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Abstract

Learning robust representations from data often re-
quires scale, which has led to the success of recent
zero-shot models such as CLIP. However, the ob-
tained robustness can easily be deteriorated when
these models are fine-tuned on other downstream
tasks (e.g., of smaller scales). Previous works often
interpret this phenomenon in the context of domain
shift, developing fine-tuning methods that aim to
preserve the original domain as much as possible.
However, in a different context, fine-tuned models
with limited data are also prone to learning features
that are spurious to humans, such as background or
texture. In this paper, we propose StarFT (Spurious
Textual Alignment Regularization), a novel frame-
work for fine-tuning zero-shot models to enhance
robustness by preventing them from learning spu-

riosity. We introduce a regularization that aligns
the output distribution for spuriosity-injected labels
with the original zero-shot model, ensuring that the
model is not induced to extract irrelevant features
further from these descriptions. We leverage recent
language models to get such spuriosity-injected la-
bels by generating alternative textual descriptions
that highlight potentially confounding features. Ex-
tensive experiments validate the robust generaliza-
tion of StarFT and its emerging properties: zero-
shot group robustness and improved zero-shot clas-
sification. Notably, StarFT boosts both worst-group
and average accuracy by 14.30% and 3.02%, re-
spectively, in the Waterbirds group shift scenario,
where other robust fine-tuning baselines show even
degraded performance.

1 Introduction

Large-scale vision-language models [Radford et al., 2021;
Jia et al., 2021; Zhai et al., 2023] pre-trained on massive
image-caption pairs are shown to have rich representations
that generalize to a wide range of tasks, even without fine-
tuning on task-specific data (i.e., zero-shot generalization).
These zero-shot models, such as CLIP [Radford et al., 2021],

have demonstrated impressive performance on diverse down-
stream tasks (defined by a set of textual prompts) without
any fine-tuning on a specific target dataset. More intrigu-
ingly, zero-shot models are further reported to achieve un-
precedented robustness across a range of benchmarks involv-
ing distribution shifts, which have been a major challenge in
the literature [Taori et al., 2020; Miller et al., 2021]. This
suggests that the ability to generalize on “out-of-distribution”
(OOD) inputs may be an emergent property at scale of data.
Although existing zero-shot models provide reasonable

performance on diverse tasks, one is often tempted to fur-
ther fine-tune the models in practice when there are task-
specific data available to improve their in-distribution (ID)
performance. While such fine-tuning methods effectively en-
hance ID performance, they are also known to compromise
the OOD robustness of the original zero-shot models [Bom-
masani et al., 2022; Wortsman et al., 2022]. As such, ef-
forts have been recently made to understand the underlying
causes of degradation in OOD robustness and mitigate the
issue, which is referred to as robust fine-tuning. For exam-
ple, [Goyal et al., 2023] have shown that aligning fine-tuning
objective with the pre-training stage can improve robustness,
and several other works have introduced additional regular-
ization terms [Mao et al., 2022a; Nushi et al., 2018].
However, in a broader context, the lack of model robust-

ness is often attributed to learning spurious features [Geirhos
et al., 2020; Jaini et al., 2024; Wichmann and Geirhos, 2023],
i.e., features that are not aligned with human decision-making
but are present in the training data: e.g., background [Xiao et

al., 2021], texture [Geirhos et al., 2019], and resolution [Tou-
vron et al., 2019]. Existing robust fine-tuning approaches
overlook this contributing factor that fine-tuned models de-
pend on confounding decision rules. As it is likely that ex-
isting zero-shot models and their fine-tuned derivatives also
possess certain types of spuriosity that may affect their ro-
bustness, further research has been demanded to explore and
address them, particularly in the context of broader OOD ro-
bustness benchmarks.

Contribution. Motivated by this, we aim to interpret the
degradation in OOD robustness of zero-shot models by fo-
cusing on the notion of spuriosity. We guide fine-tuned mod-
els to avoid constructing unnecessary decision rules so that
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Figure 1: Overview of StarFT. Aside from the base contrastive objective Lc, we propose a novel spuriosity textual alignment regularization
LStar. We first extract spurious textual descriptions from language model, and corrupt the label textual descriptions. We then prevent fine-
tuned models from learning spuriosity by minimizing the KL divergence of negative pairs’ corrupted textual descriptions.

the models are more closely aligned with human decision
making, which results in improved OOD robustness across
diverse benchmarks. We mitigate the models’ reliance on
spuriosity by specifying irrelevant textual descriptions that
they should not learn during fine-tuning. We identify the con-
founding features, such as background, with the aid of lan-
guage models (LMs).1 2

Specifically, we propose Spurious Textual Alignment Reg-
ularization (StarFT), a novel framework tackling spuriosity
for robust fine-tuning of zero-shot models, e.g., CLIP. We
generate spurious textual descriptions by querying LMs us-
ing only general information, such as “image classification,”
without any other task-specific prompts, requiring no addi-
tional efforts to construct prompts. Then, we inject the ob-
tained textual spuriosity into the label textual descriptions and
regularize fine-tuned models to align the logits distribution of
corrupted textual descriptions with zero-shot models. By di-
rectly providing spurious cues to the models and preventing
models from extracting such cues during the fine-tuning pro-
cess, we retrieve the obtained robustness of large-scale pre-
trained zero-shot models.

