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[1] https://arxiv.org/pdf/2111.12791.pdf

bias induced by imbalance

n Imbalance Problem in Machine Leaning
p Data imbalance leads to decision boundary shift 
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nGraphs: Core of Real-World Data Structures
p Graph Neural Networks (GNNs) have been proposed to tackle highly complex structural 

information 
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social network

molecular network

node-level representation learning

graph-level representation learning

node classifcation

link prediciton 

......

graph classifcation

graph regression
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n Imbalance Issues in Graphs
p Class Imbalance and Topology Imbalance (Local/Global)
p Node Level and Graph Level
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nOverview of IGL-Bench
p IGL-Bench embarks on 17 diverse graph datasets and 24 distinct IGL algorithms.
p IGL-Bench investigates IGL algorithms in terms of effectiveness, robustness, and 

efficiency on node-level and graph-level tasks.
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n Imbalanced Datasets Settings in IGL-Bench
p IGL-Bench defines imbalance ratios (High/Mid/Low) for different imbalance types.
p IGL-Bench emarks on uniform data processing and splitting strategies.
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nRQ1: How much progress has been made by the existing IGL algorithms?
p Key Insights 1: Node-level class-imbalance and topology-imbalance often coexist.
p Key Insights 2: For node-level classification, the homophily or heterophily property of the 

significantly impacts the learning on class-imbalanced and topology-imbalanced graphs. There is a 
lack of effective algorithms that address both types of imbalance in large-scale graphs without 
relying on homophily assumptions.
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nRQ2: How effective are the IGL algorithms generalizing to the changing 
imbalance ratio?
p Key Insights 1: As the imbalance degree increases, the performance tends to degrade, especially 

under extreme conditions. 
p Key Insights 2: Class-imbalance and topology-imbalance do not seem to be entirely orthogonal 

issues. Future research should further investigate the impact of topology and class imbalance on 
each other in imbalanced graph learning by analyzing their intrinsic causes.
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nRQ3: Does classifiers benefit from the IGL algorithms to learn clearer 
boundaries?
p Key Insights: Future research should focus more on exploring dynamic methods to adjust 

boundary sensitivity in response to imbalanced data, which could further enhance classification 
performance. 
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nRQ4: How efficient are these IGL algorithms in terms of time and space?
p Key Insights: Graph learning for ultra-large-scale data is a prominent research frontier in the 

community. The new paradigm of IGL models poses substantial challenges in memory-time-
efficiently addressing imbalanced graph data and achieving high-quality representation learning.



IGL-BENCH: ESTABLISHING THE COMPREHENSIVE BENCHMARK FOR IMBALANCED GRAPH LEARNING (ICLR-25) 11

ConclusionExperimentsMethodologyBackground

n Future Directions
p Unified Algorithm. Class-imbalance and topology-imbalance simultaneously and widely 

exist in multi-domain graphs. Future research should revisit the optimization conflicts 
between two imbalance issues and develop a unified “one for both” IGL algorithm rooted in 
core nature of the problem.

p Robustness and Generalization. Future research should emphasize enhancing the 
robustness of IGL algorithms in extreme imbalance scenarios and improving their 
generalization to handle unseen testing domains or unprecedented distribution shifts, 
ensuring reliable performance in diverse real-world settings.

p Efficiency and Scalability. As the size of graphs continues to grow exponentially, a key 
area of future research is the reduction of memory and computational complexity in IGL 
algorithms to ensure their efficient scalability and performance on large-scale graphs. 


