B L SS
Tei) s ) 0 2 b SO R X I T A R AR 4 M. SR CNN
REE F2 4071 SURRAE 2R B 1 2 T ML il A A5 309 A B R R
fE LR LSTM R EE 42 48 e B8 e 51 4541 L I )5 18 F 4 3% 32 2
T S T . AE 6 A LS AL A 4 T PR AL S5 06 3R
B, MCNN B @58 47w SR RE 0 v TR i,

AR SCHE T —R0H G T SRR AE R R ik B AE N TR
PR 000 20 R ATE AR TRT G AR B . M i 5 ik % T — 1 S
— PR R 1 B S SRR AE A B, T BT RN e R I AT T
IF1) B B DRB A A PR I e A A s B A e . SRR, AT LA aE— 2
A B 22 R UF R A 3 1 B () A 2 LA 5 . DR S
R B AR B AR 2) B AN AR AR PR A B 1R 15 R
DAg /D 5 52 1A 5 3) ST A Rl bR R R 1 AT A B
T AE R T AU I 45 S8R T . LA B A 38 I 4%
MAFZREAMMINE EREE AT RHEZEZE R

W 2% 37 50 AT N R SR D
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