We show that StarFT enhances various aspects of zero-
shot models: OOD robustness, group shift robustness, zero-
shot classification, and transfer learning. Although devising
an advanced fine-tuning method for CLIP is a popular re-
search topic recently, there exists no such “universally-good”
method in the literature to the best of our knowledge.

Our contributions are:
• From the observation that fine-tuned models learn spu-
riosity (Section 3.1), we propose a novel regularization
loss that enforces fine-tuned models not to learn the spu-
riosity (Section 3.2).

• We demonstrate that spuriosity textual alignment has in-
deed improve OOD robustness, as supported by our ex-
periments in domain shift benchmarks (Section 4.1).

• We also explore the application of spuriosity textual
alignment, achieving zero-shot group robustness (Sec-

1
Code: https://github.com/alinlab/StarFT

2
Extended version: https://arxiv.org/abs/2505.13232

tion 4.2); StarFT demonstrates group robustness in the
Waterbirds dataset without having seen any Waterbirds
data, where background bias is artificially injected.

• Finally, we show that our method enjoys a broader usage
by applying it to zero-shot classification (Section 4.3) and
transfer learning scenarios (Section 4.4).

2 Related Work

Out-of-distribution generalization. To deploy machine
learning models for real-world applications, the generaliza-
tion ability to unseen data distribution is crucial [Wiles et al.,
2022]. To remedy the performance degradation under dis-
tribution shifts, extensive efforts have been proposed to en-
hance the performance under benchmarks that focus on evalu-
ating robustness [Torralba and Efros, 2011; Recht et al., 2019;
Hendrycks et al., 2020; Shankar et al., 2020; Hendrycks et
al., 2021a; Tramèr and Boneh, 2019; Paul and Chen, 2021;
Mao et al., 2022b; Wang et al., 2021]. Prior works aim
to increase OOD robustness by training with sophisticated
data augmentations [Hendrycks et al., 2020; Hendrycks et

al., 2021a], adversarial training [Tramèr and Boneh, 2019],
using advanced network architecture [Paul and Chen, 2021;
Mao et al., 2022b] or extra information from test-time sam-
ples [Wang et al., 2021]. Despite the tremendous efforts,
there still exists a clear gap between the ID and OOD ac-
curacy [Miller et al., 2021]. Recent works on zero-shot mod-
els [Radford et al., 2021; Jia et al., 2021; Zhai et al., 2023]
have shown that the existing gap between ID and OOD per-
formance can be notably reduced by scaling up the data cura-
tion, demonstrating large improvements in various robustness
benchmarks. Our work is based upon these advances, by fo-
cusing on robust fine-tuning of recent zero-shot models.
Robust fine-tuning of zero-shot models. Motivated by
the fact that fine-tuning zero-shot models is often at the cost
of OOD generalization [Andreassen et al., 2021; Kumar et
al., 2022; Wortsman et al., 2022], various works have ex-
plored techniques to preserve the robustness of the zero-
shot model while improving its ID accuracy [Li et al., 2018;
Wortsman et al., 2022; Kumar et al., 2022; Tian et al., 2023;
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Figure 2: Subgroup accuracies in group shift benchmarks. Dif-
ferences of subgroup accuracies (%) between zero-shot and FLYP
fine-tuned models.

Goyal et al., 2023; Mao et al., 2022a; Nam et al., 2024;
Oh et al., 2024; Choi et al., 2024]. Overall, they have stud-
ied post-hoc approaches [Wortsman et al., 2022; Tian et al.,
2023], training schemes [Kumar et al., 2022; Goyal et al.,
2023; Choi et al., 2024], and regularization schemes [Mao et

al., 2022a; Nam et al., 2024; Oh et al., 2024] to better pre-
serve the zero-shot model as prior knowledge. For instances,
WiSE-FT [Wortsman et al., 2022] uses a weight ensembling
between the zero-shot and fine-tuned models, and [Tian et al.,
2023] have proposed a projection of the fine-tuned weights to
be close to the zero-shot model; both in a post-hoc manner.
FLYP [Goyal et al., 2023] has shown that aligning fine-tuning
objective with those of the pre-training stage can improve
the OOD performance; AutoFT [Choi et al., 2024] consid-
ers a bi-level optimization to search for a fine-tuning objec-
tive based on small OOD validation data; CAR-FT [Mao et

al., 2022a] regularizes context distributions induced by zero-
shot and fine-tuned models, Lipsum-FT [Nam et al., 2024]
reduces energy gap using random texts, and CaRot [Oh et al.,
2024] adds self-distillation regularization.

