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Abstract

Large pre-trained vision-language models (VLMs), such as CLIP, have shown unprecedented
zero-shot performance across a wide range of tasks. Nevertheless, these models may be
unreliable under distributional shifts, as their performance is significantly degraded. In this
work, we investigate how to efficiently utilize class text information to mitigate distribution
drifts encountered by VLMs during inference. In particular, we propose generating pseudo-
labels for the noisy test-time samples by aligning visual embeddings with reliable, text-based
semantic anchors. Specifically, to maintain the regular structure of the dataset properly,
we formulate the problem as a batch-wise label assignment, which is efficiently solved
using Optimal Transport. Our method, Semantic Anchor Transport (SAT), utilizes such
pseudo-labels as supervisory signals for test-time adaptation, yielding a principled cross-
modal alignment solution. Moreover, SAT further leverages heterogeneous textual clues,
with a multi-template distillation approach that replicates multi-view contrastive learning
strategies in unsupervised representation learning without incurring additional computational
complexity. Extensive experiments on multiple popular test-time adaptation benchmarks
presenting diverse complexity empirically show that SAT achieves consistent performance
gains over recent state-of-the-art methods while being computationally efficient.

1 Introduction

Large pre-trained vision-language models (VLMs), such as CLIP [Radford et al. (2021) and ALIGN [Jia
et al.| (2021), have emerged as a new paradigm shift in machine learning, revealing promising zero-shot
transferability. Nevertheless, if the model is exposed to domain drifts at test time, its performance can be
largely degraded [Yu et al.| (2023)); [Silva-Rodriguez et al.| (2024). While a straightforward solution to bridge
this gap involves fine-tuning the trained model using domain-specific labeled data |Lai et al.| (2023)); Goyal
et al.| (2023), this strategy presents several limitations in real-world scenarios, which may hinder its scalability
and deployment. First, adapting to new domains requires collecting labeled samples drawn from each distinct
distribution. This might be impractical for specific domains and further hinder the real-time adaptation
of the trained model for each input test sample. Furthermore, fine-tuning the model may undermine its
desirable zero-shot capabilities [Wortsman et al.| (2022)).

Test-Time Adaptation (TTA) presents a realistic and practical scenario for unsupervised domain adaptation,
where a pre-trained model requires real-time adaptation to new data to address unknown distribution drifts
without access to supervisory signals [Wang et al.| (2021)); [Iwasawa & Matsuo| (2021)); [Yuan et al.| (2023).
Nevertheless, despite the recent rise of VLMs, and the popularity of TTA in more traditional deep models,
such as CNNs and ViTs, the study of TTA in large pre-trained vision-language models remains less explored.
Standard approaches, e.g., TENT [Wang et al.| (2021)), which minimizes a Shannon entropy objective, have
been adopted in CLIP test-time adaptation |Shu et al.| (2022). On the other hand, more recent strategies
utilize pseudo-labels within the inference batch to guide model adaptation |Osowiechi et al| (2024)); Hakim
et al.| (2025)); [Maharana et al.| (2025)). In particular, the core idea of these later methods is to minimize
a classification loss, typically the standard cross-entropy, between the generated pseudo-labels and model
predictions, which guides the network updates over multiple iterations. Nonetheless, while this strategy
is common in semi-supervised learning, where additional labeled instances are available for all categories,
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applying it naively in unsupervised scenarios, such as test-time adaptation, can lead to degenerate solutions
over multiple updates [wasawa & Matsuo| (2021)), a problem we refer to as error accumulation.

This problem is particularly prevalent in
the literature on test-time adaptation in
VLMs. To illustrate this phenomenon, o
we conducted a simple experiment, the — »™ —mm====

findings of which are depicted in Figure 5 0.255
Considering all corruptions in CIFAR10C, E 0.250
we identify samples misclassified by zero- ¢ o.245
shot CLIP and track their behavior across 3 o.240

—— TENT BATCLIP —— WATT —— SAT —— TrueClass =--- Wrong Class

consecutive TTA steps. Specifically, we 0.235
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of both the wrong (i.e., predicted) and Figure 1: Error Accumulation. We track examples from all
true (i.e., expected) category. Ideally, a  ¢omuptions from CIFAR10C dataset with initial zero-shot CLIP
robust TTA method should reduce the edictions (at t = 0) that are misclassified. Baselines Wang
similarity to the wrong class prototype, (ot al] (2021); Maharana et al| (2025); [Osowiechi et al| (2024)
gradually correcting the initial misalign- catastrophically reinforce this error: similarity to the ‘Wrong
ment. Nevertheless, as shown in Figure[l}  jagy (dashed lines) increases while similarity to the ‘True Class’
existing methods tend to reinforce these (solid lines) decreases. In contrast, our method, SAT (orange), is
mistakes, thereby increasing the similarity the only one that provides a corrective signal, actively reducing

between the visual and text prototypes of similarity to the wrong class and breaking the cycle of error
the incorrect class, even when the predic- ;.. mulation.

tion is wrong.

