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Abstract

Although open-vocabulary classification models like Con-
trastive Language Image Pretraining (CLIP) have demon-
strated strong zero-shot learning capabilities, their robust-
ness to common image corruptions remains poorly un-
derstood. Through extensive experiments, we show that
zero-shot CLIP lacks robustness to common image corrup-
tions during test-time, necessitating the adaptation of CLIP
to unlabeled corrupted images using test-time adaptation
(TTA). However, we found that existing TTA methods have
severe limitations in adapting CLIP due to their unimodal
nature. To address these limitations, we propose BATCLIP,
a bimodal online TTA method designed to improve CLIP’s
robustness to common image corruptions. The key in-
sight of our approach is not only to adapt the visual en-
coders for improving image features but also to strengthen
the alignment between image and text features by promot-
ing a stronger association between the image class proto-
type, computed using pseudo-labels, and the correspond-
ing text feature. We evaluate our approach on benchmark
image corruption datasets and achieve state-of-the-art re-
sults in online TTA for CLIP. Furthermore, we evaluate
our proposed TTA approach on various domain general-
ization datasets to demonstrate its generalization capabil-
ities. Our code is available at https://github.com/
sarthaxxxxx/BATCLIP.

1. Introduction
The emergence of large pre-trained vision-language mod-
els (VLMs), such as CLIP [34], has led to their widespread
adoption in various visual recognition tasks, including seg-
mentation [23, 27], detection [2, 26], classification [55, 56],
and image generation [35, 36, 47]. Thanks to supervision
from massive corpora of paired language and image data,
VLMs like CLIP demonstrate strong zero-shot capabilities
for these downstream tasks.

Despite CLIP’s successes in such important applications,
its robustness when faced with corrupted images remains
largely underexplored. Our motivation stems from the fact
that the vision perception system of humans exhibits a
level of robustness that real-world vision systems are yet to

achieve. For example, models deployed for safety-critical
applications like autonomous driving [1], could face rapid
distributional shifts of blurriness, pixel changes, snowy
nights, or other weather conditions [38]. In particular,
our findings on the zero-shot performance of CLIP with
a ResNet-101 [17] vision backbone reveals that the accu-
racy on the test set of CIFAR100 [21] with Gaussian noise
of severity level 5, plummets to 10.79% from 49% on the
clean set. Similar trends are observed with ViT-B/16, -B/32,
and -L/14 [11] as backbones. The performance degrada-
tion caused by image corruption can have significant con-
sequences in real-world scenarios, particularly in safety-
critical applications like self-driving cars.

One effective approach to improving model performance
under distribution shift is test-time adaptation (TTA) [9, 48],
where a pre-trained model is directly adapted to unlabeled
test batches, without access to the source dataset. Moreover,
given the abundance of unlabeled data available in the wild,
there is a growing need for online adaptation to stream-
ing data, with a single forward pass, ensuring privacy, real-
time performance [29], and preventing catastrophic forget-
ting [13] of source knowledge. Several online TTA methods
proposed in the literature have been effective in mitigating
domain shifts [4, 32, 37, 39, 43, 48]. In this paper, we use
the terms distributions and domains interchangeably.

While there have been few works on using CLIP for on-
line TTA [10, 20, 41], they come with certain limitations.
For example, test-time prompt tuning (TPT) [41] tunes the
text prompts on the text encoder alone and generates mul-
tiple random augmented views, for each test image. The
text prompts, initialized to pre-trained values, are optimized
by minimizing the marginal entropy of the confident model
predictions. The prompts are reset after adaptation to each
image. However, such a method is expensive and slow due
to performing multiple forward passes through the vision
encoder of CLIP, for each image. Also, it relies on hand-
crafted prompts for initialization, making it impractical at
test-time. Another recent approach, Vision-Text-Space En-
semble (VTE) [10], uses an ensemble of different prompts
as input to CLIP’s text encoder while keeping both the en-
coders frozen. Since the vision encoder is frozen, it strug-
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Figure 1. Comparison of BATCLIPwith other online TTA approaches using CLIP. a) TPT [41] optimizes text prompts only for a single test
image, making it unimodal. b) VTE [10] considers an ensemble of prompts without model updates. Both methods consider the generation
of multiple augmentations of the test image. c) BATCLIP is a bimodal approach, that adapts the LayerNorm parameters of the vision and
text encoders, maximizing alignment between class prototypes and text features while increasing the inter-class separability of prototypes.

gles to effectively adapt to images with severe noise.
While TPT effectively improves CLIP’s test generaliza-

tion by dynamically tuning the text prompts, it remains pri-
marily a unimodal approach. This limits the capacity of
a multimodal model like CLIP to fully leverage its multi-
modal nature for adaptation. Specifically, it prevents the
encoders from jointly adjusting their features, resulting in
suboptimal alignment between the visual and text modali-
ties after adaptation. For instance, when a test image in-
cludes common corruptions, the text prompts adapt, but
the vision encoder features remain fixed. As a result, the
learned prompts lack awareness of the test image distribu-
tion, leading to a less effective adaptation.