3 Method

We propose StarFT, a robust fine-tuning method leveraging
the spurious concept. Our motivation stems from the weak-
ness of naı̈ve fine-tuning objective in Section 3.1 and we ex-
plain the proposed method in Section 3.2. Our goal is to en-
hance generalization ability of fine-tuned models to OOD do-
mains without compromising ID domain performance. Given
a foundation model and a set of spurious concepts, StarFT
regularizes models to avoid extracting spurious features other
than label information, i.e., “[class],” to preserve the ro-
bustness of the pre-trained foundation model.
Throughout the paper, we consider an open vocabulary im-

age classification task, where the goal is to map an image I P
I to a label y P Y using image-text aligned vision language
models like CLIP [Radford et al., 2021]. Given image-label
pairs, we design label textual description T P Ty of image I
using templates such as “a photo of a [class]” with
class names of each label y.

3.1 Motivation

Contrastive loss for fine-tuning. We start by considering
a fine-tuning of the CLIP [Radford et al., 2021] model on

a labeled image dataset, specifically using contrastive loss as
done in FLYP [Goyal et al., 2023]. A typical practice for fine-
tuning CLIP is to minimize cross-entropy loss; viz., it initial-
izes a new linear head upon the CLIP image embedding to
define logits, discarding the textual labels of a given dataset.
Therefore, the fine-tuned model is no longer suitable for open
vocabulary tasks. In contrast, employing contrastive loss en-
ables the fine-tuned model to continue processing language
inputs as like CLIP. Formally, given a batch of N image-text
pairs B “ tpIi, TiquNi“1, let us denote f✓ : I Ñ Rd an im-
age encoder and g✓ : T Ñ Rd a text encoder. Then the
contrastive loss LCp✓;Bq is given as follows:

LC “ ´ 1

2N

Nÿ

i“1

ˆ
log exi¨yi{⌧

∞N
j“1 exi¨yj {⌧ ` log exi¨yi{⌧

∞N
j“1 exj ¨yi{⌧

˙
,

where xi “ f✓pIiq
}f✓pIiq}2 and yi “ g✓pTiq

}g✓pTiq}2 are `2-normalized
image and text embeddings, and ⌧ ° 0 is a temperature.
When applied for fine-tuning, it first transforms the class la-
bels of the given dataset into texts using some prompt tem-
plate, e.g., “a photo of a [class],” and optimizes
the contrastive loss (3.1) updating both image and text en-
coders as well as the temperature ⌧ .
However, it is uncertain whether the contrastive fine-tuning

loss truly preserves the original ability of CLIP to associate
text prompts to images, especially for prompts beyond the
template-based prompts derived from the class labels (used
during fine-tuning). To investigate this, we conduct the fol-
lowing group shift experiment asking whether the fine-tuned
model retains its ability to handle diverse textual inputs.

Spuriosity in fine-tuned zero-shot models. We discover
that although current robust fine-tuning method achieves
higher accuracies in both ID and OOD, it also exhibits short-
cut learning that learns spurious correlations from biased
data [Sagawa et al., 2020; Geirhos et al., 2020] similar to
the conventional fine-tuning. To see this, we examine how
the subgroup accuracies of a CLIP model change through its
fine-tuning (via FLYP) on ImageNet, as shown in Figure 2.
We utilize group shift datasets such as Waterbirds [Sagawa
et al., 2020] and PACS [Li et al., 2017], where the sam-
ples have extra labels indicating their subgroup domains.
For example, in Waterbirds, we analyze an ImageNet fine-
tuned CLIP using textual prompts such as “a photo of a
tench,” and subsequently test it under group shift scenar-
ios with prompts like “a photo of a waterbird in
the mountain.” Here, FLYP tends to focus more on con-
founding features, such as background, rather than the core
features, evidenced by its lower performance compared to
CLIP on the minor subgroups (i.e., landbirds in water back-
ground and waterbirds in land background).
Overall, the results demonstrate that even the most recent

advanced robust fine-tuning methods still struggle to avoid
spurious correlations during the fine-tuning process. This
is an unfavorable behavior, especially since these fine-tuned
models are often tested in more challenging conditions, such
as real-world scenarios [Geirhos et al., 2020].
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3.2 StarFT: Fine-tuning with Spurious Textual

