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Abstract

Large-scale Vision-Language Models (VLMs) have set
new benchmarks in zero-shot learning; however, their per-
formance remains brittle under distribution shifts at test
time. While existing Test-Time Adaptation (TTA) methods
often rely on prompt tuning or input-space optimization, they
incur significant computational overhead and scale poorly
with class cardinality. To bridge this gap, we propose two
lightweight, sample-wise alignment strategies: Image Ma-
trix Adapter (IMA) and Text Matrix Adapter (TMA). Unlike
previous methods, IMA and TMA apply linear corrections di-
rectly in the embedding space, thereby restoring cross-modal
alignment with a single test sample. This approach drasti-
cally reduces memory and computational requirements, as
the adaptation cost remains independent of the number of
target classes. Extensive evaluations across diverse out-of-
distribution (OOD) benchmarks and cross-dataset scenarios
demonstrate that our methods achieve competitive accuracy
while being significantly more efficient than state-of-the-art
prompt-based adaptation, making them ideal for resource-
constrained deployment. The code can be found here.

1. Introduction
Vision–language foundation models (VLMs) [27, 34, 51]
have significantly advanced computer vision. Pretrained
on web-scale image–caption pairs with contrastive learning,
they encode diverse visual concepts through language su-
pervision. Consequently, VLMs have become the de facto
choice for numerous downstream tasks [46, 53], in a zero-
shot setting with out task specific training.

Despite being trained on massive databases [36, 37],
VLMs still suffer significant performance drops under
train–test distribution shifts. They rely on domain-specific
prompts to properly align modalities, yet designing such
prompts is challenging as handcrafted templates are subjec-
tive and often suboptimal, even when assisted by large lan-

*Equal contribution

guage models. To mitigate these issues, recent work adapts
VLMs through prompt learning and fine-tuning. In partic-
ular, prompt tuning [24, 57, 58] learns continuous prompt
embeddings from task-specific training data by optimizing
differentiable prompt representations. While such learned
prompts often outperform handcrafted ones, they remain
closely tied to the training distribution and task character-
istics, limiting generalization beyond the source domain.
Moreover, prompt tuning and other fine-tuning approaches
require annotated data, making them unsuitable for zero-shot
or deployment-time settings where labels are unavailable or
costly. Beyond prompt learning, adaptation strategies rang-
ing from full-model fine-tuning to parameter-efficient meth-
ods [19, 22, 26] have been explored for improving VLM
performance. However, these approaches require labeled
data and may suffer from catastrophic forgetting, limiting
their applicability in annotation-scarce test domains. To ad-
dress these challenges, we focus on the emerging paradigm
of test-time adaptation (TTA) [4, 5, 28, 48], which dynami-
cally adapts pretrained models at inference using only unla-
beled test samples from an unknown target distribution in a
self-supervised manner.

Among various TTA settings, including TTBA (Test-
Time Batch Adaptation), OTTA (Online Test-Time Adapta-
tion), and TTDA (Test-Time Domain Adaptation), episodic
TTA has recently gained attention as a special case of TTBA
with batch size one. Unlike OTTA, which adapts sequentially
and may accumulate noise across unrelated samples, it resets
the model to its pretrained state for each test instance. In
contrast to TTDA, which assumes access to the entire target
dataset and operates offline, it is better suited for realistic
deployment where test samples arrive independently.

In this work, we propose two simple episodic matrix-
based adaptation techniques, IMA and TMA. IMA learns a
linear transformation on the image embedding while keep-
ing textual prototypes fixed, whereas TMA learns a transfor-
mation on the textual prototypes while keeping the image
embedding fixed. Both methods perform single-sample adap-
tation by modifying one modality to better bridge the domain
gap. Importantly, backpropagation is restricted to the embed-
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Figure 1. Overview of the proposed framework for test-time adaptation process within the shared embedding space. While TPT [39]
backpropagates gradients through the large text encoder to optimize learnable prompt, whereas our method uses vanilla Hand-crafted textual
prompt and performs adaptation directly in the embedding space by learning a lightweight transformation matrix. This restricts gradient
computation to the embedding space, resulting in significantly lower memory and computational overhead.

ding space, enabling efficient updates of the transformation
parameters without propagating gradients through the heavy
encoders.

Our main contributions are summarized as follows:
1. We introduce linear transformation-based adaptation

frameworks that operate directly in the shared embed-
ding space, enabling cross-modal alignment at test time
by adapting either of the modalities.

2. The proposed transformations are lightweight, with com-
plexity depending only on the embedding dimensionality
rather than the number of target classes, unlike existing
TTA methods such as TPS [41].

3. Our approach achieves significant reduction in compu-
tation and memory vs. TPT and TTL [21], while being
on par, even slightly memory efficient to peer-embedding
based approach TPS (with ViT-B/32 [8] backbone).

2. Related Work

2.1. Test-Time Adaptation
Test-time adaptation (TTA) aims to adapt a pretrained model
to samples from an unknown target distribution during in-
ference without access to labels or source data. Early work
such as TENT [44] proposed entropy minimization to adapt
Batch Normalization parameters under distribution shifts.
MEMO [54] extends this idea to episodic settings by adapt-
ing network parameters through marginal entropy minimiza-

tion across augmented views of a single test sample.
For VLMs, TPT [39] performs episodic adaptation by op-

timizing textual prompt tokens using entropy minimization.
Several variants further improve this idea: DiffTPT [12]
introduces diffusion-based augmentations for more seman-
tically consistent views, C-TPT [49] enhances prediction
calibration by maximizing average text feature dispersion
(ATFD), and R-TPT [38] improves adversarial robustness
by refining the entropy objective and weighting augmented
views based on reliability. PromptAlign [1] addresses do-
main shift through multimodal prompt alignment with proxy
source statistics, while TTL [21], inspired by LoRA [20],
inserts learnable low-rank matrices into the visual encoder.
Moving adaptation to the feature space, TPS [41] learns
shift vectors for textual prototypes directly in the embedding
space, reducing computational cost but requiring parameters
that scale with the number of target classes. TACT [29]
trims out non-causal components using PCA, assuming
classification-relevant information lies in causal directions.

