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Abstract

This paper proposes an innovative temporal heterogeneous graph self-supervised embedding
framework that effectively captures both graph heterogeneity and temporal dynamics. Experi-
ments demonstrate that the proposed method excels in tasks such as link prediction and node
classification, achieving 1.7%~2.3% average performance improvements over existing baseline
methods. The framework’s advantages stem from three key innovations: 1) a hierarchical encod-
ing mechanism that efficiently processes complex interactions between diverse node and edge
types; 2) a Transformer-based temporal self-attention model that precisely captures both long-
term and short-term dependencies; and 3) a multi-objective self-supervised learning framework
integrating mask reconstruction, contrastive learning, and structure preservation that signifi-
cantly reduces reliance on data annotation. Ablation studies confirm that temporal information
modeling and heterogeneous relationship modeling contribute most significantly to performance
gains, bringing improvements of 2.9% and 2.3%, respectively. Meanwhile, the proposed method
also demonstrates outstanding performance in handling sparse relationships. This research not
only advances the theoretical frontier of temporal heterogeneous graph representation learning
but also provides effective solutions for real-world applications such as social media analysis and
e-commerce recommendations.
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Figure 1. Model framework of this study
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Table 1. Statistical information on the dataset

* 1 BEESRIHER

VG S T iz KR WHEEsE
Twitter 9,990 I/, 39,676 43, 3,215 1 126,889 i/ - X - &I E 6 1AH(@E RIF)
Math-Overflow 24,818 f /7, 21,688 A/, 27,376 [A1% 192,606 f)" - M - W& H 4 846 MHIK)
EComm 9,178 /', 35,069 ;=f#, 10,253 ¥Fitt 285,803 /" - 77 dh - VPR EH 5 1A ANAIR)
Alibaba.com 13,455 S5, 4,189 25K, 26,315 /%4h 413,978 LK - LK - HFTH 6 2EGMAIF)
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Table 2. System resulting data of standard experiment

2. AR EE R YR

ik Twitter Math-Overflow EComm Alibaba.com
DeepWalk 0.762/0.698 0.745/0.682 0.778/0.715 0.756/0.701
GraphSAGE-mean 0.791/0.723 0.768/0.709 0.803/0.738 0.782/0.725
GraphSAGE-meanpool 0.789/0.721 0.772/0.713 0.805/0.741 0.788/0.729
GraphSAGE-maxpool 0.794/0.728 0.775/0.718 0.809/0.745 0.791/0.732
GraphSAGE-LSTM 0.798/0.731 0.779/0.723 0.814/0.751 0.796/0.738
GAT 0.806/0.742 0.788/0.734 0.822/0.759 0.803/0.745
metapath2vec 0.812/0.749 0.795/0.740 0.828/0.765 0.809/0.752
DHNE 0.819/0.757 0.801/0.747 0.834/0.773 0.816/0.759
DynamicTriad 0.827/0.768 0.813/0.759 0.841/0.782 0.825/0.771
dyngraph2vec-AE 0.831/0.773 0.818/0.765 0.846/0.787 0.830/0.776
dyngraph2vec-AERNN 0.837/0.779 0.825/0.772 0.852/0.794 0.836/0.783
DySAT 0.843/0.786 0.831/0.779 0.859/0.801 0.843/0.790
metapath2vec-GRU 0.849/0.794 0.839/0.788 0.865/0.807 0.850/0.798
metapath2vec-LSTM 0.851/0.796 0.841/0.791 0.867/0.810 0.852/0.801
DyHATR-TGRU 0.862/0.809 0.851/0.802 0.876/0.821 0.861/0.811
DyHATR-TLSTM 0.865/0.813 0.854/0.806 0.879/0.825 0.864/0.815
Our Method 0.882/0.831 0.873/0.825 0.895/0.842 0.881/0.834

== Deep Walk == DyHATR-TLSTM = Deep Walk == DyHATR-TLSTM

== GAT =3 Our Method == GAT == Our Method
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Figure 2. Comparison of baseline model performance

2. BERAMRELLER

4.15. jHRASCIS
N T BRRA ST R AR A i B A B TR, AT B R B BRSSO AL ) S b A A AT U R s, 4
B 3 1 3 s

DOI: 10.12677/m0s.2025.145422 653 5 1 A


https://doi.org/10.12677/mos.2025.145422

-k

Table 3. System resulting data of standard ablation experiment
2 3. PO HRR IR 45 SRR

BN Twitter Math-Overflow EComm Alibaba.com
Our Method (52%) 0.882/0.831 0.873/0.825 0.895/0.842 0.881/0.834
Pl A= 0.873/0.822 0.865/0.816 0.886/0.833 0.872/0.823
TCER PR 0.869/0.818 0.862/0.812 0.881/0.828 0.868/0.819
JC R 0.861/0.810 0.852/0.804 0.874/0.820 0.860/0.812
T B &M ALE 0.875/0.824 0.867/0.818 0.889/0.835 0.875/0.826
TCH AR 0.853/0.801 0.844/0.793 0.868/0.815 0.852/0.803
TG K A 0.859/0.807 0.851/0.800 0.873/0.821 0.858/0.810
0.90 [Twitter] 0.90 AUROC [EComm]
0.88 AUROC 0.88
0.86 0.86
0.84 0.84
[} [}
= =
<
S 0.82 § 0.82
0.80 0.80
0.78 0.78
0.76 a)) 0.76 b
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Figure 3. Analysis of ablation experiment results
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Table 4. Link prediction performance (F1/AUROC/MRR)
i 4. PERETNZE REHE(FL/AUROC/MRR)

WARES MOOC Reddit Weibo Amazon-Review
DeepWalk 0.682/0.751/0.612 0.674/0.742/0.605 0.688/0.759/0.619 0.680/0.748/0.610
GAT 0.721/0.798/0.661 0.715/0.788/0.654 0.728/0.805/0.668 0.724/0.801/0.664
metapath2vec 0.735/0.814/0.679 0.729/0.805/0.671 0.741/0.821/0.685 0.738/0.818/0.682
DySAT 0.763/0.843/0.712 0.755/0.833/0.701 0.770/0.851/0.718 0.767/0.847/0.715
DyHATR-TLSTM 0.785/0.867/0.738 0.776/0.856/0.726 0.791/0.874/0.745 0.789/0.871/0.742
Our Method 0.803/0.886/0.761 0.794/0.875/0.749 0.809/0.893/0.768 0.807/0.890/0.765

LI AE R RN, ARSI 7 VAR B TN T AR T A B ME TR, 5 s SR T V2 (DYHATR-
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Table 5. Node classification performance (accuracy/macro F1/micro F1)
5. VRO LMEECERZE/E FUH FL)

ik Twitter Reddit MooC 15
DeepWalk 0.675/0.661/0.672 0.688/0.672/0.685 0.682/0.667/0.679 0.682/0.667/0.679
GAT 0.712/0.698/0.709 0.725/0.710/0.722 0.719/0.704/0.716 0.719/0.704/0.716
metapath2vec 0.726/0.711/0.723 0.738/0.723/0.735 0.731/0.717/0.728 0.732/0.717/0.729
DySAT 0.753/0.738/0.750 0.765/0.750/0.762 0.759/0.744/0.756 0.759/0.744/0.756
DyHATR-TLSTM 0.776/0.762/0.773 0.789/0.775/0.786 0.783/0.769/0.780 0.783/0.769/0.780
Our Method 0.795/0.781/0.792 0.808/0.794/0.805 0.802/0.788/0.799 0.802/0.788/0.799
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Figure 4. Performance of parameter sensitivity analysis
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