Alignment Regularization

Motivated by the observation that fine-tuned zero-shot mod-
els show shortcut learning, we prevent the models from
further constructing unnecessary decision rules during fine-
tuning. To achieve this, our method, Spurious Textual Align-
ment Regularization fine-tuning (StarFT), introduces spurios-
ity suppressing regularization term that restricts model from
shortcut learning as illustrated in Figure 1.
Spurious textual alignment regularization. To prevent
the model from learning spurious features, i.e., that leads
to learning shortcut, we propose a novel fine-tuning objec-
tive named spurious textual alignment regularization, which
uses the spurious descriptors. During fine-tuning with con-
trastive loss, we construct additional captions that include
the spurious words and regularize the output of fine-tuning
model with the zero-shot model. In particular, given a
batch of N image-text pairs B “ tpIi, TiquNi“1, we con-
struct an additional batch BS “ tpIi, SiquNi“1 of image and
spuriosity-augmented caption Si, which is generated by at-
taching spurious keywords at each Ti. For instance, given
the textual description of class name (e.g., “a photo of
a [class]”), we uniformly sample a spurious descriptor
and augment to the textual description to generate spuriosity-
augmented caption (e.g., “a photo of a [class] in
the [descriptors]”).
Then, we compute regularization loss by measuring the KL

divergence between the softmax outputs of fine-tuning and
zero-shot models on BS . Specifically, we get the similarities
between each image Ii and text Si using fine-tuning model
and zero-shot models. Then, we mask the logits (both fine-
tuning and zero-shot) to exclude the pairs that are of same
class labels and define qi to be the softmax probability over
the column of masked logits. qi is given as follows:

rqisj “
exi¨sj{⌧

∞
cpj1q‰cpiq e

xi¨sj1 {⌧
, (1)

where cpiq denotes the class label of Ii, ⌧ is a temperature,
and xi “ f✓pIiq

}f✓pIiq}2 , sj “ g✓pSjq
}g✓pSjq}2 are image and text em-

beddings, respectively. By computing qi, we represent the
relative likelihood of image Ii that is related to the spurious
descriptors Sj . Here, we mask out logits from the true class
to address cases when zero-shot models perform poorly ini-
tially, so that distilling their confidence can be unfavorable:
e.g., as shown in Table 9 in Appendix. We define q̃i be the
softmax over the masked logits of zero-shot models in a sim-
ilar manner, and compute the spurious textual alignment reg-
ularization (Star) loss by KL divergence between qi and q̃i:

LStarp✓;BSq “
1

N

Nÿ

i“1

DKL pq̃i } qiq . (2)

Finally, we use linear combination of contrastive fine-tuning
loss (i.e., Eq. (3.1)) and Star regularization loss (i.e., Eq. (2))
for fine-tuning, defining the objective of StarFT:

Lp✓;B,BSq “ LCp✓;Bq ` �StarLStarp✓;BSq, (3)

[background] mountains beach desert

[texture] rough smooth soft

[resolution] blurred bright overexposed

Table 1: Examples of spurious words. Samples of the obtained
spurious words for each spurious concepts. The list of concrete tex-
tual descriptions can be found in Appendix C.2.

where �Star ° 0 is a hyperparamter.3 This hyperparamter �Star
is linearly decayed during the course of fine-tuning, which
helps balancing the tradeoff between ID and OOD accuracy.
Obtaining spurious descriptors from LMs. As we leverage
language supervision in contrastive learning objective, it is
natural to use rich semantics of languages in aligning spurios-
ity. The advances of large language models have open possi-
bilities of constructing some useful concept banks [Menon
and Vondrick, 2023; Oikarinen et al., 2023] or extracting
task-specific spurious words [Adila et al., 2024] for classi-
fying images. Motivated by this, we aim to construct a new
set of textual concepts that represents spuriosity, regardless
of specific domains; see Table 1 for examples. We obtain
textual descriptions of spurious concept that models often
rely on while making decisions by querying language mod-
els. We prompt the LM with the input: “List possible spuri-
ous correleations while classifying natural images. Answer in
a word.” Given minimal task description, LMs provide spu-
rious concepts like “background,” “texture,” and “resolution”
that corresponds to our belief. Then, to directly corrupt the la-
bel textual description T , we ask LMs for more fine-grained
spurious descriptors s. For example, for spurious concept
“[background],” we get spurious descriptors such as “in
the mountains” or “on the beach.” We compose the spurious
descriptors set S for each spurious concept, which is used to
corrupt the textual description of an image.
Comparison with other methods. Recent works tackle the
robust fine-tuning by introducing additional regularization
term, such as CAR-FT [Mao et al., 2022a] and CaRot [Nushi
et al., 2018]. CAR-FT optimizes the cross-entropy loss with
additional dataset-specific context regularization to guide the
fine-tuned model towards the zero-shot model. On the other
hand, we regularize spuriosity rather than context, making
it scalable to any other datasets. By directly addressing spu-
riosity, StarFT achieves better robustness than CAR-FT. Also,
StarFT integrates with contrastive loss by injecting irrelevant
information into the label textual descriptions. This direct
adaptation eliminates the computational overhead associated
with CAR-FT, which relies on averaged weights of context
prompts across classes. CaRot, another recent baseline, op-
timizes the contrastive loss with additional regularization to
maintain the image and textual logit distributions of zero-shot
models. Additionally, CaRot updates zero-shot models using
an exponential moving average (EMA). Due to this EMA up-
date, CaRot fails on benchmarks where zero-shot models suf-
fer. However, ours does not use EMA update to boost perfor-
mance, and thus is not affected by whether zero-shot models