In light of the above limitation, we aim to provide a more robust TTA framework that can correct incorrect
initial supervisory signals. To do so, we reframe TTA as a cross-modal alignment problem, where the
goal is to align the embeddings of test images to their corresponding fized semantic anchors provided by the
language modality. This alignment can be viewed through the lens of clustering, where the unlabeled samples
are grouped around class text prototypes. Hence, we can take into account the structure of the joint test
batch to better correct sample-specific inconsistencies. Nevertheless, instead of jointly learning the cluster
centroids during training, we use the fixed class prototypes derived from the text representations, which
provide stable semantic guidance without requiring explicit supervision. A key challenge is the distribution
mismatch between text prototypes and test image embeddings, since they originate from different modalities.
Traditional clustering methods, which typically assume unimodal distributions, often struggle to bridge this
gap, resulting in suboptimal performance. In contrast, we formulate label assignment as an Optimal Transport
(OT) problem, yielding a global, cost-aware correspondence between visual embeddings and text prototypes
that naturally model multi-modal distributions [Lee et al.| (2019). This perspective is more robust to outliers
or noisy predictions, directly mitigating the error accumulation that undermines existing self-training in TTA.

The main contributions of this paper can be summarized as:

o We propose Semantic Anchor Transport (SAT). This novel framework casts the pseudo-labeling
strategy in CLIP test-time adaptation as a batch-wise Optimal Transport assignment, which leverages
the class text information available in vision-language models in the form of fixed robust cluster
centroids without requiring further annotations.

« To solve the label assignment task, we resort to the Sinkhorn algorithm, as it can handle multi-modal
distributions and compute label assignments efficiently.

e We introduce a multi-template knowledge distillation approach that leverages richer information
derived from different text prompts to better guide adaptation without incurring significant compu-
tational overhead.

e Comprehensive experiments across multiple visual corruptions and domain shifts benchmarks demon-
strate the superiority of SAT over recent state-of-the-art methods.
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2 Related Work

Test-Time Adaptation (TTA) aims at adapting a pre-trained model to a stream of incoming unlabeled
target domain data, processed in batches during testing [Wang et al| (2021); [Zhang et al.| (2022); |Choi et al.|
(2022); [Niu et al] (2022Db). Existing approaches in traditional unimodal models can be roughly categorized
into: ¢) normalization-based methods, which leverage the statistics of the test data to adjust the BatchNorm
statistics of the model Mirza et al. (2022); [Schneider et al.| (2020); i) entropy-based approaches Wang
let al.| (2021)); Niu et al.| (2022al); |Goyal et al.| (2022), where the model is adapted optimizing the Shannon
entropy of the predictions; and i) pseudo-label strategies Liang et al.| (2020)), which employ the test-time
generated labels for supervising the model. With the advent of VLMs, several works have attempted to
accommodate some of these techniques to adapt pre-trained foundation models, notably CLIP
(2022); Ma et al.| (2023)); |Osowiechi et al| (2024); Hakim et al.| (2025)), which mainly differ on the different
parameter groups updated during adaptation, i.e., prompt tuning [Shu et al| (2022); Ma et al.| (2023); Débler|
or layer-norm [Hakim et al.| (2025)); |Osowiechi et al.| (2024) strategies. For example, Test-Time
Prompt Tuning (TPT) Shu et al| (2022)) optimizes input text prompts by minimizing the model’s prediction
entropy. In contrast, Vision-Text-Space Ensemble (VTE) [Dobler et al (2024) uses an ensemble of prompts as
input to the text encoder. Nevertheless, keeping both the text and vision encoder frozen makes it difficult
for the model to adapt to images with severe noise effectively. Recent VLM adaptation methods, such as
WATT |Osowiechi et al|(2024) and BATCLIP Maharana et al.| (2025]), which employ parameter-efficient
updates of the encoders, have developed sophisticated bimodal heuristics to improve pseudo-label quality.
WATT |Osowiechi et al. (2024) generates them by combining both image-to-image and text-to-text similarity
matrices. Taking this a step further, BATCLIP [Maharana et al. (2025)) first generates pseudo-labels via a
standard argmax prediction, which are refined via additional losses. Nevertheless, both approaches rely on
locally derived pseudo-labels, failing to explicitly optimize the sample-to-class assignment group cost, making
them more sensitive to outliers or ambiguous samples. Clustering for unsupervised representation
learning. Jointly adapting the parameters of a deep network while inferring the class assignments can be
viewed as clustering and unsupervised representation learning. Thus, our work is closely related to recent
literature on deep clustering-based approaches |Asano et al.| (2020)); |Caron et al. (2018} [2019)); [Huang et al.|
(2019)); [Yan et al.| (2020)); Yang et al.| (2016)); Jabi et al|(2019); |Caron et al. (2020). In|Caron et al. (2018),
k-means assignments are leveraged as pseudo-labels to learn visual representations, a strategy later employed
in |Caron et al.| (2019)) to pre-train standard supervised deep models. Nevertheless, applying naive k-means
risks collapsing to only a few imbalanced clusters, making it ineffective. A more principled approach consists
in framing the label assignment task as an instance of the Optimal Transport problem |Asano et al.| (2020),
whose global, batch-aware optimization and balancing constraints naturally prevent degenerate solutions.
Furthermore, Caron et al. |Caron et al.|(2020) enforce consistency between cluster assignments across different
image views or augmentations, avoiding expensive pairwise comparisons typically performed in contrastive
learning. While our formulation shares similarities, key differences exist. In particular, all these methods, i.e.,
|Caron et al.| (2019); |Asano et al| (2020); Caron et al|(2018) operate in unsupervised representation learning,
where prototypes are learned from the data distribution. In contrast, we leverage the text representations as
fixed semantic anchors. Note that text embeddings are accessible for free in VLMs, not incurring additional
supervision, as the test image label remains unknown. A natural benefit from this strategy is that we do not
need to resort to additional augmentation or “multi-views" strategies [Caron et al.| (2020)), which introduce
a computational burden. Instead, we treat individual text templates as “augmented views', enhancing
the representation learning of the adapted model without incurring extra cost. In fact, these embeddings
are computed only once offline, whereas image augmentation or “multi-views" strategies must create the
additional images for each incoming batch, performing one forward pass per new augmentation at test time.