To address these core limitations, we propose,
BATCLIP, a bimodal adaptation approach of CLIP
for online TTA specifically, where both the visual and text
encoders are jointly adapted by exploiting CLIP’s shared
feature space of images and text. The overall objective is
to achieve a strong alignment between image features and
text features to enable more effective multimodal learning
and adaptation. The adaptation procedure is two-fold:
1) Inspired by [49, 53] for efficient fine-tuning, we only
adapt the norm layers, i.e., LayerNorm parameters of
both encoders. However, such a model update does not
consider the alignment of the encoder features. Therefore,
to improve the alignment between class-specific visual and
text features, we introduce a projection matching loss that
maximizes the projection of the visual class prototypes
with their corresponding text features. 2) To learn more dis-
criminative visual features, we enhance the cosine distance
between class prototypes, computed using pseudo-labels,
to promote a more distinct separation in the image feature
space. Our method is general-purpose, with no reliance on
multiple prompt templates [15, 31, 33] or their ensembles,
unlike VTE. We leverage batches of test samples for TTA,
rather than focusing on single-image test adaptation, which
makes our method fast. In the Supplementary, we show
several examples of classification results, as a comparison.
Figure 1d shows that with a bimodal online test-time
adaptation (TTA) setup for CLIP, the proposed approach
achieves a significant improvement compared to TPT and

VTE. Our main contributions are as follows:
• We start with an in-depth analysis of CLIP’s zero-shot

performance across different visual backbones on an es-
tablished benchmark on common image corruptions [18],
at test-time, for varying severity levels. We found that
while CLIP shows strong performance on clean images,
its performance drops notably on corrupted images.

• To address the unimodal limitations highlighted earlier,
we propose BATCLIP, a bimodal online test-time adap-
tation method for CLIP encoders, designed to enhance
alignment by maximizing the projection of class-wise
prototypes onto their corresponding text features. Simul-
taneously, we increase the cosine distance between class
prototypes to encourage learning of more discriminative
features, making the test adaptation process more flexible
and robust.

• We conduct extensive experiments benchmarking the pro-
posed method against established TTA baselines and
others using CLIP on CIFAR-10C, CIFAR-100C, and
ImageNet-C [18]. To generalize our method beyond com-
mon corruptions, we evaluate on various domain general-
ization datasets [14]-OfficeHome [46], PACS [24], VLCS
[12], and Terra Incognita [3]. Overall, our approach
achieves SOTA performance for CLIP adaptation at test-
time on various domain shifts (see Supplementary).

2. Related Works
Online Test-Time Adaptation (TTA). The objective of on-
line TTA is to adapt a pre-trained model, with no access
to the source data, to incoming batches of unlabelled test
data of a specific domain [4, 6, 32, 37, 39, 43, 48, 52]. In
this approach, the model is reset to its pre-trained state after
adapting to each target domain. As the updates are per-
formed online, TENT [48] updates the affine parameters of
the normalization layers and minimizes the entropy [40] of
the model predictions. RoTTA [49] proposes a robust fea-
ture normalization method, leveraging a memory bank to
track test data distribution and a teacher-student framework
for adaptive reweighting and updates. RPL [37] argues
that self-learning during adaptation via entropy minimiza-
tion and pseudo-labels is beneficial. They propose the us-
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age of a generalized cross-entropy loss for adaptation. SAR
[32] filters noisy test samples that cause a performance drop
identified from the gradient space. However, none of these
works utilize CLIP for TTA.
TTA using CLIP. Lately, VLMs like CLIP have found ex-
tensive applications for online TTA [10, 20, 28, 41, 54].
TPT [41] was the first work to propose prompt tuning us-
ing CLIP at test-time in an online manner. However, this
method is computationally intensive for generating multi-
ple views, per image. A similar line of work was done in
VTE [10] where ensembles are created in the text and vi-
sion space without any CLIP parameter update. Ma et al.
[28] explore the idea of self-supervised contrastive learning
for prompt learning. Another brewing line of TTA work fo-
cuses on realistic TTA. StatA [50] proposes a regularization
anchor term, for zero-shot CLIP, handling variable number
of effective classes within a test batch, often overlooked in
existing TTA methods [19, 30, 51] on other visual bench-
marks [56].