3In our experiments, we use �Star “ 0.5 by default.
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ViT-B/16 ViT-L/14

Method IN IN-R IN-A IN-S IN-V2 Avg. IN IN-R IN-A IN-S IN-V2 Avg.

Zeroshot 68.3 77.7 50.0 48.3 61.9 59.5 75.6 87.9 70.8 59.6 69.9 72.0
FT 81.3 71.3 44.5 49.1 71.7 59.1 84.7 75.4 55.7 54.4 75.3 65.2
FLYP 82.6 71.4 48.5 49.8 72.7 60.6 86.2 83.8 68.9 60.2 78.2 72.8
CAR-FT 81.9 75.6 50.0 51.5 72.8 62.5 86.3 84.2 66.6 60.0 76.8 71.9
CaRot 83.1 76.2 51.3 51.9 74.3 63.7 87.0 88.0 72.7 62.7 79.3 75.6

StarFT (Ours) 82.9 77.7 53.7 52.5 73.8 64.4 86.4 88.7 73.8 63.2 78.9 76.1

Table 2: Evaluation on domain shifts. We report Top-1 accuracies (%) on ImageNet (IN) and OOD datasets (IN-R, IN-A, IN-S, IN-V2), with
their average values (Avg.) for two architectures (ViT-B/16 and ViT-L/14). StarFT outperforms the baselines under domain shifts scenarios
on ImageNet. For example, on ViT-B/16, StarFT outperforms full fine-tuning by 5.3% on OOD and 1.6% on IN. We bold and underline the
top two values in each column.

Waterbirds PACS CIFAR-10.02

Method WG Avg. WG Avg. WG Avg.

Zeroshot 25.9 87.1 87.4 93.0 47.0 87.0
FT 27.1 85.6 87.6 91.6 62.5 85.7
FLYP 21.5 87.2 86.0 92.5 61.0 88.2
CAR-FT 24.8 86.6 87.2 93.2 63.5 87.3
CaRot 27.1 89.5 88.5 94.2 63.0 89.3

StarFT (Ours) 40.2 90.1 89.1 94.7 64.5 90.2

Table 3: Evaluation on group shifts. We report worst-group (WG)
and average (Avg.) accuracies (%) of ImageNet fine-tuned mod-
els on Waterbirds, PACS, and CIFAR-10.02 datasets. Notably,
StarFT (Ours) consistently outperforms baselines including pre-
trained CLIP without seeing any data from the group shift bench-
marks. We bold and underline the top two values in each column.

perform poorly or not.

4 Experiments

First, we demonstrate the robustness of StarFT in diverse
distribution shift scenarios (Section 4.1). Then, we present
that the model fine-tuned with StarFT is robust to group shift
benchmarks (Section 4.2) and outperforms on various object
classification datasets (Section 4.3), even outperforming pre-
trained zero-shot models. Lastly, we apply StarFT for stan-
dard transfer learning tasks (Section 4.4) demonstrating our
method’s efficacy in various scenarios.
Baselines. We compare StarFT with various fine-tuning
methods for pre-trained zero-shot models; standard fine-
tuning with classification loss (FT), and robust fine-tuning ap-
proaches such as FLYP [Goyal et al., 2023], CAR-FT [Mao
et al., 2022a], and CaRot [Oh et al., 2024].
Implementation details. Throughout experiments, we uti-
lize CLIP [Radford et al., 2021] ViT-B{16 and ViT-L{14
trained on the LAION dataset [Schuhmann et al., 2021] and
fine-tune the model using AdamW [Kingma and Ba, 2017]
optimizer with a cosine learning rate scheduler. We train
models with a batch size of 512 for ImageNet, while all other
datasets use a batch size of 256. OOD datasets are only used
for evaluation, where we select the best-performing model
based on ID validation set accuracy. Across all datasets, we

Method C-10 C-100 Cal101 STL10 Avg.