3 Background

3.1 Vision-language models

CLIP Radford et al| (2021) is a foundation vision-language model, trained via contrastive learning to
produce visual representations from images x paired with their associated text descriptions T. To do
so, CLIP consists of an image encoder 8 and a text encoder ¢. This generates the corresponding vision
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z € R? and class text t; € R? embeddings (column vectors), which are typically projected into an fo-
normalized shared embedding space. At inference, this learning paradigm enables zero-shot prediction.
More concretely, for a given set of K classes, and an ensemble of M different templates, we can generate
the set of available prompts as T = {{Tux}M_,}E |, whose embedding for template m and class k is
obtained as t,,x = ¢(“A PHOTO OF A [cLASS,]”). Then, a popular strategy Radford et al| (2021); |Gao
et al.| (2023); Wortsman et al.| (2022)) consists in obtaining a class zero-shot prototype, which is computed as
t, = ﬁ Z%Zl ¢(Tnx). Then, for a given test image x;, its zero-shot prediction, p; = (pix)i1<k<k, can be
obtained as:

€xXp (ZiTtk/T) (1)

K 9
Zj:l exp (2 t;/7)

p(y = klz;) =

where 7 is a temperature parameter learned during pre-training Radford et al.| (2021)), and z "t indicates dot
product.

3.2 Test-Time Adaptation using CLIP

Problem setting. We address the problem of adapting a pre-trained VLM at test time. In particular, given
a model trained on the source domain Dg, our goal is to adjust this model online to the new target domain
Dr, where only unlabeled test data {x;}}, is available, and which is received as a stream of batches, from
which predictions must be provided.

Vanilla entropy minimization. Inspired by the semi-supervised learning literature, a straightforward
solution to leverage the predicted probability in eq:clip in TTA would be to adapt the model parameters
based on an entropy minimization objective, similar to TENT [Wang et al.| (2021)):

1 Br K
Llp) =5~ > p(y = kl@)logp(y = kl:), (2)

i=1 k=1

with Br denoting the size of the test batch. However, relying on the Shannon entropy Wang et al.| (2021)) in
the fully unsupervised case poses a significant risk, as it may potentially result in a degenerate solution, i.e.,
Eq. might be trivially minimized by assigning all data points to a single, arbitrary label.

4 SAT: TTA as Cross-Modal Alignment

The proposed approach aims to overcome the limitations in eq:tent objective by finding reliable pseudo-labels
in a batch of test-time samples without supervision. To achieve this, we propose SAT. We formulate TTA as
a cross-modal alignment problem, where the core task is to generate a robust supervisory signal for each
unlabeled test batch. This novel TTA method leverages the text embeddings generated by the frozen CLIP
text encoder more effectively, serving as strong class descriptors to yield label assignments for test samples,
which we propose propagating through Optimal Transport. Note that our motivation drastically differs from
the existing self-supervised representation learning literature that also resorts to pseudolabels |Caron et al.
(2018)), where cluster centroids are iteratively updated based on the prior label assignments. Furthermore, by
solving a globally optimal matching problem, SAT is more robust to noisy predictions than existing TTA
methods |Osowiechi et al.| (2024)); [Maharana et al.| (2025)). Below, we elaborate on the details of our method,
which is illustrated in Figure

To overcome the limitation of naively minimizing eq:tent in the fully unlabeled scenario, TTA literature
typically encodes the model predictions as posterior distributions ¢(y|x;), which results in:

1 Br K
Llp.0) = —5- >0 aly = klzi) logply = kla). (3)
=1 k=1

Thus, the adaptation is driven by the pseudo cross-entropy in Eq. , where a significant challenge lies in
constructing a high-quality target distribution, or pseudo-label ¢;; = ¢(y = k|x;), without access to ground
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Figure 2: SAT leverages Optimal Transport (with the Sinkhorn algorithm) to yield soft-codes Q%,
(eq:individual-codes). Then, it minimizes the pseudo cross-entropy between @7, and the CLIP predic-
tions P as unsupervised loss during test-time adaptation (eq:posterior). Note that, at each test batch, our
model runs for m iterations, each using a different text template m to obtain the pseudo-codes @)}, .

truth labels. Indeed, as illustrated in Figure [1} prior TTA methods tend to amplify prediction errors, leading
to a state of error accumulation. Our central thesis is that we can break this loop by exploiting the natural
alignment between visual features and their text-based semantic anchors in the batch.