Another set of TTA works using CLIP [15, 31, 33] lever-
age information from multiple prompt templates. WATT
[33] adapts CLIP’s vision encoder, weight-averaging the
adapted weights from multiple prompt templates, for each
test batch, over several optimization steps. Similarly, CLI-
PArTT [15] enhances text supervision from the support of
pseudo-labels. Mishra et al. [31] pose pseudo-labeling as
an Optimal Transport [7] problem by distilling knowledge
from multiple text prototypes, for several iterations. Please
note that the TTA setups here largely differ from our online
TTA setup [48].

While promising, these approaches have key limitations.
Firstly, multiple gradient descent steps on a test batch can
result in large parameter shifts, leading to the loss of CLIP’s
source knowledge i.e., catastrophic forgetting [13]. No reg-
ularization strategies have been proposed to restrict the loss
of CLIP’s pretrained knowledge. Secondly, these methods
are not favorable for real-time deployment where fast and
on-the-fly test-adaptation must meet privacy and memory
constraints. Thirdly, relying on multiple prompt templates,
at test-time, is impractical. We discuss this in Section 3.

3. Zero-shot performance analysis of CLIP to
common image corruptions

While CLIP generalizes well to new concepts across vision-
language modalities [5, 16], its performance under image
corruptions is less explored. This section evaluates CLIP’s
zero-shot capabilities in real-world scenarios with domain
shifts caused by common corruptions, focusing on two pri-
mary areas: zero-shot performance and the need for adap-
tation to address domain shifts effectively.
Vision Backbones. We evaluate the robustness with a
ResNet-101 (RN101) vision backbone [17] and three ViT
backbones (ViT-B/16, ViT-B/32, and ViT-L/14) [11]. The

models are tested on their zero-shot classification perfor-
mance.
Datasets. For all the experiments in this paper, we uti-
lize the CIFAR-10C, CIFAR-100C, and ImageNet-C [18]
datasets, which are standard benchmark datasets to evaluate
the robustness of vision models [18]. Each dataset contains
15 distinct corruption types as tasks (e.g., Gaussian noise,
Shot noise, . . . ). Each corruption is applied at 5 different
severity levels to the test sets of CIFAR10, CIFAR100 [21],
and ImageNet [8], acting as source test sets, and allowing
us to systematically evaluate the model’s performance un-
der increasing degrees of image degradation.
Online TTA Problem Setup. Each corruption type of a cer-
tain severity level, posed as a task Ti with B test batches, is
sequentially presented to CLIP’s vision encoder for model
predictions, with each test batch being revealed one at a
time for a single forward pass. Let a batch of images from
task Ti, at time step t, be denoted as xt

i. For the prompt
template, unless explicitly mentioned, we always use the
generic “a photo of a <CLS>.” to generate C text repre-
sentations (Z = {zc}Cc=1), where C is the total number of
classes. Let fvis and ftxt denote CLIP’s vision and text en-
coder, respectively. The visual feature of the kth image in
batch xt

i is vtk,i = fvis(x
t
k,i). The likelihood of it belonging

to class c is,

p(y = c|xt
k,i) =

exp(sim(vtk,i, zc)/τ)∑
j exp(sim(vtk,i, zj)/τ)

sim(v, z) =
vT · z

||v||2 · ||z||2

(1)

where sim(·) is the cosine similarity and τ is the softmax
temperature from CLIP’s pre-training stage. The text fea-
tures Z , in zero-shot evaluation, are always pre-computed.
We also draw a comparison with CLIP performance on re-
spective source test sets and follow this implementation 1.
Throughout this paper, the same TTA problem setup is used,
unless mentioned otherwise. This TTA setup differs from
the TTA setups of [15, 31, 33].
3.1. Sensitivity of CLIP to image corruption severity
We analyze CLIP’s zero-shot performance by progressively
increasing corruption severity for RN101 and ViT-B/16 vi-
sion backbones. We illustrate mean accuracy and over-
all performance in Figure 2. Despite CLIP’s robust mul-
timodal feature space, accuracy drops significantly with an
increase in corruption severity, regardless of the backbone.
Specifically, for CIFAR-10C with a ViT-B/16 backbone,
we observe accuracy as low as 37.92%, at a severity level
of 5, for Gaussian noise. Similarly, for CIFAR-100C and
ImageNet-C, the mean accuracy rates are as low as 35.79%
and 24.51% at a severity level of 5, respectively. Results on
additional vision backbones are in the Supplementary.

