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Insight and Motivation

One for Two: A Unified Framework for Imbalanced
Graph Classification via Dynamic Balanced Prototype

(1) Unified Insight. Class Imbalance and Topological Imbalance.

(2) Practical Solution and Theoretical Explanation. Dynamic Balanced Prototype.

(3) Empirical Study. Richest benchmarks for the community.
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Core Contribution

I Model Architecture
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(1) Graph topology encoding
(2) Personalized graph perturbation strategy

(3) Dynamic balanced prototype based on information bottleneck
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Dynamic Balanced Prototype

Dynamic balanced prototype
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Prototype-balance Optimization

Load Balancing Optimization
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Table 1: Macro-F1 and Micro-F1 scores on class imbalance datasets with extreme imbalance degree
under different U distributions. The best results are marked and the runner-ups are underlined .

PROTEINS D&D NCI1 COLLAB
Distribution Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1
Zipf (Axtell) 2001 67.80+£371 7329+400 44054229 79.02+7.38 65.69+£311 7T978+1.58 69.25+10.26 69.79+10.08
Exponential (Marshall & Olkin/1967) 66.45+£334 71991494 44994295 82312936 65.03+£241 T985+£209 73.51+£673 74.47 £ 6.09
Poisson (Consul & Jain, 1973 6849+ 170 73.94+340 41.62+372 71.98+1064 67.67+£550 80.60+£5.09 75.56+2.03 75.85+2.18

Uniform (Kuipers & Niederreiter)2012]  70.44 +472 74.50+499 46.63+342 83.60+650 68.30+510 80.68+422 7573+252 76.34 + 2.60
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Experimental Results

A comprehensive

and thorough benchmark

Table 2: Performance on class imbalance datasets with extreme imbalance degree. The best results
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Table 3: Performance comparison on fopological imbalance datasets with extreme imbalance degree.

=N
=)

High Pollution Level

U
L

‘ ‘w\
Tl

Relative percentage per day (%)
B
=]

Jiis Lpw Polluti PROTEINS D&D NCII REDDIT-B COLLAB| TMDB-MULTI
dr ey w Pollution Method
| ‘\ ‘ | M ‘ Level Medium Pollution MacroFI  MicroFl  MacroFl  MicroFl  MacroFI Micro-FI Macro-F1 Mico-FI Macro-FI__ Micro-Fl _ Macro-FI __ Micro-F1
! \‘ i | | ‘ Level GIN 5348£203  5800£419 5798+ 6068689 61602220 66.60£227 6741223 6492£218  67.05£426
1 ! InfoGraph 6068£352 3946+ 64222411 1 + 6 46 £428 6328168 6620%133
GraphCL 61.91£384 6201518 65, “szn ié‘”t-ﬁ‘? 67.25£7.92 68.31 £6.36 58.61+4.16 88 £4.01
20 GraphGPS 65.54£422  69.26+248 63331297 6385£208 62.96 +3.51 64.02 +240 66.16 +4.19 68.42+532 2411874 56.65 +2.81 3449062
Exphormer 64015218 67332278  5943£806 60265592 6216319 63232731 6648%1459 67812745 2103789 367121527 2
Graph-Mamba ~ 68.46 +3.91 7209£316  4386+9.73 54454953 63.09+£2.82 63.63+214  64.81 £1247 67.06 +8.99 13.64£597 2737 £1482 17(ﬂg%07 N”lu‘ri’
Topolmb 44.79£1419 548911358 6397 £278 64.16£296  63.57 +1.69 64.17 £1.33 68.41+£534 69.14 £4.83 1“\9*545 40.63 £3.12
ImbGNN 66.87£259  67.07 £275 68.67 +6.33 1071£699 61242172 61.66+1.17 65.19+6.11 66.96 +5.03 91+1.78
?()2] 2022 2023 2024 SOLTGNN 70702220 72145218 5850%1048 64974324 61995144 62132144 548023 60245221 30.60 200
Unilmb 71322188 7489° 2112 7449° 2113 7673*:104 64995058 65762724 71.14° 21005 78.22% 2741 7
Promotion 0.88%1 3.80%1 8.480%1 8.51%1 2.15%1 2.48%1 10.90%1 1234%1  1197%1  1188%7

Figure 7: Distribution of Pollution Levels in the AirGraph Dataset: High (6.86%), Medium (42.84%),
and Low (50.30%).
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