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Motivation 
1. The first challenge arises from the topological interdependence
of graph snapshots, in which new tasks inherit structural and
attributive dependencies from previous tasks. Topological
interdependence occurs when sequential graph snapshots {G1,
G2, ..., GT} share nodes/edges or have attribute continuity,
resulting in conditional dependencies between their distributions.

2. The second challenge is the efficiency and scalability of
handling increasingly large graphs. Real-world graphs (e.g., social
networks) grow exponentially, necessitating efficient model
updates.
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Main contributions 
1. Interdependence solution. We develop graph-aware replay
strategies with importance and diversity sampling to explicitly
capture inter-task dependencies. This strategies preserves critical
information across updates.

2. Efficiency solution. We design an efficient graph learner with a
shared-weight multilayer perceptron (MLP) encoder that accelerates
training by up to 28.4× and reintroduces structural information
during inference with the minimal performance compromises.

3. Empirical validation. We validate E-CGL on four datasets for
supervised node classification using both task-incremental (task-IL)
and class-incremental (class-IL) settings, achieving state-of-the-art
performance in accuracy, forgetting, and computational efficiency.
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Method 
1. The interdependencies between historical data and current
data make continual graph learning challenging. By applying
Bayes’ rule to the prior probability of the parameters p(θ) and
likelihood function p(D|θ), we prove the necessity of the replay-
based strategy from a probabilistic perspective.
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2. Two heuristic sampling strategies are proposed for graph
replay: importance-based sampling and diversity-based
sampling. The former leverages the attributed PageRank
algorithm to calculate the importance of each node, whereas the
latter measures the diversity of a node based on its
representation divergence compared to its neighbors.

Method (Cont’d) 
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Method (Cont’d) 
3. To improve the training efficiency for large graph updates, a 
graph convolution network (GCN) is decomposed into two parts: 
the message passing module and the feature transformation 
module. The time-consuming message passing module is 
removed during training, so the GCN is reduced to an MLP. For 
inference, the message passing module is added back to 
maintain performance. 
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Major results 
Task-IL results 
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Major results (Cont’d) 
Class-IL results 
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Major results (Cont’d) 
Runtime analysis 
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Major results (Cont’d) 
Memory usage analysis 
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Conclusions 

1. With the topology-aware replay strategy, a continual graph
learning algorithm was proposed to alleviate catastrophic
forgetting during graph updates.

2. With an MLP encoder that shares weights with its counterpart
GCN, the algorithm supported training acceleration by up to 28
times.

3. Extensive empirical results demonstrated the effectiveness of
the proposed method in terms of both performance and efficiency.

Front In
form Technol Electro

n Eng



Jianhao Guo received his B.E. degree from Zhejiang University, 
Hangzhou, China, in 2020. He is currently working toward the Ph.D. 
degree in computer science in Zhejiang University, under the 
supervision of Prof. Siliang TANG.  

Siliang TANG is currently a full professor at the College of Computer 
Science, Zhejiang University. He received his Ph.D. degree from the 
National University of Ireland, Maynooth, Ireland. His research 
interests include natural language processing, cross-media analysis, 
and graph mining. So far, he has published more than a hundred 
papers in the top-tier scientific conferences/journals such as AAAI, 
IJCAI, KDD, NIPS, ICML, ACL, EMNLP, NAACL, SIGIR, IEEE T-KDE 
(NLP and graph mining), ACM MM, CVPR, ICCV, IEEE T-MM, IEEE 
T-IP, IEEE T-CSVT (multimodal understanding, and graph neural
networks in computer vision), IEEE VIS, and IEEE T-VCG (data
visualization). He has been serving as an area chair/senior PC
member or PC member in conferences such as AAAI, IJCAI, NIPS,
ICML, CVPR, ACL, EMNLP, and NAACL, and reviewers of journals
such as IEEE TIP, IEEE TMM, IEEE TSMC, ACM Comput Surv, and
Sci Rep.

Front In
form Technol Electro

n Eng


	E-CGL: an efficient continual graph learner
	Motivation
	Main contributions
	Method
	Method (Cont’d)
	Method (Cont’d)
	Major results
	Major results (Cont’d)
	Major results (Cont’d)
	Major results (Cont’d)
	Conclusions
	幻灯片编号 12



