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With the evolution of sensors, the popularization of smart devices, and the 
rise of the internet and social media, multi-modal data is showing a rapidly 
growing trend.



Background
Given queries of interest, cross-modal retrieval try to associate some relevant 
samples from the gallery set across various modalities, supporting numerous 
applications such as e-commerce transactions and search engine.
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Background
Recently, the pre-trained models have emerged as the dominant paradigm for 
cross-modal retrieval. 



Motivation
Query shift refers to the online query stream originating from the domain 
that follows a different distribution with the source one.



Previous Works
As one of the most effective paradigms in reconciling distribution shifts, 
Test-Time Adaptation (TTA) methods work by continually updating the given 
source model using the online target data stream. 



Previous Works
However, most existing TTA methods:
⚫ Focus on the unimodal setting while overlooking the complexity of the query shift 

in the cross-modal setting, which would affect cross-modal relationship.

⚫ Are specifically designed for the recognition task, which would struggle with the 

heavy noise from the query predictions if simply applied to the retrieval task.



Observation
1. Query shift would diminish the uniformity of the query modality, 
prohibiting discrimination between diverse queries in the common space. 



Observation
2. Query shift would amplify the modality gap between query and gallery 
modalities, undermining the well-constructed common space established by the 
pre-trained models.



Key Idea 
Challenge 1: negative impacts of query shift within and between modalities
⚫ Investigate how the intra-modality uniformity affect the retrieval 

performance.

Intra-modality Uniformity



Key Idea 
Challenge 1: negative impacts of query shift within and between modalities
⚫ Investigate how the inter-modality gap affect the retrieval performance

Intra-modality Uniformity

Inter-modality Gap



Key Idea
⚫ Enlarging intra-modal uniformity                   and reducing inter-modal 

discrepancy                    would enhance retrieval performance, the reverse 
does not.



Key Idea
⚫ As discussed in [1], excessively eliminating inter-modal gap does not improve 

and may even degrade model performance.
⚫ Modality gap of the source model might be a good choice.

[1] Mind the Gap: Understanding the Modality Gap in Multi-modal Contrastive Representation Learning, NeurIPS, 2022.



Method
⚫ Intra-modality Uniformity Learning

⚫ Inter-modality Gap Learning
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Method
Challenge 2: query shift would result in heavy noise in cross-modal retrieval.
⚫ Previous TTA methods rely on entropy minimization paradigm and are mainly 

designed for unimodal classification task.

⚫ Retrieval (N: 1e5+) vs Classification (K: 1000+)



Method
Query Prediction Refinement

⚫ Exclude some irrelevant samples in the 

gallery, thus preventing the model from 

overfitting.

⚫ The excluded irrelevant samples would 

avoid looking for a needle in a bottle of 

hay for queries, thus alleviating the 

model underfitting issue.



Method
Noisy Robust Adaptation
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Experiments
Query Shift (QS): only the queries come from different distributions with
the source-domain data.
⚫ COCO-C benchmark
⚫ Flickr-C benchmark



Experiments

Image Corruptions



Experiments

Text Corruptions



Experiments
Query Shift (QS): Image2Text 



Experiments
Query Shift (QS): Text2Image



Experiments
Query-Gallery Shift (QGS): both the query and gallery samples are drawn
from distributions different from the source-domain data.
⚫ E-commerce domain: Fashion-Gen
⚫ ReID domain: CUHK-PEDES, ICFG-PEDS
⚫ Natural image domain: Nocaps, COCO, Flickr



Experiments
Query-Gallery Shift (QGS): both the query and gallery samples are drawn
from distributions different from the source-domain data.



Experiments
Visualization Result
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Experiments
An alternative implementation of TCR without training



Experiments
Examples in real life: personalized queries in e-commerce domain



Conclusions
⚫ From the perspectives of intra-modal distribution and inter-modal alignment 

relationship, we reveal the underlying impacts of query shift on  cross-modal 
retrieval.

⚫ Extend TTA to cross-modal retrieval. TCR not only manipulates both the 
modality uniformity and modality gap but also prevents the model from 
overfitting noisy query predictions, thus achieving robust adaptation.

⚫ Benchmark the existing TTA methods on cross-modal retrieval with query 
shift across six datasets and 130 diverse corruptions of varying severity. 
The proposed TCR supports mainstream pre-trained models, including BLIP 
and CLIP.



Code

https://github.com/XLearning-SCU/2025-ICLR-TCRhttps://hbinli.github.io/TCR/

Project Page

Thanks for your attention!
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