Another line of work studies online TTA [2, 13, 23, 52,
55, 59] by leveraging historical test samples. While these
approaches follow different strategies like cache-based logits,
residual prototype updates, or statistical memory to improve
adaptation by exploiting accumulated information from prior
test instances. However, these methods depend on the order
of the test stream, where early blocking samples can corrupt
the cache and propagate noisy predictions.



Figure 2. Workflow of Image Matrix Adapter(IMA). 1) Test-Time Matrix Adaptation: For a given test image, multiple augmented
views are generated and their CLIP image embeddings are computed. Augmentations with low zero-shot entropy are selected as confident
views. A lightweight transformation matrix Wv is then optimized in the embedding space by minimizing the marginal entropy of CLIP
similarities between the fixed textual class prototypes and initial transformation applied on the image embeddings. This adapts the image
representation to reduce the domain gap without updating the encoders. 2) Test-Time Inference: Using the learned transformation matrix
Wv , the embedding of the original test image is transformed and compared with the fixed class prototypes using CLIP similarity. The final
prediction is obtained from argmax of the similarity scores of the transformed original image embedding and textual prototypes.

2.2. Prompt Learning for TTA

Foundational models such as CLIP [34] encode rich knowl-
edge that can be transferred to downstream tasks in a zero-
shot setting through prompting. However, performance
is highly sensitive to prompt design, as manually crafted
prompts are often suboptimal. Prompt tuning addresses this
by learning task-specific prompts as a parameter-efficient
alternative to full fine-tuning. For instance, prompt ensem-
bling [34] aggregates predictions from multiple prompts for
improved robustness, while CoOp [58] learns continuous
prompt representations from few-shot data to enhance per-
formance. CoCoOp [57] further conditions prompts on input
instances to improve robustness under distribution shifts.

3. Methodology

3.1. CLIP Background

CLIP (Contrastive Language–Image Pretraining) [34] is a
two-tower architecture consisting of image and text encoders
trained with a contrastive objective on roughly 400M im-
age–caption pairs. The objective aligns embeddings of posi-
tive image–text pairs while pushing apart negative pairs in a
shared embedding space. As a result, classification can be
performed through vision–language similarity rather than a
fixed classifier head, enabling open-vocabulary and zero-shot
recognition without task-specific fine-tuning.

3.2. CLIP for Zero-Shot Image Classification
Let V denote the input image and {ci}Ki=1 the set of K target
classes. In CLIP, the visual encoder fv maps the image to a
d-dimensional embedding fv(V ), while the text encoder ft
maps natural language prompts to the same embedding space.
A predefined prompt p (e.g., “a photo of a”) is prepended
to each class name to form descriptions {pci}Ki=1, which are
encoded as textual prototypes tci = ft(pci). Classification is
performed by computing cosine similarities between fv(V )
and tci , followed by a softmax with temperature τ ; the class
with the highest probability is inferred as the predicted label.

P (y = ci | V ) =
exp(sim(fv(V ), tci)/τ)∑K

k=1 exp(sim(fv(V ), tck)/τ)
(1)

ŷ = argmax
ci

P (y = ci | V ) (2)

3.3. Linear Transformation for Feature Adaptation
Both proposed variants, IMA and TMA, consist of the fol-
lowing three main stages.

3.3.1. Textual Prototype Generation
In this stage, we use the vanilla prompt template pclass, “a
photo of a [class]”, to generate class descriptions and pre-
compute the textual embeddings {tci ∈ Rd}Ki=1 using the
CLIP text encoder, where d denotes the shared embedding



dimensionality. These embeddings are cached prior to adap-
tation. Unlike prompt-learning methods such as TPT [39],
our embedding-space adaptation leaves text encoder outputs
unchanged, allowing cached prototypes to be reused.

3.3.2. Test-Time Matrix Adaptation
During this stage, we learn a lightweight linear correction
matrix to mitigate domain shift caused by misalignment in
the shared embedding space. In the IMA variant, a ma-
trix Wv ∈ Rd×d is applied to image embeddings, while in
TMA a matrix Wt ∈ Rd×d transforms textual prototypes.
Both matrices are initialized as identity. Cosine similarities
are computed between transformed embeddings and textual
prototypes across confident augmented views, producing pre-
diction distributions for each view. The matrix (Wv or Wt) is
then optimized by minimizing the entropy of the combined
marginal distribution, encouraging consistent predictions
across augmentations without relying on pseudo-labels.

3.3.3. Test-Time Inference
Here, the learned transformation matrix is applied to the
corresponding modality. In IMA, Wv transforms the image
embedding, while in TMA, Wt transforms the textual proto-
types. Cosine similarities between the transformed modality
(IMA: image embedding, TMA: textual prototypes) and its
unchanged counterpart produce class-wise scores, followed
by softmax to get the final probability distribution. The class
with the highest probability is selected as the predicted label.

3.4. IMA for Image Classification
The objective of this variant is illustrated in Fig. 2 is to learn
a simple linear correction matrix Wv that is applied to the
image modality in the shared embedding space to mitigate
the domain shift. Given an unlabeled test sample x0 with
its corresponding image embedding v0, we first generate
(N − 1) randomly augmented versions {xj}N−1j=1 using the
augmentation strategy described in AugMix [16], resulting
in a total of N image instances {xj}N−1j=0 , including the orig-
inal sample. Following a strategy similar to TPT [39], we
aim to filter out noisy augmentations that may not preserve
class-discriminative information by introducing a confidence-
based selection mechanism. Specifically, we retain only
those augmented samples whose zero-shot CLIP predictions
exhibit low self-entropy (i.e., high confidence). Using the
masking criterion 1{H(xj) ≤ τ}, we select samples whose
prediction entropy H falls below a threshold τ . Here, τ is an
instance-specific adaptive threshold defined as the entropy
value at ρ− percentile of the self-entropy distribution com-
puted over N augmented views, ranked from low to high
(i.e., from high to low confidence).
Let {x′j}

s−1
j=0 denote the subset of the augmented views that

satisfy the masking criterion, and let {v′j}
s−1
j=0 represent

their corresponding image embeddings obtained by pass-
ing through the image encoder. We then pre-multiply the

learnable matrix Wv with these filtered embeddings to obtain
the corrected image representations of image embeddings
{Wvv

′
j}

s−1
j=0. These transformed embeddings are aligned

with fixed textual prototypes by computing cosine similarity
between each Wvv

′
j and K pre-computed textual embed-

dings, followed by a softmax operation with temperature
parameter τ is applied to get s probability distributions. Dur-
ing the adaptation phase, the matrix Wv is optimized by min-
imizing the Shannon entropy of the resulting marginalized
distribution, thereby encouraging confident and consistent
predictions across the selected augmented views.

