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Mainstream Bias is a Critical Problem in RecSys [Zhu, WSDM 2022]

A CF-based algorithm delivers recommendations of higher utility to users with 
mainstream interests at the cost of poor recommendation performance for users 
with niche or minority interests.
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Goals on Alleviating Mainstream Bias [Rawls, 1958]

• Rawlsian Max-Min fairness principle of distribute justice

• To promote the average NDCG@20 for subgroups with low mainstream scores

• To preserve or even improve the utility for subgroups with high mainstream 
scores at the same time

• Anticipate an increase in the overall NDCG@20
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Challenges: Discrepancy Modeling 

• Niche users have very different preference patterns from the majority, a model 
influenced by the discrepant mainstream users will result in poor recommendations 
for these niche users

• Find an adaptive method to build locally customized models for different types of 
users in an end-to-end fashion
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Challenges: Unsynchronized Learning

• Mainstream users who have sufficient training signals can reach peak learning 
performance earlier than niche users

• Seek a solution to synchronize the learning paces for different types of users
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Proposed Method: TALL

• Proposed an end-To-end Adaptive Local Learning (TALL) to 
address mainstream bias

• Design centered around two challenges of this bias:
• Discrepancy modeling

• Unsynchronized learning
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Proposed Debiasing Solution: Model Framework 

• end-To-end Adaptive Local Learning (TALL)

• Two main components fight against Two root causes of mainstream bias:
• Loss-Driven MoE vs. Discrepancy Modeling

• Adaptive Weight vs. Unsynchronized Learning
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Debiasing Experiments and Results: Experimental Setup

• Three public datasets:

• ML1M

• Yelp

• Amazon CDs & Vinyl

• Compare the average NDCG@20 for each subgroup

• To promote the average NDCG@20 for subgroups with low mainstream scores 
while preserving or even improving the utility for subgroups with high 
mainstream scores at the same time. We should also anticipate an increase in the 
overall NDCG@20 of the model
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Debiasing Experiments and Results: Debiasing Performance [Choi, WSDM 2021][ZHU, WSDM 2022]

• MultVAE – Vanilla recommendation model without debiasing

• WL – Global model, puts more weights on niche users’ loss function

• LOCA – Local Collaborative Autoencoder, offers predication for a target user by 
aggregating different anchor models

• LFT – SOTA local learning model, which fine-tunes a global model with a small 
collection of local data for each user so that each user will be predicted by a 
customized local model

• EnLFT – ensembled version of LFT, which is similar to LOCA but trains the anchor 
models by the approach of LFT
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Debiasing Experiments and Results: Debiasing Performance
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Improve utility significantly for niche users.Preserve utility for mainstream users at the same time.



Debiasing Experiments and Results: Debiasing Performance
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More experiment details and results in paper!
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