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Dynamic graph link prediction based on multi-view contrastive learning
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Abstract: Link prediction aims to infer missing edges in the network or predict possible future edges. Previous research on
link prediction has mainly focused on dealing with static networks, to predict missing edges in known networks. However,
most complex networks in the real world are dynamically changing, which often makes its link prediction more complex and
difficult. In recent years, methods in link prediction based on dynamic graph representation learning have shown promising
results. Such methods utilize dynamic graph representation learning methods to learn node representations to capture the
structure and evolution information of the network for efficient link prediction. Existing methods mainly adopt recurrent neural

network (RNN) or self-attention mechanism (SAM) as the components of neural network architecture, and learn the evolution
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information of dynamic networks through temporal networks. However, the diversity of dynamic networks and the variability
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of evolution patterns pose challenges to the methods based on complex temporal networks. It is difficult for these methods to
adapt to the evolving evolutionary patterns in different dynamic networks. At the same time, in graph representation learning,
contrastive learning has attracted extensive attention because of its powerful self-supervised learning ability. However, most
existing methods are focused on static graphs, and few studies on dynamic graphs. To solve the above problems, this paper
proposes a link prediction method based on multi - view contrastive learning for dynamic networks, which realizes
representation learning and link prediction of dynamic networks without relying on additional temporal network parameters.
Specifically, the method treats dynamic network snapshots as multiple views of the network, thereby getting rid of the
dependence of contrastive learning on data augmentation. Then, we construct contrastive learning objectives including three
views of network structure, node evolution, and topology evolution to mine network structure, the evolution patterns of nodes
and high-level structure to learn node representations, ultimately realizing link prediction tasks. Finally, we conduct dynamic
link prediction experiments on multiple real datasets, and the experimental results significantly outperform all the baseline
methods, verifying the effectiveness of the proposed method.

Key words: link prediction, contrastive learning, graph representation learning ,dynamic networks,dynamic graph embedding
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Table 2 Statistics of datasets in experiments

FISITES T N M
DBLP 10 315 255
Facebook 9 663 1300
Workplace 8 92 175
Primary 6 242 2977
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HS12 8 180 538
High School 9 327 20945

4.2 BHEFZE T RUEA ST B0 AL
PERNSEHEE 5 BUA 0L R 5 kAT AR, Ferp 4
PR E S M A sh S k.

GAE, VGAE"™ : J& H F & 25 # 54 1) A 4
R AR GAE i i P2 GCON 1R b 4 5 25 2% )
T RO 3 T i B g A SR 4 HE M . VGAE R
BITE GAE (5 19| AR 43 F 4wt 5 0 AR fig
T i, e AR08 A 25 (8] 04 40 A . VGAE BRI
FE 23 (8] T A5 2R o A R 30T 40 A L A g A 2
AL A 0 AE A3 T

GCRN'™": J& — B FH 1 & 504 1) B 2 A5 1)
W2 A B A A T RERE M4 (GCN)
VG B0 2 9 6 (RNIN) F9 SRR, RE 08 XoF 1] 50 30
1T 8 A5 (1 B 23 g AR TR

VGRNN" S — gl 45 B Feom 24 2] I vk il
1K VGAE ¥ & 21 8l 45 I 46 ok 2% ) A4 P i -
AR > A, 3 GCRN 24 7 s (5 L, 4k
BT R SR A

EvolovGCN (EGCN)"™ : J& — Fl sl 245 B %R
22 D5 TH GON 2 ] B A4~ e BRI 90 28 25 44 F0 35
SURRAEAE B 8 i RNN T H GON B 2 BOK Hifi 3k
Bl 2% AL LA .