1https://github.com/LAION-AI/CLIP benchmark
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Figure 2. Task-wise mean accuracy (%) of zero-shot CLIP across
corruption severity levels. [Top]: ResNet-101 backbone. [Bot-
tom]: ViT-B/16 backbone. Dashed lines show zero-shot CLIP
performance on corresponding source test sets (clean).
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Figure 3. Mean classification accuracy (in %) across all the corrup-
tion types vs. accuracy on corresponding source test sets, evalu-
ated using various prompt templates and across vision backbones.

Analysis. CLIP’s zero-shot classification accuracy varies
across models and datasets. Comparing the results to source
test sets, for CIFAR10, RN101 achieves 78.8%, improv-
ing to 90.1% with ViT-B/16. On CIFAR100, accuracies
are 46.1% and 66.6%, respectively. For ImageNet, RN101
scores 61.2%, while ViT-B/16 reaches 67.7%. More impor-
tantly, the key takeaway from Figure 2 is — even a slight
increase in severity to level 1, for a majority of the cor-
ruption tasks, leads to a noticeable drop in accuracy. One
plausible explanation for CLIP’s subpar performance is that
the parameters of fvis were not optimized for such corrup-
tions during pre-training. In zero-shot classification, the vi-
sual features from a given domain may lack the robustness
and richness necessary to align well with their correspond-
ing text features. This results in lower likelihoods and thus,
higher misclassification rates.

3.2. Sensitivity of CLIP to prompt templates
In this analysis, we evaluate the impact of prompt engineer-
ing by providing “relevant” prompt templates to ftxt for
TTA. Each prompt adds context to help CLIP extract more
relevant text features. We report the mean classification ac-
curacy (in %) across RN101, ViT-B/16, ViT-B/32, and ViT-
L/14 backbones at an image corruption severity level of 5
for all datasets, with results presented in Figure 3. For each
dataset, the x-axis is the source accuracy and y-axis is the
mean accuracy, across 15 tasks.
Analysis. It is interesting to observe that, irrespective of the
backbones used, we do not see any drastic changes in the
mean accuracy, for different “relevant” prompt templates.
However, the major concern arises in the performance gap

of each model and the zero-shot CLIP performance on the
corresponding source test set, for the same prompt tem-
plate. This discrepancy highlights the limited robustness of
CLIP’s text encoder ftxt to prompt selection in the context
of image corruption. A key reason for this is that, despite
the use of “relevant” prompts, the text and visual features
remain largely independent and unaware of one another.

As expected, RN101 performs worse than the ViT-based
backbones, primarily due to its lack of global attention-
based modeling inherent to transformers [45]. Therefore,
for the remainder of the experiments in this paper, we focus
on ViT-based backbones, specifically ViT-B/16.
Unsuitability of prompt template selection at test-time.
Additionally, at test-time, it is impractical to perform
prompt engineering or optimize prompt vectors since 1)
Choosing different prompt templates for generating text
features is extremely tedious and time-consuming. As dis-
cussed in Section 2, CLIP TTA works [15, 31, 33] use vari-
ous prompt templates, making it unrealistic. 2) In real-time
deployment involving prompt-tuning, such prompts cannot
quickly estimate the distribution of incoming test batches.
TPT [41] optimizes pre-trained text prompts for each test
image, turning out to be suboptimal since the prompts are
optimized ignorant of the distribution of the test image.

4. Proposed Methodology
The comprehensive analysis in Section 3 reveals that the
zero-shot vision encoder fvis of CLIP is very sensitive to
image corruption with increasing severity. Similarly, the
performance of the text encoder ftxt is invariant to the dif-
ferent text prompt templates and is also impractical to tune
at test-time. Therefore, for effective adaptation, both the im-
age and text encoders of CLIP need to be adapted to the in-
coming domain of test batches to focus on achieving strong
image-text alignment and feature separability. We illustrate
BATCLIP in Figure 4.
From unimodal adaptation to bimodal adaptation. The
goal of TTA is to enhance a model’s performance in the
current domain to ensure accurate predictions. To handle
the complexities of CLIP adaptation to a specific domain of
image corruption, we dissect our analysis of each encoder’s
adaptation. Consider the unimodal adaptation of the vision
encoder fvis via entropy minimization [48]. While the im-
age features are adjusted for a specific test batch and do-
main, the text features remain fixed, still being optimized
for the data from CLIP pre-training, as seen in Figure 4 (top
row). Likewise, if only the text encoder ftxt is updated in
this manner, the generated text features may not align prop-
erly with the distribution of the incoming data, potentially
causing misalignment between the image and text features,
missing in the ideas of TPT [41] and VTE [10].