4.1 Batch-Aware Cross-modal Alignhment

In the following, we detail how to encode robust posteriors into eq:posterior by exploiting multi-modal
capabilities of CLIP and the test-time batch data distribution. Considering the probability is obtained as in
eq:clip, the objective in eq:posterior can be expressed as:

1 &r

“Br

1 ad 7t
T i Yk
~zTq; — 1 Zi kYL 4
—z; Tq 0g > exp( ) (4)

- T
i=1 k=1

L(p.q) =

where T = [t1, ..., t | represents the matrix containing the class text prototypes, and the logarithmic term in
the right side does not depend on q. If we now express eq:midstep in its matrix form over all the test images
in the batch (with Z € RY*B7 the corresponding embeddings), and let Q be a matrix with columns q;, we
have the following objective:

max tr(Q'T'Z). )

e r(QT72) )
which seeks the optimal alignment between the batch’s visual features Z € R¥57 and a set of text-based
“semantic anchors" T € R Following [Cuturi| (2013), we enforce the matrix Q to be an element of the
transportation polytope:

1 1
Q:={QeR{*""|Qlp, = —1x,Q 1x = —1p,}, (6)
K Br

with 1x and 1y denoting the vectors of ones in dimension K and N, respectively. The constraints on Q
enforce that on average each prototype is selected at least % times, encouraging Q to be a matrix with
uniform marginals in both rows and columns. Note that such constraints ‘break’ the direct dependency between
the original prediction p in eq:tent and the posterior q in eq:midstep, since the latter considers the whole batch
distribution and its marginal properties for the assignment. This results in more robust supervisory signals,

later demonstrated empirically (Figure [3)).
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Finding optimal Q. As the objective function in Eq. is linear, and the constraints defining Q are
also linear, this is a linear program. Nevertheless, directly optimizing the above learning objective might be
time-consuming, particularly as the number of data points and classes increases. To address this issue and
facilitate faster optimization, we apply the Sinkhorn algorithm [Cuturi (2013), which incorporates an entropic
constraint that enforces a simple structure on the optimal regularized transport. Hence, the optimization
problem becomes:

tr(Q'T'TZ) + cH(Q), 7
max tr(Q ) +eH(Q) (7)
where H(Q) denotes the Shannon entropy function H(Q) = — Z” Qi;log Q;; and e controls its weight.

Furthermore, to align with TTA assumptions, we work on batches by restricting the transportation polytope
to the current batch [Caron et al.| (2020)), in contrast to other works that employ the full dataset |Asano et al.
(2020). Thus, the dimensionality of the Q matrix becomes K X Br, where Br denotes the batch size. Now,
the soft assignment matrix Q* is the solution of the problem in @ over the set Q, which can be efficiently
optimized with a few iterations:

Q" = Diag(u®) exp (T;\—Z) Diag(v(®), (8)

with u and v representing renormalization vectors in R¥ and RBT respectively, and ¢ the iteration.

Benefits of the proposed strategy. The proposed Optimal Transport (OT) based formulation provides:
i) Global consistency, since OT is batch-aware. The assignment for any single image is dependent on the
features of all other images in the batch. The solver finds the best overall configuration, making it inherently
robust to individual outliers. ii) Intrinsic regularization given by the polytope constraints (Eq. @, which
enforce that, on average, all classes are represented in the pseudo-labels. This structurally prevents the model
from collapsing to a single class, yielding robustness.

4.2 Semantic alignment with multiple templates

Recent literature |(Osowiechi et al.| (2024) has pointed out the limitations of using the average text prototypes,
and has instead suggested to resort to multiple category embeddings, each obtained through the different text
templates in 7. Thus, to create a richer and more robust supervisory signal, we leverage the ensemble of M
diverse text templates typically used in TTA, each providing a unique “semantic view", Ty, = [t1m, ..y brm],
where T,, denotes the matrix containing the class text prototypes obtained from the m-th template.
Compared to existing TTA approaches, we introduce a more sophisticated knowledge distillation strategy
that disentangles the goals of assignment and generalization.

@ For Assignment, we need specificity. We compute a separate, “clean" transport plan Q, for each
specific semantic view T,,. This provides an unambiguous matching based on a single, clear context (e.g.,
aligning to “a sketch of a class" vs. “a photo of a class"). Concretely, we modify the solution presented in
eq:codes to be specialized for specific class templateﬂ where the codes for each template m are:

* : (t) T,Z ; (t)
Q;, = Diag(ul)) exp (=2 ) Diag(v(y). (9)

The renormalization vectors in our setting are computed trough a small number of matrix multiplications using
the iterative Sinkhorn-Knopp algorithm [Knight| (2008)), where in each iteration ul) = .,/ ((exp(T) Z/N)vi 1)
and vt = v,,, /((exp(TT Z/Mut, ), with v°, = 1.

@ For Generalization, we need consistency. To ensure generalization, model predictions must remain
consistent across semantic views, preventing the visual encoder from overfitting to any single template, or
“view". In the proposed adaptation strategy, the model’s prediction p(y = k|x;) in Eq. [1|is always computed
using a single classification head, defined by the averaged text class prototypes T. This design enforces
stability across templates, ensuring that the pseudo-supervision ¢(y = k|x;) is always applied against a

IThe text templates are the same as in WATT |Osowiechi et al.| (2024) — see Appendix
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consistent prediction function, preventing the encoder from overfitting to template-specific fluctuations and
promoting robust generalization.