DySAT™ : & —Fhoh &8 F R 2 > ik it
TE 4B 3 235 ¥4 AT 18] 2h 25 LA T8 R 1 L R 2
AT MR

DGCN" . & — B gl 25 B H 2 2] ik 8
DGR H T84 PR Bk 32 4 5 36 2544 5 42 /i 1 0%
A58, FFH RNN R B8 GON [ S 5 Al |
2 2] Bl 3% W 2% Y AL AL A
4.3 KWIEE A CHET PytorchHEAR S T4
A Dy AL L R E S, Ry T R X LA A



55 31 FEMG QAR R T A PR NS A > B4 gl 2 PR B SO vk - 391 -

Y 1R RE K B 4 0 PR R ) 40 IR 4R iR
A UL RO R A | 5 ik AR BRSSP IR U S
P TR IR Sy A, A DI R4 |, A A f
FH TR R 0 B s 2 43 . X8 T 2% A BB AR [F] 9 )1 5 2
B, BE A R (R, P B 2R 2R 4R epoch B
BN 500, 1AL 2848 F Adam , 12 % i 4 embedding
Y BE BN 16, 2% 2] AR 0. 01. 76 5 ik 42 1 -
5= HLR B0 2R i 22 91 25 50 > H8 Uk, 1Y 1 I Ak
(BT A BG4 A 28 1k I 2L AR SO AT AR X
B Ry {10, 20, 30, 40, 50 ), & #E 7 3k 1 oAb #E 2
Bl O B AR S R R

SEH Sl I R A AE g LB A A P
A7k A B T TN 2R AR S AR A
AN [) Bl 285 B e FUIAT: 55 4K O SRR . IR
AR AR rp R AT B TE 3, SR [R] A5 0
A7 B B2 1 T XA S A0 R e N () R A Ak
A SRl RSP BRI TE i B AL 50 Y6 Yl
Yi B )RR | B J5 a8 A I 2 0 Y 2 A e 0 A
YK By HAx 5000 1Y iR B R HE 3 L R EE
AUC (Area under Curve) fll AP (Average Preci-

sion ) VB b Ak 455 76 4% 2 300 0 M BB 14 16 A, 92 56 &5
10 YRS 6 A9 F4 48 . AR SCRT SR AR R AE =~ 8K
A AT T R A A S G A

4.4 LBWHERSH B M h S EE 2 WIAT 55
oy =2 B A R AT 55 R N 3 T AT: 55
FUBT I % AT 55 . A — 284 42 O AT: 55 vh 47 5K
B . O 0 A DU AT 55 B e A R TN, SR A
ARUAR 5 50 43 224 1 X 28 1 B v %) 30045 RS I 4 iy )
26 P BR rp s O 0 3 . ARSI 2R 58 LS Tk
PR 70% B A TR Y A
P14 2 7 G DN >4 PR B 246 B 2 9 30 . Ok b & R A
3, KPP BEFR R LB E DGR RN, T
R 48 F R A8 BRSBTSk . F R AT L AR
SCHR B 7 VR AR RER A B A E AR IR B T R A
SR BTy vE S B i RNN 3 SAM K 4 3K 3
A A 2, 7 A A A 2 b S g A5 R W AR T
A B 7 i, R T3k 28 5 1 O B AR 4 b 4 4R B A
0o 2% 3 AR AT X, B ) T RS TR A 0 A T A 55
I PERE . AN SCH H 1 5 v D BRI A 3 285 0 2% 11
Z2 AL, DT a5 A N DX Ak A I R 2 ) Bl

xR3I CSHBRNEIGLE
Table 3 Experimental results of inductive dynamic link detection
DBLP Facebook Workplace Primary HS11 HS12 High School
AUC

GAE  86.16%+2.41% 86.31%40.67% 83.17%+1.60%
VGAE  89.20%41.60% 87.96%+1.02% 82.56% +2.07%
GCRN  86.64%+1.80% 87.27%+0.66% 84.09% +1.08%
VGRNN  88.28% +1.39% 88.41%+0.84% 84.00% +6.22%

EGCN 8

J14%4+2.95%  85.00%+0.98% 8

.09% +2.94%

a

DySAT  84.46%+1.86% 90.17%4+0.49% 83.06% +2.03%

DGCN  66.72%+0.99%  74.31%+1. 8

o)
a
o)
a

55. 60% £4.35%

OURS  93.73%%0.54% 91.06% +0.82% 88.03%+0.92%

84.38% +1.28% 89.59% +1.40% 85.81%+1.17% 94.16%+0.76%

84.29% +2.38% 89.40%+1.10%  85.01%+0.82% 94.27%+2.15%
78.93% +£2.37% 87.88% +5.34%  87.68%+0.79% 92.66%+0.71%
83.57% +2.64% 86.94% +2.26% 87.32 % +0.64% 94.63%+0.70%