To benefit from the feature space and learn richer rep-
resentations across both modalities, we propose adapting
both fvis and ftxt to a domain, enabling an input-aware
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Therefore, we additionally incorporate a loss to increase the
cosine distance between the class prototypes,

Lsp =
∑
l∈C

∑
c∈C

1[l ̸= c](1− cos(v̄c, v̄l)) (4)

Optimization. TENT [48] optimizes the output logits by
minimizing the entropy [40]. When applied to CLIP, the
entropy, with output logits l, is defined as,

Lent = −
∑
c

p(lc) log p(lc) (5)

where p(lc) is the likelihood for class c that is computed via
Eq. 1. The overall optimization objective for our approach
is as,

argmin
ϕv,ϕt

(Lent − Lpm − Lsp) (6)

where ϕv and ϕt refer to the LayerNorm parameters of fvis
and ftxt, respectively.
Motivation of choice of parameters. Through thorough
experimentation, Zhao et al. [53] demonstrate that fine-
tuning LayerNorm (LN) parameters in attention-based mod-
els leads to yielding strong results on multimodal tasks.
This also brings a reduction in trainable parameters. Up-
dating normalization layers has also been deeply studied
in tasks involving domain shifts [25]. Motivated by these
works, we update the LayerNorm parameters of both CLIP
encoders. This constitutes updating ∼ 0.044% of all param-
eters. For every new task/corruption, we reset the model
parameters following TENT [48] i.e., we perform a sin-
gle domain TTA. In summary, our bimodal online test-time
adaptation approach jointly updates the LayerNorm param-
eters of the CLIP encoders that are optimized synergisti-
cally through loss components aware of the input domain,
leading to a more robust multimodal learning process.

5. Experiments and Results
Baselines. We compare our approach with zero-shot CLIP
(ZS), state-of-the-art online TTA methods adopted for CLIP
following [10] i.e., TENT [48], RoTTA [49], RPL [37],
and SAR [32]. We update only the vision encoder fvis as
in the baselines. We benchmark against other online TTA
methods using CLIP - TPT [41] and VTE [10]. Based
on the discussion in Section 2, we adapt the two variants
of WATT [33], for our setup, to WATT-P* and WATT-S*,
while maintaining method consistency. For a “fairer” com-
parison, on each test batch, the model is adapted once using
each of the suggested 8 prompt templates. Note that this
setup is not online yet. In addition, CLIP parameters are
reset after every task. We report the results on CIFAR-10C
and CIFAR-100C only, based on their suggested settings.
On ImageNet-C, we also report results against online StatA
[50], based on their chosen hyperparameters. The model

predictions can then be computed as in Eq. 1. We mention
the details of each TTA method in the Supplementary.
Implementation Details. We query the text encoder ftxt
with a general prompt template “a photo of a <CLS>.” for
all the datasets, as motivated earlier. We optimize both the
vision encoder fvis and text encoder ftxt. For CIFAR-10C,
we use an AdamW optimizer at a learning rate of 10−3.
Similarly, for CIFAR-100C and ImageNet-C, Adam and
AdamW optimizers are respectively used, at a fixed learn-
ing rate of 5×10−4, with the model being reset after each
task. For fairness to all the baselines, the batch sizes are
set to 200, 200, and 64 for the datasets, following various
TTA benchmarks, at a corruption severity level of 5 for each
task. For WATT-P* and WATT-S*, we use the same tem-
plates and learning rates as mentioned in [33]. For StatA,
the class correlation in a batch is controlled by a Dirichlet
distribution (γ). We report results for γ = 0.1 (low corre-
lation) and -1 (sequential). All experiments are run on a
single NVIDIA RTX A5000 GPU using ViT-B/16 as the
visual backbone. Results on ViT-B/32 are reported in the
Supplementary.

