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Motivation: 

(1) Data Bias Perspective: Typically, only one specific factor is considered to be mitigated, 
such as item popularity, user conformity, and sensitive attributes. However, interaction data 
is often riddled with various biases, whether predefined or arising from latent confounders. 

(2) Bias Amplification Perspective. The debiased GNN mechanism is tailor-made for a 
particular bias. For instance, tailored specifically for popularity bias, they randomly sample 
interaction subgraphs and alter the information propagation scheme, but might fail in other 
biases. Here we argue that, for graph-based CF models, effective debiasing should 
comprehensively address both biases present in interaction data and those amplified by the 
GNN mechanism. 
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Adversarial Graph Dropout (AdvDrop)



Method
Stage 1: Debiased Representation Learning

bias-aware 𝐆ାand bias-mitigated 𝐆ି:

0, genuine preference

1, biased

∈ [0, 1]

the level of bias:



Method
Stage 1: Debiased Representation Learning

contrastive loss

view centric representations

recommendation loss

Stage1 objective:



Method
Stage 2: Bias Identification

measurement function

maximize the contrastive loss(stage2 objective)

Final objective:
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Experiment
RQ1: How does Advdrop perform compared with other baseline models on general 
debiasing datasets?



Experiment
RQ2: Can Advdrop successfully address various specific biases?
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Experiment
RQ3: Within AdvDrop, what pivotal insights does the adversarial learning framework 
extract, and how do these influence the learned representations?
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