83.02% +1.62% 8

L73%+3.75% 86.23 %+0.72% 93.82%+0.72%
83.44% +1.39% 88.11%+1.00% 86.66 % +0.94% 94.83% +0.39%

72.21%+£5.12% 7

o

56% +£4.77% 73.66 %+2.25% 66.90% +3.80%

88.92%+0.83% 91.76%*1.05% 89.05%£0.59% 94.98% *0.34%

AP

GAE 86.76% £2.49% 82.95%+1.11% 82.13%+2.53%
VGAE  89.75%41.55% 85.92%+1.23% 81.91%+3.36%
GCRN  87.51%+1.64% 85.57%+0.72% 86.44%+0.82%
VGRNN  88.69%+1.76% 86.42% +1.17% 84.81%+7.23%

EGCN  80.71%+3.27% 8

it

L98%+1.10%  79.86% +2.59%
DySAT  85.50% +1.78% 88.43%+0.87% 83.35% +1.40%
DGCN  68.12%+1.67% 71.93%+2.36% 64.12%+5.16%

OURS  94.59%*0.51% 90.09% *+1.01% 87.13%*2.31%

81.18%6£1.13% 85.30%£2.22%  82.30%%£1.66% 92.65%%1.09%

80.69% +£2.57% 86.52% +1.99%  82.17%+1.03% 93.20%+2.99%

-
1

.89%+2.95% 86.66%45.89% 87.08%+0.93% 9

—

.58% +0.72%

80.63% +£2.64% 85.50% +2.18%  83.39%+0.84% 92.95%+1.31%

78.81%+1.85% 76.87%+5.51% 84.33%+0.91% 92.37%+0.84%

82.93% +1.48% 84.12% +0.81%  84.96%+0.73% 94.01% £0.61%

69.50%+£5.17% 72.20%+7.16%  71.53% £3.81% 62.30% £4.97%

88.47%+1.08% 90.06% *+1.87% 87.19%+1.70% 93.45%+0.71%
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Table 4 Experimental results of dynamic link prediction
DBLP Facebook Workplace Primary HS11 HS12 High School
AUC

3

GAE 83.89%+1.22% 84.91%+0.66% 77.91%+1.19%

VGAE  85.23%40.80% 86.39%+0.49% 7

3

L75% +1.20%
GCRN  87.03%+1.17% 86.23%+1.06% 80.99%+0.72%
VGRNN  82.12%+0.99% 86.07%+0.85% 71.46% +3.95%

EGCN 8:

@

L96%40.82% 86.94%+0.59%  74.30%+5.13%
DySAT 86.08% +1.42% 89.51%+0.36% 79.61%+0.84%

DGCN  70.70%+1.56% 70.71%+0.89% 6

w

L61%+4.27%

OURS  87.77%£0.95% 89.42% +0.55% 82.33%*1.37%

79.41%+£0.87%  76.38%£0.97% 83.59%40.72%  90.62%+0.66%
77.80%40.81% 77.83%+0.92%  83.93%+0.60% 91.32%40.35%
72.51%£3.49% 80.75%+1.57% 85.31%40.65% 90.61%+1.31%
76.62%+4.80% 74.05%+2.93% 84.23% +1.15% 89.70% +1.32%

79.04%+£1.39%  76.83%+1.37% 82.15% +1.41%  90.12%+0.52%

80.81%+0.77% 79.54% +0.54% 86.16%4+0.41% 92.62%%£0.15%

69.36%+3.76% 69.33%+1.99% 70.83%+2.33% 66.52% +3.30%

83.05%+0.83% 82.85%%0.62% 86.73%+0.73% 91.87%+0.47%

AP

GAE 85.10%£1.41% 82.80%£0.90%  77.25%%1.02%
VGAE  86.76%+1.14% 85.09%+0.62% 76.24%+1.27%
GCRN  88.87%+0.84% 86.23%+1.06% 82.74%%+0.94%
VGRNN  84.19%+1.16% 84.51% +£0.74% 73.47% +4.02%
EGCN  86.57%+0.69% 85.90%40.83% 74.96%+4.79%
DySAT  87.65%+1.19% 88.15%+0.41% 80.01%+0.79%
DGCN  68.00%+2.64% 69.49%+1.57%  60.28% +5.52%

