
Test-Time Debiasing with Probabilistic Prompts via 
Wasserstein Distance in Vision-Language Models

Chengye Wang, Yuyuan Li, Xiaohua Feng, Xiaolin Zheng*, Chaochao Chen
ICML 2026

1



2

Background
Vision-language models inherit social bias from large-scale pretraining and can skew 
retrieval even for attribute-agnostic queries.
Existing test-time debiasing is lightweight, but most methods correct a single point and 
weaken in multi-class settings.

What makes W4D different?
1. Treat fairness as distribution alignment rather than point correction.
2. Use Wasserstein distance to capture both location and geometry of 
group clusters.
3. Naturally extends test-time debiasing to multi-class attributes such 
as race and skin tone.
4. Preserve semantics with contrastive and orthogonality 
regularization while keeping CLIP frozen.



W4D Overview
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Key Formulation
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Distributional fairness
Debias target:
min Var_a W_p(mu, mu_a)    s.t. W_p(mu, mu_Q) <= eps
Equalize group distances while limiting semantic drift.

Semantic preservation
L_perf pulls queries toward concept-consistent groups
and pushes them away from concept-inconsistent negatives.
L_orth keeps the update off the bias subspace U.

Prompt learning
Optimize L_all = L_debias + beta L_perf + gamma L_orth.
Learn a prompt distribution p(theta) once.
At test time, sample K prompt shifts with no CLIP update.



Experimental Setup
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Evaluation Protocol

Data, model, task
Datasets: FairFace, CelebA, 
UTKFace, Facet

Sensitive attributes: gender, race, 
skin tone

Backbones: CLIP-ViT-B/16 and 
CLIP-ViT-L/14

Tasks: zero-shot classification and 
stereotype-query retrieval

Metrics, baselines, goal
Utility: Worst-Group AUC-ROC

Bias: KL divergence and MaxSkew 
on top-m retrieved results

Baselines: CLIP, DeAR, Orth-Proj., 
Orth-Cal., BendVLM, SFID

Goal: better fairness-utility trade-off 
without finetuning the VLM



Fairness-Utility Frontier
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W4D achieves a better fairness–utility trade-off than prior test-time 
debiasing methods, reducing MaxSkew while maintaining competitive 
worst-group zero-shot AUC across all evaluated settings.



Negative-query Retrieval Results
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W4D consistently achieves the lowest KL divergence and MaxSkew 
on negative-query retrieval, showing stronger debiasing 
performance across gender and race settings.



Sensitivity Analysis
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Increasing β improves utility 
but may slightly increase 
bias.

Increasing γ reduces 
MaxSkew with a modest 
AUC trade-off.

Larger K provides more 
stable performance.



Takeaways
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1. W4D reframes test-time debiasing from point correction to distribution 
alignment.
2. It is especially strong on multi-class attributes, where binary-friendly 
methods degrade.
3. Probabilistic prompts expose a practical fairness / utility / stability trade-
off without updating CLIP.

Codebase: https://github.com/QDRhhhh/W4D
Contact: wangchengye@zju.edu.cn