Zeroshot 90.8 68.2 89.6 98.3 86.7
FT 87.7 63.6 85.7 95.3 83.1
FLYP 90.0 64.2 87.4 98.5 85.0
CAR-FT 89.7 65.9 88.2 96.7 85.2
CaRot 91.1 66.7 89.0 98.7 86.5

StarFT (Ours) 91.4 69.0 89.7 99.0 87.3

Table 4: Zero-shot evaluation. We evaluate ImageNet fine-
tuned models in different zero-shot scenarios on CIFAR-10 (C-10),
CIFAR-100 (C-100), Caltech101 (Cal101), and STL10. Notably,
without seen any data from the zero-shot benchmarks, ours consis-
tently outperforms baselines including pre-trained CLIP. We bold

and underline the top two values in each column.

use the same text-templates as CLIP [Radford et al., 2021]
and WiSE-FT [Wortsman et al., 2022]. Further implementa-
tion details are in Appendix B.

4.1 Evaluation on domain shifts

Datasets. To assess the performance of our approach across
domain shifts, we train StarFT on ImageNet (IN) [Rus-
sakovsky et al., 2015], which comprises over a million nat-
ural images of 1,000 classes. We then evaluate our fine-
tuned models on 4 well-known ImageNet OOD benchmarks:
ImageNet-R (IN-R) [Hendrycks et al., 2021a], ImageNet-
A (IN-A) [Hendrycks et al., 2021b], ImageNet-Sketch (IN-
S) [Wang et al., 2019], and ImageNetV2 (IN-V2) [Recht et
al., 2019]. ImageNet-R contains visual renditions such as
“cartoons” of ImageNet classes while ImageNet-Sketch con-
tains sketches of ImageNet classes. ImageNet-A consists of
naturally occurring samples that are misclassified by ResNet
models. ImageNetV2 is a newly curated test set of ImageNet.
Each of these variants reflects the domain shift of ImageNet.
Results. As shown in Table 2, StarFT shows the best OOD
average accuracy while maintaining high ID accuracy for
both small and large CLIP models. This highlights the ef-
fectiveness of our spurious alignment loss in enhancing do-
main robustness, providing empirical evidence that eliminat-
ing spuriosity during fine-tuning enhances model robustness
against distribution shifts. On ImageNet, with ViT-B{16, our
method surpasses full fine-tuning (FT) by 5.3% in OOD av-
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Method Caltech101 Cars Flowers ImageNet iWILD FMoW Avg. Rank

Zeroshot 87.7 64.4 81.2 68.3 8.70 20.4 6.0
FT 97.0 84.2 92.4 81.3 45.2 68.6 3.8
FLYP 97.1 89.0 97.1 82.6 48.5 68.6 2.2
CAR-FT 96.1 84.3 94.5 81.9 45.8 68.4 3.7
CaRot 96.0 89.8 95.7 83.1 40.6 51.9 3.3

StarFT (Ours) 97.2 89.5 97.5 82.8 50.1 68.4 1.7

Table 5: Transfer learning. We evaluate our proposed approach on 6 different transfer learning datasets. We fine-tune with the downstream
datasets and report the ID test accuracy. We bold and underline the top two values in each column.

erage accuracy and by 1.57% in ID accuracy. Similarly, with
the larger ViT-L{14 architecture, StarFT achieves perfor-
mance improvements on both ID and OOD datasets. In fact,
ours shows the best OOD average accuracy even when com-
pared to baselines with weight ensembling, i.e., via WiSE-FT
[Wortsman et al., 2022], as shown in Table 8 in Appendix.

