
Heterogenous Model Biases & Interconnections

• Algorithm:

Proposed Model
• 𝜶𝒖,𝒊

𝒕  design :

• Sample weight design:

Collaborative Filtering (CF) based recommenders 

often exhibit model biases. Prior research 

approaches these biases as isolated and 

standalone issues, ignoring their interconnected 

nature and developing separate methods, thereby 

compromising the specialized debiasing efforts. our 

goal is to create a holistic debiasing framework 

capable of addressing heterogeneous model 

biases simultaneously.

• Contributions: 

(i) Propose a boosting-based collaborative 

filtering framework (CFBoost) that tailors sub-

models for each user and item to mitigate 

heterogeneous model biases.

(ii) Our theoretical analysis demonstrates that the 

model achieves an exponentially decreasing 

upper bound on the training loss for any user-

item pairs with increasing boosting iterations. 

(iii) Extensive experiments show that the CFBoost 

outperforms state-of-the-art debiasing 

baselines.

Introduction

• Three Datasets:

• Evaluation Metrics:

NDCG@K (user-oriented metrics), MDG@K (item-

oriented metrics)

• Baselines: 

MF, BPR, MultVAE (conventional algorithms 

without debiasing), LOCA, LFT, EnLFT (user-side 

debiasing SOTA), PC, BC Loss, Zero Sum (item-

side debiasing SOTA)

• Data and code: https://github.com/JP-

25/CFBoost

Experiment Setup

• Conclusions:

(i) Propose the CFBoost, to address a broad 

spectrum of model biases. 

(ii) Theoretical analysis shows that the model can 

achieve an exponential dropping upper bound 

on the training loss for any user-item pairs with 

increasing boosting iterations. 

(iii) Extensive experiments demonstrate the 

superior performance of our proposed method 

for both privileged and minority groups 

compared to SOTA alternatives.

• Future Work: 

Exploring CFBoost's debiasing efficacy across a 

broader spectrum of model biases beyond the four 

studied in this work.

Conclusion and Future Work

• Observations: 

(i) CFBoost mitigates both user-side and item-side biases simultaneously, outperforming bias-unaware 

models and SOTA user-side/item-side debiasing methods; 

(ii) CFBoost has a trade-off between minority and privileged groups with suboptimal utility for the most 

privileged groups. 

Proposed Model vs. State-of-the-art Models 
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Combating Heterogeneous Model Biases 
in Recommendations via Boosting

Are different users served equally by RecSys?
Are different items recommended equally by RecSys?

• User Mainstream Bias: 

Niche users receive poor 

recommendation services.

• User Activeness Bias: 

Inactive users receive poor 

recommendation services.

• Item Mainstream Bias: 

Niche items are poorly 

recommended to 

audiences

• Item Popularity Bias: 

Niche items are poorly 

recommended to 

audiences.

• For four bias dimensions, we sort users/items in a non-descending order 

by the corresponding score (user mainstreamness/use activeness/item 

mainstreamness/item popularity) and evenly split them into 5 subgroups 

to evaluate each bias.

• Goal: Improve recommendation utility for niche/inactive users and 

niche/unpopular items while preserving utility for mainstream/active 

users and mainstream/popular items in a holistic method.
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