wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

B R R M E 5N 1 S R0 e SHERE TR 75 &
ZRE, RIBRR, EXR, IS Y

5IAEX

[, BR\BFR, IR EIES. BENEERSHNAZNNSEBETUNITEN]. HHENRE 2025,
52(6): 118-128.

GUO Xuan, HOU Jinlin, WANG Wenjun, JIAO Pengfei. Dynamic Link Prediction Method for Adaptively
Modeling Network Dynamics [J]. Computer Science, 2025, 52(6): 118-128.

BUXEEE (SERXIME IE JIREREEXE)

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

Semantic-aware Heterogeneous Graph Attention Network Based on Multi-view
RepresentationLearning

HENRIE, 2025, 52(6): 167-178. https://doi.org/10.11896/jsjkx.240600032

ETFEENEBRmBSRNERERaNGE
Outlier Detection Method Based on Adaptive Graph Autoencoder
IHENEE, 2025, 52(6): 129-138. https://doi.org/10.11896/jsjkx.240500092

EFEAINMENaEIE T RS EESE
Selection Method for Cloud Manufacturing Industrial Services Based on Generative
AdversarialNetworks

IHEHRIE, 2025, 52(4): 54-63. https://doi.org/10.11896/jsjkx.241000102

NLGAE: —FEFBUH MBS RIRK R E B RGeS 15 M REE
NLGAE:A Graph Autoencoder Model Based on Improved Network Structure and Loss Functionfor Node
Classification Task

HEHNRIE, 2024, 51(10): 234-246. https://doi.org/10.11896/jsjkx.230700122

SR RIS P REFNEREF I A
Structural Influence and Label Conflict Aware Based Graph Curriculum Learning Approach

HEHNRIE, 2024, 51(10): 227-233. https://doi.org/10.11896/jsjkx.230800167


https://www.jsjkx.com/CN/10.11896/jsjkx.240400033
https://www.jsjkx.com/EN/10.11896/jsjkx.240400033
https://www.jsjkx.com/CN/10.11896/jsjkx.240600032
https://doi.org/10.11896/jsjkx.240600032
https://www.jsjkx.com/CN/10.11896/jsjkx.240500092
https://doi.org/10.11896/jsjkx.240500092
https://www.jsjkx.com/CN/10.11896/jsjkx.241000102
https://doi.org/10.11896/jsjkx.241000102
https://www.jsjkx.com/CN/10.11896/jsjkx.230700122
https://doi.org/10.11896/jsjkx.230700122
https://www.jsjkx.com/CN/10.11896/jsjkx.230800167
https://doi.org/10.11896/jsjkx.230800167

http: /www. jsjkx. com

+ #u £
O tﬁlm wic? DOI: 10. 11896/jsjkx. 240400033

B 1E Iy 3 4% W 48 3 1 5 19 Bh A5 S B T 77 0k

R ERER EXR ERETR?
1 REAFER SITHEFI K iE 300350
2 M N FREAFNE =B 242%K% M 310018

(guoxuan@ tju. edu. cn)

E HARBERFAMNZEMAESNHERNLGECFMAZ—, 448 Hna llééé#ﬁffiii:“—lﬂ]%é*#@ﬁvﬁii@%ﬂ
HEEFRAGPARBET RSBV ERNE R EFTRI TR ELRNE DN FEET - — REEREYRAET

7% A2 DANOM. DANOM @ &% S T2 M fo a2 B2 8, R T WA S M e @5 S ERE é’yﬁkﬂ’u‘?
*% FARP AR T B F I LR LT EELEFTEEAFTOEMNREMAT LKD) ML 4 H %1% .8, DAN-
OMESMNASEHBELASHTHIES FPHLATRAKXR A FALFARTANES T AUC E AP K& 4RI 14 %A
9.7%  JE B B ok HE LT 04 3% FAMAE S F AUC 5 AP 5 51 F 394K 0. 43% A= 0. 03% 2 A P A %3+ AUC 5 AP %
B4 AR 20.6% F0 24. 4%,
EBRR BAFTEI ;AN BRTAN; W EFTHRYIFE;RNEHHF
FESES TP391

Dynamic Link Prediction Method for Adaptively Modeling Network Dynamics

GUO Xuan',HOU Jinlin' , WANG Wenjun' and JIAO Pengfei*
1 College of Intelligence and Computing, Tianjin University, Tianjin 300350, China