4.2 Evaluation on group shifts

Datasets. We further evaluate our ImageNet fine-tuned
models on three different group shift benchmarks: Water-
birds [Sagawa et al., 2020], PACS [Li et al., 2017], and
CIFAR-10.02 [Zhang and Ré, 2022]. As we are given the
class labels from these datasets, we construct textual de-
scriptions to perform zero-shot evaluations. Waterbirds clas-
sifies bird images into landbird and waterbird, with each
class has two groups based on the background: bird on land
background, and bird on water background. PACS classi-
fies images into 7 categories and each image is from either
arts, cartoons, photos or sketches, indicating different groups.
CIFAR-10.02 classifies images into 10 categories. We follow
[Zhang and Ré, 2022] to construct CIFAR-10.02, which com-
bines the original CIFAR-10 [Krizhevsky, 2009] and CIFAR-
10.2 [Lu et al., 2020] from different data sources, defining
each data source as a distinct group.
Results. To verify the effect of our spurious alignment loss
in group shifts, which are closely related to spurious correla-
tions, we leverage popular group shift benchmarks as a means
of measuring spuriosity. As our objective is to enhance a wide
range of robustness by targeting spuriosity, we do not addi-
tionally fine-tune with datasets in group shift benchmarks.
Since all fine-tuned models are capable of zero-shot classi-
fication, we assess the spuriosity inherent in fine-tuned mod-
els using zero-shot performance on group shift benchmarks.
We report both the worst group accuracy (WG) and the av-
erage accuracy (Avg.), as the worst group accuracy reflects
the robustness of the model across different groups within
the data. Notably, our spurious alignment loss indeed im-
proves the group robustness of the fine-tuned model, result-
ing in the best WG accuracy among all baselines as depicted
in Table 3. It is well known that improving worst group ac-
curacy often comes at the cost of average accuracy [Sagawa
et al., 2020]. However, as opposed to this common drawback
of eliminating spuriosity, StarFT improves both in the worst
group and the average accuracy. This stands out in the Wa-
terbirds benchmark, where ours narrows the gap between the
worst group and the average accuracy to 49.88%, which is

61.19% in zero-shot models.

4.3 Zero-shot classification

We also conduct evaluation on zero-shot classification
from the ImageNet fine-tuned models on 4 natural im-
age benchmarks: CIFAR-10 [Krizhevsky, 2009], CIFAR-
100 [Krizhevsky, 2009], Caltech101 [Li et al., 2022], and
STL10 [Coates et al., 2011]. Overall, we observe that StarFT
preserves the generalization ability of zero-shot models even
after its fine-tuning. As shown in Table 4, StarFT outperforms
the baselines including the base zero-shot models, across all
datasets considered. In CIFAR-100 and Caltech101, although
all fine-tuned baselines show deteriorated zero-shot perfor-
mance compared to the zero-shot models, ours could main-
tain or even improve their accuracy.

4.4 Transfer learning

We compare the transferability of StarFT between various
fine-tuning methods. We use 6 common object classifi-
cation datasets: Caltech101 [Li et al., 2022], Stanford-
Cars [Krause et al., 2013], Flowers102 [Nilsback and Zisser-
man, 2008], ImageNet [Russakovsky et al., 2015], WILDS-
iWILDCam [Beery et al., 2020; Koh et al., 2021], and
WILDS-FMoW [Christie et al., 2018; Koh et al., 2021].
In our experiments, we use the same set of spurious de-
scriptors across datasets. Table 5 shows the results. Com-
pared to a strong baseline such as CaRot [Oh et al., 2024],
StarFT (Ours) shows slight degradation on Cars and Ima-
geNet datasets. This is partly due to the CaRot’s EMA up-
date on zero-shot models which iteratively self-distills the
knowledge of zero-shot models. However, this approach
has drawbacks in scenarios where the zero-shot model per-
forms poorly, such as in WILDS-iWILDCam and WILDS-
FMoW. In these datasets, the zero-shot model struggles with
ID accuracies of 8.70% and 18.7%, respectively, unlike other
datasets. Consequently, CaRot performs significantly worse
than other baselines, while StarFT shows consistent improve-
ment across all 6 datasets with the best average rank in trans-
fer learning since ours does not rely on EMA updates.

4.5 Ablation study

Corruption to label textual descriptions. We show the ef-
fect of each component in our proposed method in Table 6.
We start from adding regularization to FLYP [Goyal et al.,
2023] which is the standard contrastive learning objective.
Regularizing clean label textual descriptions without any spu-
rious corruptions improves OOD accuracy but degrades the
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ImageNet

LStar Suffix Mask Decay IN IN-R IN-S IN-A IN-V2 Avg.

– – – – 82.6 71.4 48.5 49.8 72.7 60.6
3 – – – 80.4 77.3 51.5 52.4 71.6 63.2
3 Random – – 82.3 77.6 52.4 52.1 73.2 63.8

3 Spurious – – 82.7 78.0 52.8 52.5 73.5 64.2
3 Spurious 3 – 82.3 78.2 54.2 52.6 73.3 64.6
3 Spurious – 3 82.9 77.4 53.2 52.3 73.8 64.2
3 Spurious 3 3 82.9 77.7 53.7 52.5 73.8 64.4

Table 6: Ablation on different components. We ablate on different
parts of StarFT by starting with the baseline, where we regularize the
clean label descriptions, and then add random and spurious textual
descriptions to corrupt them. Next, we fix to the spurious suffix and
examine the effects of other components: masking positive pairs and
diminishing regularization ratio.