5.1. Results: Online Test-Time Adaptation
Results on CIFAR-10C, CIFAR-100C, and ImageNet-
C. We present the online TTA results in Table 1. While
most TTA methods outperform zero-shot CLIP on average,
BATCLIP consistently exceeds the performance of these
methods across all datasets. SAR shows significant per-
formance improvements over others. Although it performs
similarly to our method on CIFAR-100C and ImageNet-
C, BATCLIP outperforms SAR on CIFAR-10C, achieving
improvements of 6.48%. While all the prior approaches
operate solely in the vision space, our approach leverages
CLIP’s joint vision-language feature space, resulting in su-
perior TTA performance. For TTA approaches using CLIP,
BATCLIP surpasses TPT and VTE across all tasks and
datasets. For our WATT-P* and WATT-S* implementa-
tion, adaptation happens once on each prompt template for
a batch. Interestingly, despite CLIP being trained on the
batch by averaging adapted weights from multiple tem-
plates before inference, the performance remains subpar.
This indicates that WATT [33] is not well suited for on-
line TTA. In StatA [50], γ controls the number of effec-
tive classes in a batch, for zero-shot VLM adaptation. On
ImageNet-C, the large drop in performance for each task in-
dicates the need for CLIP adaptation to severe image degra-
dation and the importance of relevant text features. In Fig-
ure 5, we show t-SNE [44] plots of visual and text fea-
tures, of a few tasks, and compare them against zero-shot
ViT-B/16 for CIFAR-10C. It highlights how our approach
enhances alignment with text features, fosters better class
separation, and forms more distinct clusters, leading to sig-
nificant improvements. The Supplementary shows detailed
t-SNE plots for CIFAR-10C and CIFAR-100C.
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Ours 61.13 64.09 65.76 80.51 54.96 80.65 81.94 83.04 84.19 80.84 88.95 82.15 69.16 62.68 66.64 73.85

C
IF

A
R

-1
00

C ZS ICLR’21 19.64 21.40 25.26 42.54 20.03 43.17 47.95 48.35 49.74 41.57 57.02 34.58 29.15 23.96 32.43 35.79
TENT ICLR’21 7.60 8.21 8.33 51.81 7.95 52.45 55.34 54.16 36.17 50.92 65.63 54.51 36.52 43.99 35.81 37.96
RoTTA CVPR’23 20.65 22.22 26.17 42.48 20.26 42.90 47.88 48.75 49.92 41.86 57.00 34.52 29.27 25.08 32.88 36.12

RPL arXiv 6.44 7.09 7.09 52.16 11.81 52.33 55.50 54.20 38.83 51.99 66.07 54.45 36.86 42.83 39.45 38.47
SAR ICML’22 25.30 27.19 32.78 47.12 23.42 47.16 51.70 51.94 52.48 48.77 61.54 44.50 32.26 33.67 38.06 41.19
TPT NeurIPS’22 17.95 19.51 27.13 43.53 20.08 42.65 48.63 49.11 49.48 42.14 57.35 33.26 31.13 27.59 32.75 36.15
VTE ECCV-W’24 17.96 18.72 28.17 40.38 19.60 39.50 45.33 48.24 46.87 40.73 55.31 30.04 32.47 30.35 31.45 35.01

WATT-P* NeurIPS’24 20.53 22.22 27.3 43.14 17.51 42.37 48.17 47.31 49.34 41.49 57.07 35.29 27.75 25.83 31.89 35.81
WATT-S* NeurIPS’24 21.20 23.11 28.23 44.16 18.45 43.44 49.14 48.16 50.05 42.35 57.82 36.43 28.36 26.85 32.93 36.71

Ours 24.91 27.73 33.66 50.11 26.27 48.49 54.85 52.35 51.62 48.38 63.27 45.21 34.74 32.38 37.31 42.09

Im
ag

eN
et

-C

ZS ICLR’21 11.18 12.54 12.04 23.36 15.18 24.50 22.58 32.32 29.88 35.88 54.18 17.20 12.72 30.96 33.26 24.51
TENT ICLR’21 5.14 5.70 7.44 25.22 19.34 26.80 24.16 33.56 30.42 37.74 54.24 22.50 13.90 35.02 36.08 25.15
RoTTA CVPR’23 11.34 12.96 12.32 23.38 15.50 24.66 22.90 32.56 30.02 35.98 54.32 17.20 12.80 31.06 33.46 24.78