L = −
K∑
i=1

p̃(ci | (x0,Wv), tci) · log (p̃(ci | (x0,Wv), tci))

(3)

where p̃(ci | (x0,Wv), tci) =
1

s

s−1∑
j=0

p(ci | (x′j ,Wv), tci)

(4)

and p(ci | (x′
j ,Wv), tci) =

exp(sim((Wvv
′
j), tci)/τ)∑K

k=1 exp(sim((Wvv′j), tck )/τ)
(5)

The objective encourages consistent and confident predic-
tions across multiple augmented views while restricting the
adaptation to the entries of the linear correction matrix Wv

which is the only learnable component throughout the pro-
cess. Once Wv is optimized, it is applied during the inference
phase by pre-multiplying with the original image embedding
v0 to obtain the corrected representation. Cosine similarity
is then computed between this transformed embedding and
all fixed class-specific textual prototypes to produce the final
probability distribution over the target classes. The class
corresponding to the highest probability i.e., the top-1 pre-
diction obtained via the argmax of the logits, is selected as
the final inferred label.

ŷ = argmax
ci

p(y = ci | (x0,W
∗
v ), tci) (6)

where W ∗v represents adapted image matrix

3.5. TMA for Image Classification
The objective of this variant, as illustrated in Fig. 3 is to
learn a simple linear transformation Wt that is applied to
the text modality in the shared embedding space to miti-
gate the domain gap. Given an unlabeled test sample x0

with its corresponding image embedding v0, let {xj}N−1j=0

denote the set of all augmented views including the original
sample, and {x′j}

s−1
j=0 be the subset selected using the same

confidence based filtration procedure as in IMA variant, with
{v′j}

s−1
j=0 representing their corresponding embeddings. We

then pre-multiply the initially unlearned matrix Wt with each
of the pre-computed textual prototypes to obtain corrected
prototypes {Wttci}Ki=1. These fixed, filtered image embed-
dings are aligned with the transformed textual prototypes,



Figure 3. Workflow of Test Matrix (TMA). 1) Test-Time Matrix Adaptation: Given a test image, multiple augmented views are
generated and their CLIP image embeddings are computed. Augmentations with low zero-shot entropy are selected as confident views. A
transformation matrix Wt is optimized to adapt the textual class prototypes in the embedding space by minimizing the marginal entropy of
CLIP similarities between image embeddings and the initial transformation applied on the textual prototypes. 2) Test-Time Inference:
Using the learned transformation matrix Wt, the textual prototypes are transformed while keeping the original image embedding fixed. The
final prediction is obtained from argmax of similarity scores between the image embedding and the transformed textual prototypes.

followed by a softmax operation to produce s probability dis-
tributions. As in IMA, the matrix Wt is optimized during the
adaptation phase by minimizing the Shannon entropy of the
resulting marginalized distribution, thereby encouraging in-
variance in CLIP predictions across the selected augmented
views. During the inference phase, the learned matrix Wt

is pre-multiplied with all pre-computed textual prototypes,
and cosine similarity between the original image embedding
v0 and these transformed prototypes is used to obtain the
final class probability distribution, from which prediction is
determined by the argmax operation.

ŷ = argmax
ci

p(y = ci | x0, (tci ,W
∗
t )) and (7)

p(ci | x0, (tci ,W
∗
t )) =

exp(sim(v0, (W
∗
t tci))/τ)∑K

k=1 exp(sim(v0, (W ∗t tck)/τ)
(8)

where W ∗t represents adapted test matrix.
Algorithms of IMA, TMA are in Section 7 of supplementary.

3.6. Why Linear Transformation?
Let v0 ∈ Rd denote the image embedding of a test sample
and {tci}Ki=1 the textual prototypes for the K target classes.
In IMA, we learn an image-side linear correction Wv ∈
Rd×d, producing the normalized adapted embedding

v0 =
Wvv0

||Wvv0||2
, (9)

whereas in TMA we learn a text-side linear correction Wt ∈
Rd×d, yielding normalized adapted textual prototypes

tci =
Wttci

||Wttci ||2
, i = 1, ...,K. (10)

Under the normalized CLIP embedding space, which can
be viewed as d-dimensional unit sphere, both variants adapt
a single modality so that it moves on the sphere to better
align with the other, fixed modality. We hypothesize that
minimizing the marginal entropy encourages this corrected
modality to move toward the ground-truth direction of its
complementary modality, thereby improving cross-modal
alignment under domain shift. Linear Feature alignment
is also supported in the domain adaptation literature. For
instance, classical methods such as CORAL [42] and its
deep variants demonstrate that linear transformation can
effectively reduce domain discrepancy by aligning feature
statistics. More recent CLIP-based approaches, including
LADS [9] and TADA [15], further indicate that domain
shifts in vision-language models often manifest as structured
geometric changes in the embedding space, which can be
mitigated through linear corrections, at least under simplified
shift scenarios. Additionally, the number of learnable param-
eters in our formulation is fixed at d2 making the memory
overhead independent of the number of target classes.