2 College of Cyberspace Security» Hangzhou Dianzi University, Hangzhou 310018, China

Abstract Dynamic network link prediction is one of the core issues in understanding and analyzing dynamic networks. In re-
sponse to the challenges of capturing complex network structures and real evolution patterns faced by link prediction, this paper
proposes a method integrating the graph neural network and neural ordinary differential equation to adaptive model various net-
work dynamics:double-layer activity-constrained neural ordinary differential equation model (DANOM). DANOM integrates the
importance and relative positional information of nodes to enhance the representation of network structures, strengthens the
learning process of evolution patterns through neural ordinary differential equation units constrained by node activity,and mines
effective information of the network under the reconstruction loss of node activity and node representation. DANOM achieves op-
timal results in various down-stream tasks on multiple real-world datasets. It achieves the highest improvements of 14% and
9.7% in terms of AUC and AP, respectively,in the single-step link prediction task. In cases of snapshot missingness,the average
AUC and AP of link prediction are only reduced by 0. 43% and 0. 03 % ,respectively. In the user stitching experiments, DANOM
achieves the highest improvements of 20. 6% and 24.4% in terms of AUC and AP,respectively.

Keywords Graph representation learning, Dynamic network, Link prediction, Neural ordinary differential equation, Network

dynamics
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UCl 1899 15675 291 9015 2239 7
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6 ¥ 4 FEAL P 4 FHNS AN 4 HX %
pEisE s \.
X
N
N
NG

VAT /BT S SN A A £ X A I8 A AR 3
B2 A g 4B &R
Fig. 2 Adjacencies in synthetic networks
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Table 2 Prediction results of single-step link

%)
Vi FER Email UCI Bitcoin Reality Wiki Reddit Math

AUC 97.6+0.9 87.0+1.1 89.6+0.7 96.440.4 93.440.2 96.7+0.1 91.9+1.5

Dyngraph2vec ot 1L
AP 97.9+1.5 85.7+1.6 89.5+0.8 96.040.2 92.54+0.8 95.1+0.6 91.4+1.2
. . AUC 96.9+1.2 85.9+2.1 92.240.4 92.9+0.9 88.7+0.8 91.9+0.7 90.4+0.5
EvolveGEN AP 97.1+1.5 87.7+1.9 93.340.6 94.840.9 92.0+1.3 91.7+0.7 90.2+0.6
DySAT AUC 95.9+1.3 87.3+1.8 87.8+1.7 96.5+3.6 89.340.2 96.5+0.3 93.34+0.9
AP 96.7+1.8 84.0£0.9 87.5+£3.6 95.5+3.6 88.940.9 95.1£0.4 93.0£0.2
. AUC 95.4+1.2 80.4+3.3 85.3+1.4 96.7+1.3 88.2+1.5 95.3+2.7 92.3+0.8
NDEN AP 96.3+2.3 82.2+1.8 87.4+1.6 95.7+2.7 89.5+3.6 94.4+2.0 92.44+0.7
AUC 97.940.2 89.3+2.7 82.9+2.5 93.041.2 94.1+2.5 94.3+1.3 95.6+0.4
STGSN AP 97.3%+0.4 88.0+1.8 89.4+4.4 90.1+1.9 94.140.9 93.9+1.1 95.140.2
GRU-GCN AUC 95.0+2.5 83.6+1.6 91.040.8 96.440.6 88.7+1.7 92.9+1.1 91.1£1.1
AP 98.0+1.1 86.542.6 93.140.3 96.1+0.8 91.140.9 91.240.5 90.240.7
ROLAND AUC 96.5+1.8 88.5+0.9 94.7+1.6 93.140.4 92.7+1.4 95.0+0.9 91.6+1.3
AP 96.8+1.3 88.1+2.2 92.4+2.4 95.1+1.6 91.0+1.4 94.2+2.9 91.8+1.8
DANOM AUC 99.240.4 90.1%0.9 96.910.4 98.2%0.1 95.4£0.3 97.0%0.3 96.0%0.4
AP 98.9+0.5 89.310.4 94.840.7 97.940.9 94.4%0.9 96.1%0.6 95.810.4
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Table 3 Prediction results of single-step link on noisy networks

¥
VS A5 Reality Wiki
b b AUC 95.540.9 92.6+1.2
yngraphzvee AP 95.0£0.6  91.4+1.3
AUC 91.3+1.5 93.4+1.3
STGSN
AP 89.2+1.6 92.9+1.4
AUC 98.240.5 94.1%0.8
DANOM
AP 97.6%0.9 93.4%1.3
T o A R O A 5 L Ay e IR 45 3 5 R R R S R 4 A 5 34
WahHh 5%,