OURS  89.37%+0.84% 88.46%+0.82% 82.28% +0.85%

79.42%£0.98% 73.88%£1.40% 81.82%+1.08% 88.40%+1.17%
78.16%+1.30% 74.00%+1.44% 81.96%+0.98%  89.39% +0.53%
70.83% +3.34% 76.67%+1.75% 83.68%+0.88% 89.12% +1.42%
76.97%£5.18%  72.58% £2.46% 83.78%41.09%  88.42%+1.90%
79.10% +£1.27% 73.32%41.29% 80.74%+1.21%  89.29% +0.52%

81.44%+0.92% 76.81%+0.77% 85.05%+0.36% 91.59% £0.42%

67.49% +£4.82% 64.82%+£2.84% 70.41%+4.24% 65.19%+4.61%

83.57%+£0.76% 80.38% *t1.16% 84.88% +0.95% 89.93%+0.65%
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Table 5 Experimental results of dynamic new link prediction

DBLP Facebook Workplace Primary HS11 HS12 High School
AUC
GAE  78.22%+1.18% 85.01%+0.44% 72.37%+1.52% 71.25%+1.12% 73.53% +1.52% 78.95%+0.76% 87.18%+0.61%
VGAE  80.06%+1.88% 86.07%+0.41% 72.11%+1.20% 68.83% +1.17% 74.89%+1.21% 79.26%+0.72% 87.83%+0.39%
GCRN  85.31%+1.20% 88.04%+0.91% 73.56%+0.90% 65.30%+2.89% 76.96% +1.64% 79.21%+0.81% 88.14% +1.27%
VGRNN  76.40% +1.41% 85.66%+0.71% 66.95% +3.64%  69.98% +4.55% 72.23%+2.67% 78.72%+1.66% 86.26% +1.15%
EGCN  83.20%+1.58% 89.32%+0.67% 67.44%+5.12%  69.97%+1.59% 72.09%+2.20% 75.62%+1.90% 89.25%+0.50%
DySAT  83.79%+0.60% 90.15%+0.52% 71.93%+0.64% 72.48%+1.71% 76.05% +1.22% 78.89%+1.39% 89.91% +0.38%
DGCN  69.84%+0.83% 69.50%+0.96% 61.04% +3.35% 72.67%+4.25% 66.06% +4.34% 66.48%+2.63% 63.71%+1.87%
OURS  87.82%+1.13% 91.25%+0.42% 75.40%+2.33% 74.35%+1.29% 77.96%+1.41% 81.70%+1.00% 90.74% +0.37%
AP
GAE  78.81%+1.69% 82.10%+0.29% 70.75%+2.35% 70.53%+0.77% 70.94%+2.01% 75.68% +1.08% 84.90% +0.92%
VGAE  81.10%41.99% 83.75%+0.38% 69.69%4+1.80%  68.72%+0.98% 71.49%+1.20% 75.50%+0.81% 85.77%+0.54%
GCRN  86.33%+1.38% 86.18% +1.13% 75.20%+0.91% 64.46% +2.53% 70.81%+1.63% 76.96%+0.65% 86.64% +1.42%
VGRNN  78.71% +1.34% 83.31%+0.59% 68.53% +3.60% 69.61%+3.84% 69.20% +2.50% 77.52% +1.61% 85.27% +1.83%
EGCN  84.31%41.73% 87.85%+0.83% 67.43% 4+ 5.31% 69.50%+1.36% 67.61%+£1.96% 73.11%+£1.64% 87.75%+0.57%
DySAT  85.07%+0.56% 88.18% +0.59% 73.72%+0.90% 73.53% +1.20% 72.03%+0.58% 76.88% +1.32% 88.25%+0.35%
DGCN  68.13%+1.49%  68.97% +1.10% 58.28% +4.17%  69.80% +5.29% 63.10% +4.85% 65.89% +4.44%  63.64% +2.98%
OURS  89.13%+1.10% 90.15%+0.31% 74.62%+1.76% 73.83%+1.18% 74.23%+1.00% 79.84%+0.97% 87.94% +0.51%
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