4. Experimental Results
This section presents the comprehensive evaluation protocol,
tasks, and benchmarks used to assess the effectiveness of
our proposed linear feature transformation variants, IMA
and TMA, which are specifically designed for single-sample



episodic test-time adaptation. We primarily focus on evalu-
ating the model’s generalization capability and report results
on classification benchmarks that measure robustness to nat-
ural distribution shifts as well as cross-dataset generalization
under our adaptation framework.

4.1. Datasets
Following the evaluation protocol of [34], we assess robust-
ness to natural distribution shifts using four ImageNet-based
OOD benchmarks relative to ImageNet [7]. ImageNet-
V2 [35] provides a re-collected test set of 10k images re-
flecting distribution shifts. ImageNet-A [18] contains 7.5k
naturally occurring adversarial examples across 200 classes.
ImageNet-R [17] includes 30k artistic renditions of Ima-
geNet categories, and ImageNet-Sketch [45] consists of 50k
sketches evaluating shape-based generalization.

To evaluate cross-dataset generalization, we further test
on ten diverse benchmarks spanning multiple visual do-
mains: fine-grained recognition (Flowers102 [32], Ox-
fordPets [33]), transportation (StanfordCars [25], FGVC-
Aircraft [31]), scenes (SUN397 [47]), textures (DTD [6]),
food (Food101 [3]), actions (UCF101 [40]), satellite im-
agery (EuroSAT [14]), and general object recognition
(Caltech101 [11]).

4.2. Implementation Details
We adopt CLIP [34] with a ViT-B/32 [8] image encoder and
Transformer [43] text encoder. For each test sample, we
generate 63 augmented views using AugMix [16], resulting
in 64 views including the original image. A confidence
selection module is applied to retain views corresponding
to bottom 10th percentile (ρ = 0.1) for MEM in terms of
their entropy. The softmax temperature τ is set to 0.07.
We optimize using AdamW [30] with learning rates 5 ×
10−3 for ImageNet OOD benchmarks and 1 × 10−3 for
cross-dataset evaluation. The transformation matrices Wv

(IMA) and Wt (TMA) are initialized as identity, preventing
the adapted embeddings to largely deviate from pretrained
representation during optimization, both of which tuned for
a single adaptation step. Class prototypes are built using the
vanilla prompt template “a photo of a” followed by the class
name, and Top-1 accuracy is reported.

4.3. Baselines
We compare our approach with standard zero-shot inference
using vanilla prompt template as well as several existing
Back-propgataion based TTA methods, all built upon CLIP
ViT-B/32 [8] backbone, which serves as our primary baseline.
The evaluated TTA approaches include episodic methods
such as TPT [39], C-TPT [49], R-TPT [38], which performs
textual prompt tuning at test time; TPS [41], which shifts
textual prototypes in embedding space; TTL [21] which
adapts in encoder space by introducing low rank matrices.

4.4. Aggregation strategy for Augmented Views
For both IMA and TMA, we employ a confidence selection
module by default, where only augmented views with low
prediction entropy are used to construct the marginal distri-
bution for entropy minimization. This filtered aggregation
suppresses unreliable views under distribution shift and sta-
bilizes adaptation. We also evaluate a TTL [21] inspired
variant that retains all augmented views. Instead of marginal
aggregation, it minimizes a confidence-weighted entropy
objective over individual views, where weights derived from
zero-shot entropy assign higher importance to low-entropy
views and vice versa. The weights remain fixed while opti-
mizing the transformation matrix (Wv for IMA and Wt for
TMA), with all other components unchanged. We denote
default variant as IMA/TMA + Filtered Augmentations and
weighted variant as IMA/TMA + All Augmentations.

4.4.1. Adaptation Phase For Weighted Variant

L(W ) =
1

N

N−1∑
j=0

αjHj(W ) (11)

Hj(W ) = −
K∑
i=1

p(ci | (xj , tci ,W )) log(p(ci | (xj , tci ,W ))

(12)
where Hj is per view entropy loss p(ci | (xj , tci ,W )) can
be computed according to (5) for IMA and (8) for TMA
variant respectively.

Here, the weights αj for each of augmented view xj are
computed from its zero-shot prediction entropy as

αj =
1

exp(Hzs
j − ϵ)

, ϵ = 0.4. (13)

Hzs
j = −

K∑
i=1

p(ci | (xj , tci)) log(p(ci | (xj , tci))) (14)

where Hzs
i is per-view zero-shot prediction entropy.

4.4.2. Inference Phase For Weighted Variant
The label can be inferred using original test sample x0 and
adapted transformation W ∗ similar to default variant as

ŷ = argmax
ci

p(ci|(x0, tci ,W
∗)) (15)

4.5. Results
4.5.1. Natural Distribution Shifts
Table 1 reports Top-1 accuracy on ImageNet and its OOD
variants compared with zero-shot CLIP [34] and prior TTA
methods using the ViT-B/32 [8] backbone. Our lightweight
embedding-space transformation consistently improves ro-
bustness under distribution shift. In particular, TMA + Fil-
tered Augmentations achieves the best performance among
our variants, improving the OOD average by 4.32% over



Method ImageNet ImageNet-A ImageNet-V ImageNet-R ImageNet-S Average OOD Average

CLIP-ViT-B/32 62.22 29.53 54.77 66.23 40.84 50.68 47.84

Existing Back-propagation based TTA approaches

TPT [39] 63.44 33.11 56.23 69.10 41.09 52.59 49.88
C-TPT [49] 63.85 32.43 56.42 68.45 42.18 52.67 49.87
R-TPT [38] 64.25 36.61 57.96 69.94 41.60 54.07 51.53
TTL [21] 64.27 36.15 57.79 70.86 42.83 54.38 51.91
TPS [41] 64.25 35.60 57.42 70.05 42.48 53.96 51.39

Ours

TMA (FA) 64.26 38.01 57.47 70.47 42.70 54.58 (+3.90) 52.16 (+4.32)

IMA (FA) 64.13 38.03 57.45 70.44 42.54 54.52 (+3.84) 52.12 (+4.28)

TMA (AA) 64.50 35.87 57.79 70.19 43.26 54.32 (+3.64) 51.78 (+3.94)

IMA (AA) 64.27 36.09 57.78 70.15 42.97 54.25 (+3.57) 51.75 (+3.91)

Table 1. Acc@1 (in %) on Imagenet variants under natural distribution shifts. FA and AA denote Filtered and All Augmentation Strategies.