Coupling both together. First, to optimize the objective in eq:posterior, we employ the soft label
assignments from @D, as they yield superior performance compared to their hard counterpart in other
problems [Caron et al.| (2020). Now, to distill the knowledge of the more diverse, and richer representations
derived from multiple text predictions, the cross-entropy in eq:posterior is optimized by iterating through each
of the M views, which can be formally defined for each image ¢ and template m as ¢(p;, q7,) = —qj, log pi,
where p; is obtained with the average text template. Thus, for a given test image i in a batch, after each
update produced by the m-th text template, the visual encoder produces novel visual embeddings z;, which
are then used to generate new predictions p; for .

4.3 Whole learning strategy

The complete Semantic Anchor Transport (SAT) algorithm (Alg. [1)) consists in learning a label assignment
matrix Q,, per text template by solving the optimization problem presented in Eq. , and then updating
the affine parameters of the visual encoder’s Layer Normalization layers, such as/Wang et al| (2021)); |Osowiechi
let al.| (2024); Hakim et al.| (2025)). This is done iteratively by alternating two steps across the batches and
text templates: ) with the learnable parameters fixed, we compute the visual features Z € R?*Bs of the test
batch samples, and find Q;, through Eq. @D by iterating the updates on u,, and v,,; and i) given label
assignments Q7 , and the softmax predictions for the test samples obtained with each average class prototype
tx, the set of learnable parameters is updated by minimizing Eq. w.r.t. the layer norm parameters, where
stochastic gradient descent is applied over the whole batch. This process is repeated M times. Finally, the
class predictions on the batch are inferred with the updated model.

Algorithm 1 Semantic Anchor Transport for one test batch.

1: Input: Test batch {x;}57, set of M semantic anchor matrices {T,,}M_, visual encoder 6.

2: // T, (and thus T) are pre-computed offline from a systematically generated set of text templates.
3 T 5™ T,

4: // — Adaptation Phase —

5: for each template m in a random permutation of {1,..., M} do

6: // Step 1: Align - Compute soft assignments that maximize cross-modal alignment for the m-th “view"
7 Z<—[0($1),70($BT)]

8: QF, + SolveOT(Z,T,,) Eq. El

9: // Step 2: Adapt - Distill knowledge into a general representation

10: P < Predict(Z, T) Eq.

11: L «+ CrossEntropy(P, Q)

12: Update LayerNorm parameters of 8 using VgL.

13: end for

14: // — Inference Phase —

15: Zadapted <~ [Oadapted(ml)v EERN} gadapted (xBS)}

16: Pgana < Predict(Zadapted, T) Eq.

17: Return Pg,a

5 Experiments

5.1 Setting

Datasets. We evaluate on standard TTA benchmarks Maharana et al.|(2025); Osowiechi et al.| (2024); Hakim|
(2025)), covering two primary types of domain shift: ¢) Visual corruptions: CIFAR-10C, CIFAR-100C,
ImageNet-C, and Tiny-ImageNet-C [Hendrycks & Dietterich| (2019)); and 4¢) Domain generalization: PACS

(2017), VLCS [Fang et al. (2013), OfficeHome [Venkateswara et al| (2017), and VisDA-C
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(2018). We also use the original clean benchmarks (e.g., CIFAR-10 Krizhevsky| (2012)), CIFAR-10.1 |Recht et al.
(2018), and Tiny-ImageNet [Wu et al.| (2017))) for ablation. Full dataset details are presented in Appendix

Baselines: We resort to relevant CLIP-based TTA parameter-efficient adaptation approaches, i.e., modify
a set of learnable parameters, including TENT Wang et al.| (2021)), SAR Niu et al.| (2022b), VTE |Dobler
et al. (2024), TPT |Shu et al.| (2022), CLIPArTT [Hakim et al.| (2025, WATT |Osowiechi et al.| (2024), and
BATCLIP Maharana et al.| (2025), where |Hakim et al.| (2025)); |Osowiechi et al.| (2024); Maharana et al.| (2025)
represent the state-of-the-art.

Architectures: Following prior work, we use Vision Transformer (ViT) backbones from CLIP Radford et al.
(2021). Our main experiments use ViT-B/32 as in [Hakim et al.| (2025)); |Osowiechi et al. (2024), and we
demonstrate generalization with additional evaluations on larger ViT-B/16 and L/14 backbones, particularly
CLIP’s and SigLIP’s |Zhai et al.| (2023).

Implementation details: Following prior work Hakim et al.| (2025); (Osowiechi et al.| (2024)), we use a
batch size of 128 for all experiments (see Appendix B.4 for a sensitivity analysis on batch size). All reported
results are the average of three runs using different random seeds. We follow the officially recommended
hyperparameters for all baseline methods. Specifically, TENT Wang et al.|(2021) and CLIPArTT Hakim
et al. (2025) are run for 10 adaptation steps per batch. For WATT |Osowiechi et al.| (2024), we use their
suggested L = 2, M = 5, and 8 templates, totaling 80 iterations per batch. For BATCLIP Maharana et al.
(2025, we adapt both the text and visual encoders. For all other baselines, we use the learning rates specified
in their respective papers for each dataset. We set the learning rate for our method to 10~ for all datasets,
except for ImageNet-C, where we use 5 x 107° as in [Maharana et al.| (2025). Our formulation introduces
only two new hyperparameters: the entropic constraint weight, € from eq:main, and the number of Sinkhorn
iterations, T. These are fixed across all datasets and experiments. We set e = 0.7 (see Appendix B.3) and
T = 3. We found T' = 3 to be sufficient for convergence, as in prior work |Caron et al.| (2018)).