A SLHGH G b OB I i T 45 R

Table 4 Prediction results of single-step link on complex structured

networks

[€79)

VRS EERG HAFERN % A A W %
AUC 97.5+1.4 83.1+2.1
Dyngraph2vec AP 96 1418 78.140. 9
STGSN AUC 97.0+1.5 76.1+1.4
AP 96.9+-1.6 70.1+2.3
DANOM AUC 98.410.4 86.4%0.7
AP 97.3%2.1 79.3%0.3
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Fig. 3 Prediction results of multi-step link
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Table 5 Prediction results of snapshot-scarce link
Vi ¥ AR Email UCI Bitcoin Reality Wiki Reddit Math Avg. Drop
D b2 AUC 97.3 82.1 87.9 94. 6 92.2 95.3 88.3 2.12y
ngraphzvec
yneral AP 97.7 82.6 87.7 94.2 91.4 93.0 87.8 1.96 v
AUC 96. 0 84.3 75.7 91.6 88.6 90. 3 88.0 3.49
EvolveGCN
AP 96. 1 84.1 78.8 93.9 90.9 90. 1 88.0 3.56 v
AUC 88.2 82.3 87.3 96.2 85.6 95.0 91.3 2.96 ¥
DySAT -
AP 91.2 77.0 86.9 95.1 86. 4 93.6 91.3 2.74 Y
AUC 94.4 79.2 81.5 88.9 82.8 94.2 91.2 3.06 v
NDCN
AP 95.1 80. 8 82.8 89.0 82.1 93.4 90. 6 3.44 Y
AUC 68. 1 88.5 75.5 87.5 87.2 91.1 93.4 7.97y
STGSN -
AP 76.1 87.0 84.7 84.7 88.8 90. 2 93.1 6.19 v
AUC 95.1 78.2 81.4 95.5 86.5 90.9 86.5 3.51 %
GRU-GCN
AP 97.1 82.9 91.6 95.0 88.7 89.7 85.4 2.26
AUC 96. 2 86.5 91.9 92.9 86.8 94. 3 88.1 2.20 v
ROLAND —
AP 96. 3 86. 3 92.3 92.3 86.9 92.3 88.5 1.81y
AUC 99.2 88.5 95.2 98.7 95.7 96.8 95.7 0.43 y
DANOM
AP 98.8 88.9 94.6 98.2 94.8 95.9 95.8 0.03y
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Fig. 4 Prediction results with different ratios of snapshot-scarce link
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Table 6 Experiment results of network dynamics
i VS EEES ML P 2 T NS 2 A X 4

- NDCN 1.0740.08 1.01+0.15 12.45+6.38 0.25%+0.03 4.96+1.61
DANOM 0.81%0.12 9.21X1075+4.5X107¢ 2.33£1.04 0.0210.02 3.76X107*+£1.0X1074

A NDCN 5.86+0.39 6.58+2.27 18.36+2.39 6.48+1.88 2.23%+1.62

DANOM 2.08£0.01 1.54%1.42 4.9240.88 3.26%0.17 1.07£0.40

e NDCN 1.97+0. 16 18.18+3. 66 11.334+2.35 1.5340.09 16.79+7.16

DANOM 1.6810. 44 13.91%+1.77 2.62£0.62 1.42£0.15 10.38+3.93
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Table7 Prediction results of node activity
Vi ¥ AR Email UCI Bitcoin Reality Wiki Reddit Math
MSE 1.3942 4.3890 7.5754 2.4568 4.2313 74.1130 6.5226
Dyngraph2vec
MAE 0.1766 0.8796 0.6612 0.2914 0.7084 1.7500 0.7769
MSE 1.4015 3.3035 6.8834 2.6477 4.2390 16. 6760 6.7527
EvolveGCN

MAE 0.1818 0.6379 0.6183 0.3029 0.7292 1.4490 0.7817
DySAT MSE 2.5731 3.6712 14.6142 2.4305 3.2314 16.1950 5.1828
v MAE 0.1854 0.5965 0.7427 0.2796 0.6953 1.2560 0.6214
NDCN MSE 1.5241 3.7251 6.5852 2.4565 3.3629 66.7230 5.8639
) MAE 0.1895 0.6845 0.6957 0.2885 0.62850 1.5280 0.6957
STGSN MSE 1.2435 3.8787 9.8808 2.9735 3.8923 58.3810 5.3810
Ce MAE 0.1610  0.6307  0.6329  0.2887  0.6320  1.5090  0.6757
MSE 1.0640 3.7351 9.8384 2.9070 3.4703 68.6638 5.8726