APPROACH Caltech101 Pets Cars Flowers Food101 Aircraft SUN397 DTD EuroSAT UCF101 Average

CLIP-ViT-B/32 91.36 85.06 60.14 64.03 77.37 18.06 62.06 42.97 35.81 61.64 59.85

Existing Back-propagation based TTA approaches

TPT [39] 92.33 86.26 62.22 65.77 78.59 19.47 64.12 43.74 35.74 62.44 61.07
C-TPT [49] 92.05 85.99 60.91 65.85 77.72 18.06 63.63 44.56 34.20 62.12 60.51
R-TPT [38] 87.02 85.85 52.13 62.53 68.39 19.65 61.33 40.78 28.86 58.00 56.45
TTL [21] 91.85 86.21 62.84 63.22 78.42 18.72 64.30 44.27 32.09 61.99 60.39
TPS [41] 92.49 85.80 62.79 64.35 78.60 19.44 63.92 44.09 35.68 62.20 60.94

Ours

TMA (FA) 91.93 85.36 61.91 62.65 77.76 20.25 63.72 42.97 33.68 61.67 60.19 (+0.34)

IMA (FA) 91.81 85.45 61.11 62.65 77.58 20.13 63.37 42.67 33.05 61.43 59.92 (+0.08)

TMA (AA) 92.09 85.58 63.08 62.61 77.90 20.58 64.42 43.68 32.96 61.54 60.45 (+0.60)

IMA (AA) 91.89 85.47 61.85 62.65 77.59 20.61 64.30 43.20 31.51 61.35 60.04 (+0.19)

Table 2. Acc@1 (in %) on cross-dataset benchmarks. FA and AA denote Filtered and All Augmentation Strategies.

zero-shot CLIP and surpassing TPT [39] by 2.28%. The
method also surpasses all episodic TTA baselines despite
using a significantly lighter adaptation mechanism.

4.5.2. Cross-Dataset Generalisation

Table 2 reports cross-dataset generalization results. Among
our variants, TMA + All Augmentations achieves the best av-
erage accuracy (underlined) , while maintaining lightweight
embedding-space adaptation. All variants consistently im-
prove over zero-shot CLIP. Filtered augmentations perform
slightly better on ImageNet-OOD, suggesting that remov-
ing unreliable views is beneficial under severe distribution
shifts. In contrast, retaining all augmentations improves

performance on fine-grained datasets by capturing subtle
semantic variations. The small gap between the two indi-
cates that the learned transformation is the primary source
of improvement, with the aggregation strategy providing a
secondary, task-dependent refinement. Additional results of
episodic TTA methods are in Section 8 of the supplementary.

4.6. Ablation Studies
4.6.1. Compute and Memory Analysis
Table 3 compares adaptation time and GPU memory usage
of our method with representative TTA approaches operat-
ing at different levels: input prompt space (TPT), encoder
parameters (TTL), and embedding space (TPS). Our method



Approach Adaptation Time
(s / 1000 samples) Memory (GB)

TPT [39] 1310.62± 1.55 26.11

TTL [21] 111.09± 1.61 2.59

TPS [41] 69.66± 0.72 0.78

Ours

IMA (FA) 68.92± 1.14 0.72

TMA (FA) 69.93± 0.82 0.72

Table 3. Average Adaptation Time and Memory Consumption of
different approaches on 1000 ImageNet test samples with CLIP
ViT-B/32. Note that FA stands for ‘Filtered Augmentations.’

Approach Vanilla
Prompt CoOp Ensemble

CLIP-ViT-B/32 47.84 48.395 49.795

Ours

TMA (FA) 52.16 (+4.32) 52.41 (+4.02) 54.05 (+4.26)

IMA (FA) 52.12 (+4.28) 52.36 (+3.97) 54.02(+4.23)

TMA (AA) 51.78 (+3.94) 51.84 (+3.45) 53.55 (+3.75)

IMA (AA) 51.75 (+3.91) 51.79 (+3.40) 53.48 (+3.69)

Table 4. Effect of different textual prototype initializations. We
report Acc@1 (in %) of ours comparing with zero-shot CLIP. FA
and AA denote ‘Filtered’ and ‘All Augmentations’, respectively.

achieves the lowest memory footprint while maintaining
highly efficient adaptation time, slightly outperforming TPS.
Importantly, unlike methods whose parameter size scales
with the number of target classes, our approach uses a fixed
number of learnable parameters, making it particularly ad-
vantageous in large-class settings. Similar trends are ob-
served for other variants of our framework, highlighting
the efficiency of lightweight feature-space realignment com-
pared to prompt- or encoder-based adaptation.

4.6.2. Effect of Different Textual Prototypes
To study the impact of textual prototype quality, we eval-
uate all four variants of our method on OOD benchmarks
of ImageNet using different prompt initialization strategies:
the default vanilla prompt, CoOp [58] learned prompts, and
prompt ensembling with 80 handcrafted templates from
CLIP [34]. Table 4 shows that stronger textual prototypes
consistently improve performance. CoOp yields modest
but stable gains, while prompt ensembling provides the
largest improvements (e.g., TMA+Filtered Augmentations:
52.16% → 54.05%). Importantly, the improvements over

Figure 4. Impact of number of augmented views and optimiza-
tion steps on mean adaptation performance across Imagenet-OOD
datasets using CLIP ViT-B/32 backbone as image encoder.

zero-shot CLIP remain significant across all prompt initial-
izations, indicating that the primary gains stem from our
linear adaptation, with stronger textual prototypes providing
an additional orthogonal boost.