RPL arXiv 9.04 10.04 10.96 24.40 17.40 26.28 23.76 32.70 30.62 36.64 54.04 19.38 13.24 33.14 34.60 25.08
SAR ICML’22 17.96 20.46 20.68 25.72 23.04 29.52 26.04 34.92 32.74 39.00 55.00 27.14 19.64 36.66 37.50 29.73
TPT NeurIPS’22 8.48 9.46 10.20 23.98 15.16 25.10 24.00 33.94 32.12 37.08 55.64 16.54 13.68 34.06 33.58 24.87
VTE ECCV-W’24 9.18 10.76 10.78 24.72 14.30 24.36 25.24 35.38 32.46 38.16 55.56 16.14 14.26 38.72 33.98 25.60

StatA (γ=0.1) CVPR’25 10.56 11.22 10.86 22.11 14.12 22.39 20.85 31.39 29.90 34.63 53.32 16.00 12.46 29.55 32.79 23.47
StatA (γ=-1) CVPR’25 11.83 13.02 12.41 23.71 15.02 23.64 21.79 31.80 30.22 36.52 54.15 17.56 13.00 32.01 33.37 24.67

Ours 19.32 21.38 19.60 26.58 21.94 30.88 29.02 36.48 32.00 40.98 56.72 26.14 23.74 37.67 38.34 30.72

Table 1. Mean accuracy (%) on CIFAR-10C, CIFAR-100C, and ImageNet-C - TTA mean accuracy of the 15 corruptions (tasks) at a
severity level of 5, using ViT-B/16.
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Figure 5. BATCLIP yields more discriminative visual features
that exhibit stronger alignment with their corresponding text fea-
tures. The t-SNE [44] plots show visual (◦) and text (⋆) fea-
tures for CIFAR-10C, comparing zero-shot ViT-B/16 with our ap-
proach.

5.2. Results: Domain Generalization Datasets
In this section, we evaluate our BATCLIP on commonly
used domain generalization datasets [14] and benchmark
against zero-shot ViT-B/16 (ZS), TENT, WATT-P* and
WATT-S*. From Table 2, we observe that BATCLIP does
better or comparable, across all datasets and domain shifts,
to all the baselines. TENT matches zero-shot CLIP since
LN normalization works per image across the features, in-
dependent of the batch statistics. We demonstrate that
BATCLIP can be generalized and be robust to other vari-
ous domain shifts, with a single step adaptation and global
prompt template as opposed to WATT-P* and WATT-S* that

Dataset Domain ZS TENT WATT-P* WATT-S* Ours

OfficeHome

Art 78.29 79.4 80.35 80.43 79.86
Clipart 64.03 63.18 66.85 66.9 66.44
Product 87.11 88.42 87.5 87.54 88.51

Real World 88.96 89.6 90.04 89.99 89.67

PACS

Art 97.22 98.05 97.75 97.75 97.56
Cartoon 97.4 97.65 97.53 97.53 97.48
Photo 99.58 99.58 99.59 99.52 99.72
Sketch 86.23 88.75 88.52 88.65 87.76

VLCS

Caltech101 99.43 99.43 99.36 99.36 99.51
LabelMe 68.15 68.14 66.92 68.49 68.94
SUN09 73.4 73.4 74.53 74.68 75.23

VOC2007 84.75 84.75 84.0 84.03 85.6

TerraInc

L38 20.3 20.3 27.79 29.08 37.33
L43 31.52 31.52 33.98 34.13 32.71
L46 28.98 28.98 27.07 28.13 31.05

L100 52.35 52.35 43.59 42.32 55.22

Table 2. Accuracy on domain generalization datasets [14] with
other domain shifts using a ViT-B/16 visual backbone.

use multiple prompt templates. The largest performance
improvements come on the Terra Incognita dataset. Large
style variations in OfficeHome and PACS make it difficult
for CLIP to generate effective text features, with a single
step, from our default prompt. The implementation details
are described in the Supplementary.
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a) CIFAR-10C b) CIFAR-100C c) ImageNet-C

Figure 6. Analysis on increasing # iterations: Mean accuracy for
# iterations, on each test batch, using a ViT-B/16 backbone.

Backbone (ViT-B/16) CIFAR-10C CIFAR-100C ImageNet-C

Lent 60.65 38.17 24.03
Lpm 61.23 36.63 22.83
Lsp 73.16 41.36 30.05

Lent + Lpm 62.60 39.32 25.21
Lent + Lsp 72.69 41.84 30.08

Lent + 0.9Lpm + 0.1Lsp 72.21 42.20 30.82
Lent + 0.1Lpm + 0.9Lsp 72.96 41.85 30.20
Lent + 0.3(Lpm+Lsp) 73.31 41.93 30.40
Lent + 0.7(Lpm +Lsp) 73.85 42.04 30.61
Lent + Lpm + Lsp 73.85 42.09 30.72

Table 3. Ablation on loss components - Mean accuracy (in %).