5.2 Main results

Performance under common visual corruptions. We present a unified evaluation across four standard
benchmarks in Table [T} which shows the superiority of SAT in adapting CLIP in the presence of common
corruptions against a comprehensive suite of recent TTA methods. Compared to vanilla CLIP, our model
brings performance gains of 17.8% (CIFAR-10C) and 17.9% (CIFAR-100C) without requiring additional
supervision. These performance gains are similar when compared to other popular TTA methods, e.g.,
TENT or TPT, with differences ranging from 10% to 21%. While this gap is reduced compared to recent
approaches, such as WATT, CLIPArTT, and BATCLIP, the differences remain significant. SAT outperforms
the second-best competitor, i.e., WATT, by up to 3.2% in CIFAR-10C (e.g., 5.1% in pizelate) and 1.8% in the
more challenging scenario of CIFAR-100C (which contains x10 classes). Additionally, it achieves significant
gains over recent baselines in specific corruptions, e.g., 19.8% compared to BATCLIP in pizelate (CIFAR-10C)
or 16.3% in Glass Blur (CIFAR-100C). Also, compared to CLIPArTT, SAT shows gains of nearly 10.6% on
pizelate (CIFAR-100C) and 8.1% on Gaussian Noise (CIFAR-100C).

What if the number of classes increases? The gap is even more pronounced on the more difficult
Tiny-ImageNet-C testbed, where our 34.9% mean accuracy is 5.6% higher than that of the strongest baseline,
BATCLIP. Finally, on the highly challenging 1000-class ImageNet-C benchmark, where many methods show
limited gains, SAT again proves its robustness. Specifically, achieves the highest mean accuracy, 26.0%, a
promising +5.5% gain over the CLIP baseline, outperforming all other TTA baselines.

Performance under additional shifts: Table [2[ (VisDA-C) reports the results of simulated (3D) and
video (YT) shifts, which showcase the superiority of SAT. More concretely, the differences compared to the
second-competitor SOTA method (WATT) in these two datasets are 5.4% and 0.8%. Regarding other popular
baselines, per-dataset differences can go up to 11%, e.g., 11.4% compared to TPT in the 3D domain. It is
worth noting also the significant performance drop of the very recent BATCLIP on this benchmark, which
underscores the instability of methods that rely too heavily on their own initial predictions in the face of
large domain gaps. Furthermore, Table [2| results on texture and style shifts show that the trend of superior
performance is observed in other datasets (i.e., PACS and OfficeHome), whereas performance is degraded in
only one out of the five datasets, i.e., VLCS.
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Table 1: Performance in visual corruptions benchmarks. Results using CLIP ViT-B/32. Best method

in bold, second best underlined.