4.6.3. Effect of Augmentations and Adaptation Steps
We analyze the effect of augmentation count and adaptation
steps in Fig. 4. Although our main experiments use 64 aug-
mentations, the method already outperforms zero-shot CLIP
by over 1.75% on ImageNet-OOD with only 16 views. Per-
formance improves consistently with more augmentations,
suggesting that additional views provide more reliable statis-
tics for entropy minimization and feature realignment. In
contrast, increasing the number of optimization steps does
not yield noticeable gains, a single step already achieves
the best accuracy while avoiding unnecessary computation.
Hence, we adopt one-step adaptation as our default setting.

5. Conclusion
We present a test-time adaptation framework that uses
lightweight linear transformations to mitigate domain-
induced degradation in CLIP-based classification. Rather
than tuning pretrained encoders or adding prompt param-
eters, our method performs instance-level feature-space
realignment via entropy-guided optimization. This enables
adaptation without altering the pretrained model, preserving
its semantic structure while correcting cross-modal misalign-
ment under distribution shifts. A key edge is that the number
of learnable parameters depends only on the embedding
dimensionality and is independent of the number of target
classes, enabling natural scalability to large-vocabulary
settings. Despite its simplicity, the approach consistently
improves over zero-shot CLIP and remains competitive
with prompt- and encoder-based TTA methods across both
natural distribution shifts and cross-dataset benchmarks,
while requiring substantially lower computational and
memory overhead. These findings suggest that minimal,
geometry-aware feature correction in the shared embedding
space can effectively bridge domain gap, providing a cost-
efficient alternative to parameter-heavy adaptation strategies.
We hope this work encourages further exploration of
lightweight feature-space adaptation for VLMs in resource-
constrained and dynamically shifting test environments.
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Supplementary Material

6. Overview of Benchmark Details

(a) Caltech101 (b) Oxford Pets

(c) Stanford Cars (d) Oxford Flowers

(e) Food101 (f) FGVC Aircraft

(g) SUN397 (h) DTD

(i) EuroSAT (j) UCF101

Figure 5. Visualization on Fine-grained classification datasets.

(a) ImageNet-A (b) ImageNet-V

(c) ImageNet-R (d) ImageNet-S

(e) ImageNet

Figure 6. Visualization on ImageNet and OOD variants.

6.1. Fine-grained Classification Datasets
To further evaluate cross-dataset generalization, we conduct
experiments on ten diverse and publicly available image
classification benchmarks spanning a wide range of visual
domains. These include fine-grained recognition tasks such
as Flowers102 [32] (102 classes, 2,463 test images) and Ox-
fordPets [33] (37 classes, 3,669 test images), transportation
categories including StanfordCars [25] (196 classes, 8,041
test images) and FGVC-Aircraft [31] (100 classes, 3,333
test images), and scene understanding with SUN397 [47]
(397 classes, 19,850 test images). We also evaluate tex-
ture recognition on DTD [6] (47 classes, 1,692 test images),
food classification on Food101 [3] (101 classes, 30,300 test
images), human action recognition on UCF101 [40] (101
classes, 3,783 test images), satellite imagery classification on
EuroSAT [14] (10 classes, 8,100 test images), and general ob-
ject categorization using Caltech101 [11] (100 classes, 2,465
test images). Together, these datasets vary substantially in
granularity, visual complexity, and semantic structure, pro-
viding a comprehensive testbed for evaluating the ability of
our approach to adapt across heterogeneous domains.

6.2. ImageNet and its OOD variants
We assess robustness to natural distribution shifts using
four ImageNet variants that are commonly treated as
out-of-distribution (OOD) benchmarks with respect to the
original ImageNet [7] dataset. The standard ImageNet
validation set contains 1,000 classes and 50,000 test images.
These OOD benchmarks provide a standardized and realistic
setting for measuring performance degradation under
domain changes.

ImageNet-V2 [35] contains 1,000 classes and 10,000 test
images and is an independently curated dataset collected
from sources distinct from the original ImageNet distribu-
tion to capture natural distribution shifts. ImageNet-A [18]
consists of 200 classes and 7,500 naturally occurring ad-
versarial images, designed to expose model failures under
challenging yet realistic visual conditions. ImageNet-R [17]
includes 200 classes and approximately 30,000 artistic and
non-photographic renditions of ImageNet categories, such
as paintings and sketches, evaluating robustness to signifi-
cant appearance variations. Finally, ImageNet-Sketch [45]
contains 1,000 classes and 50,889 black-and-white sketch
images, testing on shape-driven representations.



7. Detailed Algorithmic Descriptions

In this section, we provide detailed algorithmic descriptions
of the proposed Image Matrix Adapter (IMA) and Text Ma-
trix Adapter (TMA) methods. The procedures outline the
key computational steps involved in performing embedding-
space transformations during test-time adaptation.

Algorithm 1: Image Matrix Adapter (IMA)
Input: Input sample x0

Pre-trained frozen image encoder fv
Pre-computed textual prototypes {tci ∈ Rd}Ki=1
Set of augmentationsA
Number of additional augmentations (N − 1)
Aggregation Strategy mode (Filtered/All)
AdamW optimizer Opt

Output: Predicted class label ci from the K classes

1 function ADAPT(x0, fv , {tci}
K
i=1,A, N , Opt, mode)

2 Sample x1, x2, ..., xN−1 ∈ U(A)

3 vj = fv(xj) ∈ Rd, for j = 0 to N - 1

4 Compute p(ci | (xj , tci )) =
exp((vT

j tci )/τ)∑K
k=1 exp((vT

j tck )/τ)

for j ∈ {0, 1, . . . , N − 1}

5
H(xj) = −

K∑
i=1

p(ci | (xj , tci )) log(p(ci | (xj , tci )))

for j ∈ {0, 1, . . . , N − 1}

6 Initialize Wv ← Id×d

7 if mode = Filtered then
8 S = {xj : 1{H(xj) ≤ τ}} where,

τ = Percentileρ({H(xj)}N−1
j=0 )

