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Abstract

Fine-tuned vision-language models (VLMs) often capture spurious correlations
between image features and textual attributes, resulting in degraded zero-shot
performance at test time. Existing approaches for addressing spurious correlations
(i) primarily operate at the global image-level rather than intervening directly
on fine-grained image features and (ii) are predominantly designed for unimodal
settings. In this work, we present RAVL, which takes a fine-grained perspective on
VLM robustness by discovering and mitigating spurious correlations using local
image features rather than operating at the global image level. Given a fine-tuned
VLM, RAVL first discovers spurious correlations by leveraging a region-level
clustering approach to identify precise image features contributing to zero-shot
classification errors. Then, RAVL mitigates the identified spurious correlation
with a novel region-aware loss function that enables the VLM to focus on relevant
regions and ignore spurious relationships during fine-tuning. We evaluate RAVL
on 654 VLMs with various model architectures, data domains, and learned spurious
correlations. Our results show that RAVL accurately discovers (191% improvement
over the closest baseline) and mitigates (8.2% improvement on worst-group image
classification accuracy) spurious correlations. Qualitative evaluations on general-
domain and medical-domain VLMs confirm our findings]T|

1 Introduction

Contrastive vision-language models (VLMs) (e.g., CLIP [36] and ALIGN [24])) are a powerful class
of models that jointly learn relationships between images and text. VLMs are generally pretrained
on web-scale datasets with millions of image-text pairs and have been shown to exhibit impressive
capabilities on a wide range of downstream tasks. In particular, VLLMs have the ability to perform
tasks in a zero-shot manner without utilizing explicit task-specific training data; this is accomplished
by modeling downstream tasks (e.g., image classification, text-to-image retrieval) as image-text
matching tasks [36].

However, pretrained VLMs can exhibit poor zero-shot performance when compared to state-of-the-art
task-specific models, particularly on challenging or out-of-domain downstream tasks [36,[7, |17, [19].
As aresult, pretrained VLMs are often fine-tuned on domain-specific vision-language datasets in order
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Figure 1:Region-aware Vision-Language learningAVL). RAVL takes a ne-grained perspective
on VLM robustness by discovering and mitigating spurious correlations using local image features.

to improve zero-shot performance on tasks of interest. For instance, recent works have ne-tuned
the CLIP VLM [36] on vision-language datasets consisting of (i) chest X-rays and paired physician
reports 5], (ii) pathology data and paired textT,[19], and (iii) product images and paired captions
from online fashion retailers [7].

Domain-speci ¢ vision-language datasets used to ne-tune VLMs may be small in size, preventing
VLMs from gaining the robustness bene ts that come with training on diverse, web-scal@&dath [

As aresult, ne-tuned VLMs may capture spurious correlations between image features and textual
attributes|b6]. For instance, consider a VLM ne-tuned on an animal image-text dataset where the
presence of butter ies is closely correlated with the presence of owers (Fjgure 1). Consequently,
the VLM may learn to incorrectly associate the image features correspondiag¢o with the

textual attributebutter y. At test time, the VLM is likely to exhibit degraded zero-shot classi cation
performance on (i) images of butter ies without owers and (ii) images of other animals with owers.

Improving robustness of ne-tuned VLMs to spurious correlations is challenging for the following two
reasons. First, existing automated approaches primarily discover and mitigate spurious correlations
at the global image level rather than intervening directly on ne-grained image features. Such
approaches discover spurious correlations by identifying coherent groups of misclassi ed images
in an automated fashiod$, 43,22, 42]; then, the identi ed spurious correlation can be mitigated
during training using data augmentation or robust optimiza#3(39, 22, 56]. However, recent

works have suggested that such global image-level strategies (i) discover spurious correlations that
align poorly with human-interpretable attribut@8] and (ii) may not effectively enable models to
ignore spurious correlations during trainirfid[[18]. Second, existing approaches for discovering

and mitigating spurious correlations are predominantly designed to improve robustness of unimodal
image classi cation model$3R, [43] or pretrained VLMs|E0,/49]. These settings differ substantially

from the ne-tuned VLM setting, which presents several unique challenges such as the absence of
class and subgroup labels in the training set and the inclusion of free-form text.

In this work, we address these challenges by introduBiegionawareVision- anguage learning
(RAVL), an approach for improving the robustness of ne-tuned VLMs to spurious correlations.
RAVL takes ane-grained perspective on VLM robustness by discovering and mitigating spuri-
ous correlations using local image features, rather than operating at the global image level. Our
contributions are:

 First, given a ne-tuned VLM RAVL discoverslearned spurious correlations between image
features and textual attributes. Using a labeled classi cation dataset, we decompose images into
candidate regions, utilize the VLM embedding space to group visually-similar regions into feature
clusters, and quantitatively evaluate the effects of each feature on zero-shot classi cation errors.
¢ Second, given a ranked list of image features that the VLM has learned to spuriously correlate
with one or more textual attributeRAVL mitigates the identi ed spurious correlations. Our
key insight is that region-level information can be leveraged during VLM ne-tuning in order
to improve model robustness. To this end, we introduce a novel region-aware loss function
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