=] +
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Method O & HE A O = N a & £ & O 5 & = Mean 1
CIFAR-10C
CLIP [1cLri21) 35.27 39.67 42.61 69.76 42.40 63.97 69.83 71.78 72.86 67.04 81.87 64.37 60.83 50.53 55.48 | 59.22
TENT [crro21] 41.27 47.20 48.58 77.12 52.65 71.25 76.20 78.29 79.84 77.39 87.78 79.47 70.00 63.74 62.64| 67.56
SAR [1cLr22) 47.58 50.39 47.19 71.65 49.34 70.27 72.63 71.66 72.82 69.48 82.34 70.54 60.98 48.07 58.48 | 62.89
VTE [ccvw2q) 44.40 47.70 42.90 64.90 45.00 66.70 67.00 67.40 64.50 65.30 74.90 53.60 61.20 42.60 50.80| 57.26
TPT [NeuriPs'22 33.90 38.20 37.66 67.83 38.81 63.39 68.95 70.16 72.39 64.31 81.30 62.26 56.43 42.80 53.67| 56.80
WATT [Neurips24] 63.84 65.28 58.64 78.94 65.12 77.81 79.32 79.79 80.54 78.53 87.11 81.20 72.66 71.11 67.36| 73.82
CLIPArTT [wacvo2s) 59.90 62.77 56.02 76.74 61.77 76.01 77.40 77.29 79.20 75.74 86.59 77.82 70.20 66.52 63.51| 71.17
BATCLIP iccovas) 50.89 56.01 54.35 76.17 56.11 74.71 76.01 77.74 79.33 75.87 86.46 78.65 68.76 56.41 61.79| 68.62
SAT 64.85 67.34 62.27 82.09 68.07 81.30 83.13 83.71 83.40 82.56 89.90 84.86 76.08 76.25 70.03| 77.06
CIFAR-100C
CLIP j1cnr21 14.80 16.03 13.85 36.74 14.19 36.14 40.24 38.95 40.56 38.00 48.18 29.53 26.33 21.98 25.91| 29.43
TENT ncrr2i) 14.38 17.34 10.03 49.05 3.71 46.62 51.84 46.71 44.90 47.31 60.58 45.90 33.09 26.47 29.89| 35.19
SAR [cLr22) 22.82 25.10 18.68 44.51 21.78 43.04 47.04 46.75 47.34 44.62 57.00 42.17 31.51 25.09 30.83| 36.55
VTE [Bccvw24] 10.00 10.30 13.30 36.10 20.40 37.90 39.80 42.20 40.80 36.60 45.50 29.20 30.80 17.00 20.70| 28.71
TPT [Neurips'22 14.03 15.25 13.01 37.60 16.41 37.52 42.99 42.35 43.31 38.81 50.23 28.09 28.12 20.43 28.82| 30.46
WATT [New1psi24] 32.07 34.36 30.33 52.99 32.15 50.53 55.30 52.77 53.79 51.49 63.57 52.76 40.90 40.97 39.59 | 45.57
CLIPArTT [wacvozs) 25.32 27.90 25.62 49.88 27.89 47.93 52.70 49.72 49.63 48.77 61.27 48.55 37.45 33.88 36.07| 41.51
BATCLIP rccves) 17.25 19.76 18.98 42.20 19.00 40.81 46.59 41.34 40.14 41.56 53.85 34.07 31.38 25.51 28.96| 33.43
SAT 33.43 35.60 30.94 53.87 35.26 52.77 56.71 54.30 54.92 53.57 64.43 55.01 43.79 44.51 40.83| 47.33
Tiny-ImageNet-C
CLIP jicrri21) 7.08 941 3.44 21.71 9.12 34.52 27.44 32.51 36.33 25.94 40.15 1.81 30.40 22.78 29.59| 22.15
TENT pcLr2i) 8.01 10.04 4.18 24.53 10.09 36.94 29.48 32.20 35.72 27.46 39.79 2.24 31.92 24.79 30.93| 23.22
SAR [1cLr22) 9.09 10.94 3.65 5.50 1.68 14.02 12.08 20.72 24.62 8.37 32.35 0.71 15.32 12.39 25.35| 13.12
VTE [Eccvw2q) 18.63 20.34 4.71 9.62 2.21 30.37 21.68 38.84 40.27 17.41 41.22 0.63 31.64 25.33 37.79| 22.71
TPT [NeuwrIPs 22 9.29 11.70 4.85 27.56 11.03 38.97 34.29 34.45 37.13 28.89 43.31 3.15 33.88 27.70 33.60| 25.32
WATT [Newr1psi24] 13.02 15.94 6.90 29.91 14.01 41.26 33.96 37.76 39.65 32.13 46.93 3.53 35.01 31.55 36.46| 27.87
CLIPArTT (wacves) 14.44 17.44 10.37 31.46 15.84 41.34 35.06 36.86 38.20 33.44 46.43 6.24 33.89 34.85 37.32| 28.88
BATCLIP ricoves) 1196 15.48 10.05 31.89 14.76 43.31 39.07 39.02 39.05 31.91 49.06 5.65 32.79 36.63 39.12| 29.32
SAT 21.40 24.90 17.34 35.39 21.16 46.26 40.93 42.32 44.97 38.60 53.10 11.88 40.73 41.84 42.86| 34.91
ImageNet-C
CLIP ncrr21 11.30 11.58 12.28 20.88 8.92 19.78 17.62 19.92 23.48 25.90 47.34 15.48 17.02 28.00 27.60| 20.47
TENT [crr21) 8.00 7.20 9.20 23.04 10.84 22.86 19.04 21.24 23.86 26.54 48.54 18.32 17.90 30.32 29.66| 21.10
SAR n1cLr22) 13.07 15.69 13.92 22.74 14.53 23.41 19.49 22.65 24.89 29.47 48.39 18.88 19.61 31.68 29.07| 23.17
VTE [Eccvw2q) 7.12 10.24 9.18 27.31 10.27 26.42 27.36 24.28 26.15 31.22 49.37 13.09 14.18 32.44 31.33| 22.66
TPT [NeuwrIPs'22 894 7.22 7.55 2047 9.13 21.78 23.92 24.61 21.54 24.98 40.37 15.22 13.18 30.74 24.63| 20.01
WATT [Neurips24] 7.76 7.06 894 24.16 12.46 25.00 21.52 21.58 24.16 26.62 49.74 21.14 19.90 32.70 32.16| 22.33
CLIPArTT [wacvoes) 14.74 15.10 15.30 10.82 9.02 13.82 12.30 16.96 22.52 19.90 41.78 0.26 12.84 22.80 31.94| 18.15
BATCLIP ricovias)  14.84 15.10 15.52 24.42 17.18 25.64 23.08 25.06 25.58 31.08 49.66 18.44 22.20 33.42 33.02| 24.95
SAT 18.98 24.54 25.04 25.46 21.98 26.34 24.46 27.78 28.74 29.32 41.98 17.90 25.70 26.32 25.68| 26.01

All considered, SAT emerges as a powerful and
reliable TTA approach, where average improve-
ment gains compared to recent methods are
2.2% (BATCLIP), 1.2% (WATT), and 1.9%
(CLIPArTT), showcasing its versatility.