The set {x′
j}

s−1
j=0 ≡ S denote Filtered Augmentations

9 v′
j = fv(x

′
j) for j ∈ {0, 1, . . . , s− 1}

10 Compute

p̃(ci | (x0,Wv), tci ) =
1

s

s−1∑
j=0

p(ci | (x′
j ,Wv), tci ) where

p(ci | (x′
j ,Wv), tci ) =

exp(sim((Wvv
′
j), tci )/τ)∑K

k=1 exp(sim((Wvv′
j), tck )/τ)

11 Compute L by eq 3 using p̃

12 end
13 else if mode = All then
14 Compute αj by eq 13, for j ∈ {0, 1, . . . , N − 1}
15 Compute L by eq 11, where W = Wv

16 end

17 Compute ∂L
18 Update Wv := Wv −Opt(∂L)
19 Return Wv

20 end

21 function INFERENCE(x0, fv , {tci}
K
i=1,A,N , Opt, mode)

22 v0 = fv(x0)

23 W∗
v = ADAPT(x0, fv, {tci}

K
i=1,A,N ,Opt,mode)

24 vnew
0 =

W∗
v v0

∥W∗
v v0∥2

25 Compute p(ci | (x0,W
∗
v ), tci ) =

exp((vnew
0 )T tci )∑K

k=1 exp((vnew
0 )T tck )

for i ∈ {1, 2, . . . , K}

26 Return argmaxci
p(ci | (x0,W

∗
v ), tci )

27 end

Algorithm 2: Text Matrix Adapter (TMA)
Input: Input sample x0

Pre-trained frozen image encoder fv
Pre-computed textual prototypes {tci ∈ Rd}Ki=1
Set of augmentationsA
Number of additional augmentations (N − 1)
Aggregation Strategy mode (Filtered/All)
AdamW optimizer Opt

Output: Predicted class label ci from the K classes

1 function ADAPT(x0, fv , {tci}
K
i=1,A, N , Opt, mode)

2 Sample x1, x2, ..., xN−1 ∈ U(A)

3 vj = fv(xj) ∈ Rd, for j = 0 to N - 1

4 Compute p(ci | (xj , tci )) =
exp((vT

j tci )/τ)∑K
k=1 exp((vT

j tck )/τ)

for j ∈ {0, 1, . . . , N − 1}

5
H(xj) = −

K∑
i=1

p(ci | (xj , tci )) log(p(ci | (xj , tci )))

for j ∈ {0, 1, . . . , N − 1}

6 Initialize Wt ← Id×d

7 if mode = Filtered then
8 S = {xj : 1{H(xj) ≤ τ}} where,

τ = Percentileρ({H(xj)}N−1
j=0 )

The set {x′
j}

s−1
j=0 ≡ S denote Filtered Augmentations

9 v′
j = fv(x

′
j) for j ∈ {0, 1, . . . , s− 1}

10 Compute

p̃(ci | x0, (tci ,Wt)) =
1

s

s−1∑
j=0

p(ci | x′
j , (tci ,Wt)) where

p(ci | x′
j , (tci ,Wt)) =

exp(sim(v′
j , (Wttci ))/τ)∑K

k=1 exp(sim(v′
j , (Wttck ))/τ))

11 L = −
K∑

i=1

p̃(ci | x0, (tci ,Wt)) log(p̃(ci | x0, (tci ,Wt)))

12 end
13 else if mode = All then
14 Compute αj by eq 13 (in main), for j ∈ {0, 1, . . . , N − 1}
15 Compute L by eq 11 (in main), where W = Wt

16 end

17 Compute ∂L
18 Update Wt := Wt −Opt(∂L)
19 Return Wt

20 end

21 function INFERENCE(x0, fv , {tci}
K
i=1,A,N , Opt, mode)

22 v0 = fv(x0)

23 W∗
t = ADAPT(x0, fv, {tci}

K
i=1,A,N ,Opt,mode)

24 tnew
ci

=
W∗

t tci
∥W∗

t tci
∥2

, for i ∈ {1, 2, . . . , K}

25 Compute p(ci | x0, (tci ,W
∗
t )) =

exp((vT
0 tnew

ci
)∑K

k=1 exp((vT
0 tnew

ck
)

for i ∈ {1, 2, . . . , K}

26 Return argmaxci
p(ci | x0, (tci ,W

∗
t ))

27 end

8. Additional Experimental Results
This section contains results other episodic approaches such
as ZERO, MTA and RLCF using our default setting (ViT-
B/32 backbone). Also, results are reported using baselines
in Section 4 of main paper with CLIP ViT-B/16 and RN50.



APPROACH TPT TTL TPS ZERO [10] MTA [50] RLCF [56] TMA (FA) IMA (FA) TMA (AA) IMA (AA)

ImageNet [39] 63.44 64.27 64.25 65.31 64.79 63.64 64.26 64.13 64.50 64.27
ImageNet OOD [49] 49.88 51.91 51.39 50.88 51.60 51.14 52.16 52.12 51.78 51.75

Table 5. Results on cross-dataset benchmarks with ViT-B/32 backbone. FA and AA denote Filtered and All Augmentation Strategies. We
report Acc@1 (in %). The best result across all methods is shown in bold.

APPROACH Caltech101 Pets Cars Flowers Food101 Aircraft SUN397 DTD EuroSAT UCF101 Average

CLIP-ViT-B/16 93.31 88.25 65.33 67.40 83.64 23.91 63.05 44.39 42.22 65.24 63.68

Existing Back-propagation based TTA approaches

TPT [39] 94.04 87.71 66.48 69.47 84.46 24.00 65.19 46.04 42.37 67.27 64.70
C-TPT [49] 93.63 88.83 65.96 69.18 83.92 24.03 64.42 45.45 39.65 66.03 64.11
R-TPT [38] 89.70 86.81 62.87 67.19 80.46 24.39 63.76 42.85 32.37 61.93 61.23
TTL [21] 93.83 87.74 66.78 67.24 84.08 25.11 65.14 45.15 42.73 67.51 64.53
TPS [41] 94.00 87.14 67.03 67.64 84.25 24.27 64.64 45.69 43.54 66.69 64.49

Ours

TMA (FA) 93.47 86.35 66.26 66.75 83.20 24.60 64.77 44.62 40.56 66.27 63.69

IMA (FA) 93.35 86.29 65.69 66.50 82.84 24.54 64.53 44.62 39.58 66.27 63.42

TMA (AA) 93.43 87.08 66.47 66.54 83.55 25.11 65.17 44.27 38.01 66.40 63.60

IMA (AA) 93.23 86.86 65.86 66.30 83.26 24.75 65.17 44.03 36.05 66.48 63.20

Table 6. Results on cross-dataset benchmarks with ViT-B/16 backbone. FA and AA denote Filtered and All Augmentation Strategies. We
report Acc@1 (in %). The best result across all methods is shown in bold, while the best result of our method is underlined.