ImageNet

Concept IN IN-R IN-S IN-A IN-V2 Avg.

[background] 82.9 77.7 53.7 52.5 73.8 64.4
[texture] 82.8 78.3 53.7 53.0 73.8 64.7

[resolution] 82.7 78.3 53.6 53.0 73.8 64.7

all 82.4 78.6 53.9 53.1 73.5 64.8

Table 7: Ablation on different spurious concepts. We ablate on
different spurious concepts, including “background,” “texture,” “res-
olution,” and “all.” Adding spurious textual descriptions consis-
tently improves both ID and OOD accuracies.

ID performance as it continues to interfere with learning to fit
the in-domain dataset. Then we append the random textual to-
kens to label textual descriptions to see the effect of spurious
descriptions in improvements. Results indicate that adding
random tokens in the suffix improves both ID and OOD per-
formance, where adding spurious textual descriptions further
boosts the performance.
Component-wise analysis. We further test two additional
components of StarFT in Table 6: masking and decaying reg-
ularization. For the masking, we observe an overall gain
in OOD accuracies on ImageNet, and even larger gains on
WILDS-iWILDCam (see Table 9 in Appendix); where there
exist many over-confident “wrong” positive pairs (as zero-
shot model suffers). Since positive pairs in the mini-batch
have very higher confidences than those of negative pairs, it
suppresses the model from learning useful knowledge that
lies in spurious descriptions, thereby resulting in deteriora-
tion of both ID and OOD accuracies. Regarding the decaying
regularization; we adopt the decaying �Star in StarFT primar-
ily due to its effectiveness in preserving ID accuracy. Note
that a key practical objective of robust fine-tuning is not only
to improve OOD robustness, but also to ensure that ID perfor-
mance is not compromised. As observed in Table 6, we find
that the gain in ID performance (e.g., `0.6% ImageNet ac-
curacy) from the decaying strategy often outweighs the slight
drop in OOD robustness (e.g., ´0.2% average OOD accu-
racy). For an additional ablation study, e.g., on the effect of
�, and spuriosity concepts, see Appendix A.

Class: Husky
Spurious correlation: Snow

Class: Sidewinder rattlesnake
Spurious correlation: Sand

Focuses more on object Focuses more on object

FLYP Ours FLYP Ours

Figure 3: Mitigation of spuriosity in ImageNet. We display the
GradCAM of fine-tuned models for comparison. Each class has the
spurious correlations with background such as “snow” in “husky”
and “sand” in “rattle snake.” Rather than focusing on mostly back-
ground like FLYP, StarFT focuses on object itself to make decisions.

Choice of different spurious concept. By prompting lan-
guage models, we attain the spurious concept descriptors
of “background,” “texture,” and “resolution.” We fine-tune
StarFT using each of the spurious concepts and observe that
adding spurious descriptions consistently improves both the
ID and OOD accuracies. Combination of all concepts re-
sults in the slight improvement in OOD accuracy, however,
at the cost of ID accuracy, meaning restricting spuriosity too
much would sacrifice the ID accuracy. To study the efficacy
of our methods in diverse downstream tasks, we fix our spu-
rious concept to “background” throughout the experiments,
which shows the best validation ID accuracy. However, we
believe that further investigation on combinations of different
spurious concepts would be promising research directions.

Spurious correlations in ImageNet. We observe that the
StarFT reduces the spuriosity present in the zero-shot models
while classifying ImageNet. To identify the spurious corre-
lations in the zero-shot models, we adopt the setup of [Kim
et al., 2024] for each ImageNet classes via GradCAM [Sel-
varaju et al., 2017]. We find that “snow” and “sand” are spu-
riously correlated to “husky” and “rattle snake,” respectively,
indicating a background bias in the zero-shot models. How-
ever, this reliance on the background is lower in StarFT as
shown in Figure 3. Compared to ours, FLYP does not focus
on object than background when classifying items.

5 Conclusion

It remains unclear which parts of the knowledge encoded in
zero-shot models commit to their effective robustness, and
how to preserve it during fine-tuning. We believe our ap-
proach of tackling spuriosity during fine-tuning suggests a
novel view on understanding the robustness of zero-shot mod-
els. By devising a textual regularization that aims to prevent
models from adopting spurious decision rules, aided by the
textual interface of zero-shot models, we could improve the
consistency of robustness across many benchmarks, where
current methods have been inconsistent. We open the poten-
tial of studying the effect of spuriosity in zero-shot model’s
fine-tuning on wider notions of robustness. We further dis-
cuss on Limitations and Broader impacts in Appendix D.
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