GRU-GCN )
MAE 0.1443 0.6003 0.6511 0.3201 0.6172 1.6372 0.7006
MSE 2.9823 5.3970 10. 2180 2.4723 3.2918 90. 0580 4.9649
ROLAND i -
MAE 0.1976 0.6103 0.6882 0.2707 0.6247 2.0104 0.5964
MSE 0.3362 3.1036 6.2850 2.3327 3.0795 7.2848 4.3851

DANOM

MAE 0.1200 0.5601 0.6055 0.2641 0.6052 0.9986 0.6083
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Table 8 Experiment results of user stitching

%)

Vi ¥ AR Email UCI Bitcoin Reality Wiki Reddit Math
Dyngraphzvec AUC 71.34+9.8 79.6+8. 2 84.0+9.8 84.1+1.4 82.8+7.2 85.6+2.7 82.4+2.8
AP 66.7+8.7 74.549.0 79.5+8.5 78.242.0 76.8+8.3 84.3+2.1 82.4+2.8
. . AUC 79.2+1.6 80.9+4.6 78.842.9 80.8+1.5 82.241.1 83.4+1.7 80.0+1.7
EvolveGEN AP 85.9+1.0 86.7+3.3 85.4+2.6 82.9+1.7 87.5+0.6 82.9+1.9 80.0+1.5
DySAT AUC 82.444.2 76.6+6.0 84.244.9 90.9+1.7 89.4+2,7 85.8+2.2 88.242.5
AP 75.946.8 68.5+9.2 88.748.7 90.5+0.8 85.444.6 78.03.4 87.241.4
NDON AUC 90.8+0.7 86.6+1.9 90.140.5 91.1+1.6 88.8+1.6 91.6+1.3 89.7+2.4
AP 89.2+1.8 86.0+1.8 87.940.8 91.1+1.8 88.7+1.2 90.4+1.8 88.6+1.9
STGSN AUC 82.34+5.0 87.0+3.2 86.2+1.2 86.2+1.0 88.640.8 92.1+2.1 83.6+2.2
AP 80.5+5.3 86.1+3.0 84.3+2.0 82.6+1.9 86.2+1.3 91.7+2.9 81.7+1.8
GRU-GCN AUC 77.343.9 71.5+5.0 77.944. 2 79.241.1 71.04+2.7 82.3+2.7 81.8+1.2
AP 75.9+4.8 68.26.6 72.945.8 74.3%1.9 63.4+3.6 81.3+1.9 80.7+2.6
AUC 87.2+4.1 81.0+2.2 90.2+0.8 91.1+1.8 84.4+1.5 93.2+1.4 92.0+2.6
ROLAND AP 89.443.2  80.642.6  90.340.8 90,8411  84.14+1.1 92019  90.241.2
DANOM AUC 91.9+1.8 87.4+3.4 91.6+1.6 92.3+1.6 89.6+1.6 94.3+1.5 93.4+1.4
AP 91.1£2.7 86.6+6.1 89.0£1.6 91.4%2.1 89.9+1.4 93.6+1.1 92.3+2.8
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Table 9 Ablation experimental results of DANOM model
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sEE  #E EA ﬁ;; %gfy{ 0 R EP AP, ELe  Fla
Email AUC 99.2 95.1 98.1 98.9 98.5 98.8 98.8 98.7 98.3
AP 98.9 95.5 97.9 98.7 98.7 98.7 98.7 98.4 98.2
. AUC 90.1 86.9 86. 1 86.9 89.0 87.8 86.3 87.5 86.6
vt AP 89.3 84.6 84.4 86.9 87.5 86.2 85.6 86.6 85.4
Biteoin AUC 96.9 93.7 93.6 94.0 95.7 93.8 94. 6 94.1 94.3
AP 94.8 91.9 92.2 93.0 94.0 93.2 94. 4 92.6 93.5
Wiki AUC 95.4 89.2 89.6 94.0 94.7 94.0 94.3 94. 4 93.9
AP 94. 4 89.6 87.1 93.4 94.1 94.0 94. 1 93.7 92.6
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Fig.5 Experiment results of parameter sensitivity for DANOM model
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