APPROACH Caltech101 Pets Cars Flowers Food101 Aircraft SUN397 DTD EuroSAT UCF101 Average

CLIP-RN50 85.68 83.62 55.29 61.67 73.96 15.69 59.25 40.43 23.69 58.90 55.81

Existing Back-propagation based TTA approaches

TPT [39] 86.82 84.71 57.11 62.48 74.93 16.20 60.87 41.55 24.00 60.64 56.93
C-TPT [49] 86.61 83.43 55.47 62.44 74.29 16.68 60.56 41.25 23.19 59.34 56.33
R-TPT [38] 71.08 82.99 50.54 59.40 66.95 15.96 55.67 37.71 19.69 50.30 51.03
TPS [41] 87.22 84.19 57.16 61.75 74.54 17.22 60.42 40.84 26.00 59.82 56.92

Ours

TMA (FA) 86.41 83.40 57.28 59.44 71.89 16.62 59.92 40.19 23.17 58.97 55.73

IMA (FA) 86.21 83.43 56.87 59.07 71.60 15.87 59.50 39.30 22.60 58.79 55.32

TMA (AA) 85.35 83.97 57.82 59.72 72.32 17.79 60.49 40.96 16.07 59.37 55.39

IMA (AA) 85.07 83.81 57.18 59.32 71.80 17.10 60.16 40.48 15.74 59.00 54.97

Table 7. Results on cross-dataset benchmarks with ResNet-50 backbone. FA and AA denote Filtered and All Augmentation Strategies. We
report Acc@1 (in %). The best result across all methods is shown in bold, while the best result of our method is underlined.



Method ImageNet-A ImageNet-V ImageNet-R ImageNet-S OOD Average

CLIP-ViT-B/16 47.80 60.84 73.99 46.15 57.20

Existing Back-propagation based TTA approaches

TPT [39] 52.89 62.57 76.92 47.36 59.94
C-TPT [49] 50.55 62.43 75.67 47.19 58.96
R-TPT [38] 47.71 60.59 74.14 42.75 56.30
TTL [21] 55.21 62.97 77.24 47.56 60.75
TPS [41] 55.23 62.88 76.61 47.66 60.60

Ours

TMA (FA) 56.47 62.77 76.53 47.24 60.75

IMA (FA) 56.55 62.62 76.46 47.19 60.71

TMA (AA) 54.57 63.10 76.22 47.51 60.35

IMA (AA) 54.41 63.04 76.22 47.32 60.25

Table 8. Results on ImageNet-OOD datasets using the ViT-B/16 backbone. We report Acc@1 (in %). FA and AA denote the Filtered and
All augmentation strategies, respectively. The best result across all methods is shown in bold.

Method ImageNet-A ImageNet-V ImageNet-R ImageNet-S OOD Average

CLIP-RN50 21.84 51.52 56.09 33.34 40.70

Existing Back-propagation based TTA approaches

TPT [39] 25.54 52.61 58.93 35.17 43.06
C-TPT [49] 23.96 54.14 56.67 34.68 42.36
R-TPT [38] 24.35 54.12 57.73 33.87 42.52
TPS [41] 27.18 52.84 57.34 34.92 43.07

Ours

TMA (FA) 26.40 53.14 57.25 33.56 42.64

IMA (FA) 26.29 52.68 56.78 32.91 42.17

TMA (AA) 25.39 53.36 57.54 34.28 42.65

IMA (AA) 25.65 52.97 56.93 34.00 42.39

Table 9. Results on ImageNet-OOD datasets using the RN50 backbone. We report Acc@1 (in %). FA and AA denote the Filtered and All
augmentation strategies, respectively. The best result across all methods is shown in bold, while the best result of our method is underlined.



Ground Truth : stingray; CLIP Zero-Shot Prediction : hermit crab

Ground Truth : bald eagle; CLIP Zero-Shot Prediction : goose

Ground Truth : green iguana; CLIP Zero-Shot Prediction : american bullfrog

Ground Truth : harvestman; CLIP Zero-Shot Prediction : rhinoceros beetle

Ground Truth : lorikeet; CLIP Zero-Shot Prediction : wine bottle

Figure 7. Visualization of embedding transformations under different adaptation strategies. In each row, the leftmost image corresponds to
the raw test sample from the ImageNet-A [18] dataset. All subsequent plots visualize the corresponding image embeddings and textual
prototypes projected onto a 2D space using t-SNE for interpretability. The second plot shows the original zero-shot embedding configuration
of CLIP ViT-B/32 [8], where it predicts incorrectly i.e., it is giving lesser similarity score to ground truth class label. The remaining four
plots illustrate the effect of the proposed linear adaptation strategies: IMA with Filtered Augmentations (FA), IMA with All Augmentations
(AA), TMA with Filtered Augmentations (FA), and TMA with All Augmentations (AA). Through entropy minimization, these adaptations
adjust the image or text embeddings to increase the confidence of the ground-truth label, effectively making it argmax in the final inference
aligning the model prediction with the correct class. The markers of legend denote image and text embeddings. Dashed arrows denote cosine
similarity between embeddings, while bold arrows signify the direction of embedding transformations in the projected space.
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