5.3 In-depth studies

Impact of each component. In Fig. |3 we
empirically validate the benefits of each compo-
nent in SAT (each configuration is detailed in
Appendix B.1). The ‘Training-Free OT’ (using

Table 2: Performance comparison under domain shifts.
Results using CLIP ViT-B/32. Best method in bold, second

best underlined.

PACS O-Home VLCS VisDA-3D VisDA-YT

Method (texture / style) (simulated / video) Mean
CLIP 93.65 77.53 80.16 84.43 84.45 84.04
TENT 93.81 77.68 80.27 84.86 84.68 84.26
TPT 93.23 77.20 74.57 79.35 83.57 81.58
CLIPArTT 93.95 77.56 80.06 85.09 84.40 84.21
WATT 94.80 78.83 81.14 85.36 84.69 84.96
BATCLIP 94.52 78.90 80.78 81.97 83.60 83.95
SAT 95.94 80.15 78.33 90.73 85.44 86.12
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Table 3: TTA results using larger CLIP ViT backbones. SAT consistently outperforms baselines across
different architectures.

Mothod a) ViT-B/16 b) ViT-L/14

C10-C C100-C TIN-C IN-C|C10-C C100-C TIN-C IN-C
CLIP 60.15  32.01  20.92 20.89 | 76.04 4459  34.98 32.05
TENT 68.00 37.90  29.78 22.79 | 79.18  50.14  40.28  33.09
TPT 59.75  33.73 26,96 22.35 | 7501  47.58  41.07 30.67
CLIPArTT 7322  40.08 3290 2347 | 78.06 5252  42.98 34.13
WATT 76.22  48.95  31.66 24.38 | 80.06  54.34 4328 36.30
BATCLIP 7352 3885  29.30 27.16 | 83.79 4884 3572 37.07
SAT 80.11 51.24 37.69 28.35| 86.35 62.21 50.36 38.82

OT for assignments but not updating the model) already improves over zero-shot CLIP, demonstrating the
power of our batch-aware assignment. ‘Average Template’ (using an averaged text prototype) provides a
further boost. Finally, our full method, which utilizes ‘Multi-Templates’ knowledge distillation, yields the
largest gains, demonstrating that all components are necessary. The benefit of leveraging multiple textual
semantic views is also supported in Appendix B.5 experiments.

Do observations hold across backbones? Table [3| reports the performance across different datasets when
larger CLIP pre-trained models are employed.

I TENT
EZZ3 CLIPArTT
B WATT
[E=1 BATCLIP
B SAT

1004

804 +10.00%

604
+17.59%

401 (mm cup

A Training-Free OT
B3 Average Template
E=3 Multiple Templates (SAT) H

Runtime (seconds)

TTA accuracy (%)

204

CIFAR-10 CIFAR-10.1 CIFAR-10C CIFAR-100 CIFAR-100C

CIFAR-10 CIFAR-100 Tiny-ImageNet

Dataset
Figure 3: Ablation on each component. Results
of adding each SAT element. Green: Gains vs Zero-  Figure 4: Inference Runtime. Seconds per batch
shot CLIP. (N = 128) on NVIDIA A6000 for ViT-B/32 methods.

Generalization across VLMs. SAT’s principles are also model-agnostic beyond the CLIP pre-training
framework. As shown in Table[d] SAT consistently delivers state-of-the-art performance when applied to a
modern Sigl.IP backbone. These results demonstrate the model-agnostic nature of SAT, as its superiority
remains consistent across different backbones.

Table 4: Performance using SigLIP The gains are even more pronounced on this architec-
. ture, with a 15.0% improvement on CIFAR-100C and
5.4% on ImageNet-C over zero-shot SigLIP, proving
the general applicability of our cross-modal alignment

Method C-10C C-100C Tiny-IN IN-C

SigLIP 59.04  34.76  22.00  26.49 paradigm.
BATCLIP 67.45 39.26 24.72 30.40
SAT 76.20 49.72  26.81 31.92 Computational analysis. Fig. |4 depicts the running

time required for relevant baselines and the proposed
SAT across several datasets. These results expose that different TTA methods, particularly SoTA, substantially
differ in total runtimes. In particular, recent CLIPArTT and WATT constantly increase the required runtime
with the number of classes, driven by their iterative nature. BATCLIP is also highly efficient, yet its runtime
still shows a slight increase as the number of classes grows. In contrast, SAT avoids this overhead by distilling
this information during the adaptation stage and computing multiple text embeddings off-line only once. It
is worth noting that the Sinkhorn algorithm used for generating pseudo-codes is highly efficient, accounting
for only nearly 1% of the total runtime.

10
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6 Conclusions

We have presented Semantic Anchor Transport (SAT), a novel approach for the test-time adaptation of vision-
language models. SAT reformulates TTA as a principled cross-modal alignment problem. It generates robust,
batch-aware pseudo-labels by aligning visual embeddings to fixed text-based semantic anchors using Optimal
Transport. This global assignment strategy fundamentally mitigates the error accumulation demonstrated
by other TTA methods. Furthermore, SAT employs a sophisticated multi-template distillation strategy to
harness diverse textual clues, enhancing robustness without incurring significant computational overhead.
Extensive experiments demonstrate that SAT achieves state-of-the-art performance on TTA across multiple
visual domain shift benchmarks and multi-modal backbones.
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