Figure 7. Ablation on low batch size - CIFAR-10C and CIFAR-
100C (left) and ImageNet-C (right) using a ViT-B/16 backbone.

5.3. Ablation Study and Analysis
Adaptation for multiple iterations. Here, we analyze
adaptation for multiple iterations on a single batch, shown
in Figure 6, using the ViT-B/16 backbone. Continuous
adaptation of LN parameters, which normalize along the
features of a single sample, can lead to overfitting as it fits to
the noise patterns of the batch, ultimately degrading gener-
alization to other domains. This could also lead to a de-
cline in the loss of CLIP pre-trained knowledge. In the
Supplementary, we report the post-adaptation results back
on the source test sets - CIFAR10 and CIFAR100 to evalu-
ate catastrophic forgetting. Our approach outperforms zero-
shot CLIP, with a smaller decline in mean accuracy, espe-
cially on CIFAR-10C and ImageNet-C, showing that our
losses improve robustness. under challenging conditions.
Ablation on loss components. In Table 3, we ablate the
loss components using ViT-B/16 (see more in the Supple-
mentary). Lpm (row 4) and Lsp (row 5) improve model
performance than entropy minimization via Lent. In fact,
the addition of Lsp brings larger improvements, proving
that fvis produces discriminative features. Interestingly, us-
ing only Lent achieves comparable or better accuracy than
zero-shot CLIP, with fully hyperparameter-free objectives.
Low batch size setting. In Eq 3, the prototype of each

class can be affected by the batch size, with a lower size
indicating the absence of a few classes. In Figure 7, we il-
lustrate the mean accuracies on the benchmark datasets. As
seen, BATCLIP still outperforms or performs comparably
to TPT and VTE in low batch size settings. Since TTA hap-
pens at the batch-level of a specific domain, the prototypes
are computed with the available pseudo-labels, aiding in the
continual learning of the feature space as new batches come.

Dataset ZS TPT VTE Ours

CIFAR-10C 75.84 77.75 75.32 84.74

CIFAR-100C 47.82 49.62 48.53 49.25

ImageNet-C 39.55 40.96 40.55 42.84

(a) Mean acc. w/. a ViT-L/14.

TTA Method ImageNet-C

TENT 40.62
RPL 40.00

RoTTA 39.76
SAR 42.10
Ours 42.84

(b) Results on ImageNet-C.
Table 4. Ablation on ViT-L/14 - Mean accuracy (in %).

Extension to larger backbones. We use ViT-L/14 and re-
port the results in Table 4. The key advantage lies in the
projection matching loss (Lpm) which updates the text en-
coder to produce more image-aware text features—an as-
pect missing in other state-of-the-art TTA baselines.

Computational efficiency. Due to an additional text en-
coder update, BATCLIP updates ∼ 0.044% of all CLIP
parameters, with a ViT-B/16 backbone, as opposed to ∼
0.026% in other TTA baselines. Though the increase is
marginal, this leads to superior performances as adaptation
of the text encoder produces input-aware CLIP text features,
aligning better with the image features. On an NVIDIA
RTX A5000 GPU, it takes 0.2s/batch on ImageNet-C with
a batch size of 64, compared to 2.34s for WATT [33]. Also,
WATT adapts per template (for several iterations), making it
expensive every time. BATCLIP achieves faster on-the-fly
adaptation rates and is favorable for real-time deployment.

6. Conclusion
In this work, we propose BATCLIP, a bimodal online
test-time adaptation framework for CLIP aimed at han-
dling diverse image corruptions simulating real-time envi-
ronments. Our in-depth analysis of CLIP’s zero-shot per-
formance under increasing corruption severity reveals sig-
nificant shortcomings in generalization, highlighting the
need for effective adaptation. Although prior work on TTA
for CLIP has predominantly been unimodal focusing on
prompt-tuning or prompt ensemble with no model updates,
BATCLIP, through synergistic CLIP encoder updates, en-
courages learning rich class-separated visual features via vi-
sion encoder updates and strengthens alignment between
the image class prototype and corresponding text feature
via text encoder updates. Empirical studies, including abla-
tions, show robust performance gains over all baselines on
benchmark corruption and domain generalization datasets.
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