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Abstract
Vision-language models (VLMs) exhibit remarkable zero-shot capa-
bilities but struggle with distribution shifts in downstream tasks
when labeled data is unavailable, which has motivated the devel-
opment of Test-Time Adaptation (TTA) to improve VLMs’ perfor-
mance during inference without annotations. Among various TTA
approaches, cache-based methods show promise by preserving his-
torical knowledge from low-entropy samples in a dynamic cache
and fostering efficient adaptation. However, these methods face
two critical reliability challenges: (1) entropy often becomes un-
reliable under distribution shifts, causing error accumulation in
the cache and degradation in adaptation performance; (2) the final
predictions may be unreliable due to inflexible decision boundaries
that fail to accommodate large downstream shifts. To address these
challenges, we propose a Reliable Test-time Adaptation (ReTA)1
method that integrates two complementary strategies to enhance
reliability from two perspectives. First, to mitigate the unreliabil-
ity of entropy as a sample selection criterion for cache construc-
tion, we introduce Consistency-aware Entropy Reweighting (CER),
which incorporates consistency constraints to weight entropy dur-
ing cache updating. While conventional approaches rely solely on
low entropy for cache prioritization and risk introducing noise,
our method leverages predictive consistency to maintain a high-
quality cache and facilitate more robust adaptation. Second, we
present Diversity-driven Distribution Calibration (DDC), which
models class-wise text embeddings as multivariate Gaussian distri-
butions, enabling adaptive decision boundaries for more accurate
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predictions across visually diverse content. Extensive experiments
demonstrate that ReTA consistently outperforms state-of-the-art
methods, particularly under real-world distribution shifts.
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1 Introduction
Large-scale vision-language models (VLMs), such as CLIP [33]
and ALIGN [18], pre-trained on massive web-scale datasets, have
demonstrated impressive zero-shot capabilities and strong open-
world visual understanding across a wide range of vision tasks,
including classification [7, 40, 41], retrieval [17, 45], and segmenta-
tion [11, 19]. Their core mechanism involves learning a shared rep-
resentation space by aligning visual and textual modalities during
training, and subsequently employing similarity-based matching
for classification at inference. However, VLMs often suffer from per-
formance degradation when deployed on unlabeled test data from
downstream domains that exhibit significant distribution shifts
from their pre-training distribution [2, 27, 46], limiting their effec-
tiveness in real-world scenarios with diverse visual variations.

Test-time adaptation (TTA) strategies have recently emerged
to boost VLMs’ capacity for adaptation to downstream out-of-
distribution scenarios without relying on labeled data. Initial efforts
focused on prompt-based approaches [1, 10, 37], which adapt vision-
language models by learning domain-specific prompts to minimize
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(a) (b)
Figure 1: Impact of cache reliability on test-time adaptation
performance. (a): Accuracy of samples stored in the cache
during testing. (b): Accuracy of test samples during testing.
As adaptation progresses, baseline methods show significant
degradation in cache quality, while our proposed ReTA con-
sistently maintains more reliable samples and further im-
proves prediction accuracy under distribution shifts via adap-
tive decision boundaries.

the entropy of predictions from augmented test samples. While
effective, these methods typically require iterative backpropagation
through the entire encoder, leading to substantial computational
overhead. Recently, cache-based TTA methods [20, 49, 51, 52] have
gained significant attention for their efficiency and are rapidly
emerging as a dominant paradigm. These approaches typically
construct a dynamic cache that is updated online as new data ar-
rives. High-confidence samples are selected based on the entropy
of VLM predictions to populate the cache, which serves as histori-
cal knowledge to calibrate model predictions either in a training-
free manner or with minimal parameter adjustments. For example,
TDA [20] introduces dynamic caches to generate both positive and
negative predictions for precise prediction refinement. DMN[52]
constructs complementary memory banks to exploit both long-
term and short-term knowledge for enhanced adaptation. DPE [49]
employs dual-modal residual learning to extract more accurate
multi-modal representations while maintaining alignment between
visual and textual prototypes. These cache-based approaches offer
notable computational efficiency with minimal overhead, making
them particularly well-suited for resource-constrained applications.

Despite advances in cache-based TTA methods, reliable adap-
tation of VLMs under significant distribution shifts—particularly
visual variations such as lighting changes, style differences, or
domain gaps between training and testing—remains a critical chal-
lenge. First, these approaches [20, 49, 51] generally rely on entropy
for cache prioritization. However, prior studies [8, 16, 21] show that
entropy-based measures become unreliable in unlabeled test-time
scenarios, leading to suboptimal cache construction. Furthermore,
our observations indicate that the accuracy of samples stored in the
cache progressively declines as testing proceeds (as shown in Fig-
ure 1a), further validating the unreliability of entropy as a measure
of sample quality. These low-quality samples inevitably introduce
noise into the cache, causing the cached class-wise representations
to diverge from their true distribution over time, which significantly
limits performance improvements (see Figure 1b). Second, the de-
cision boundaries of VLMs become unreliable under distribution

Text embedding

Image embedding

Distribution Center

Decision boundary

Figure 2: Decision boundary visualization. Left: Conventional
cache-based TTA uses fixed text embeddings, creating rigid
boundaries that strugglewith distribution shifts. Right: ReTA
implements adaptive distributionmodeling for more flexible
boundaries that better accommodate visual variations.

shifts to unlabeled target domains. Even with TTA, these models
struggle to adapt effectively, as their boundaries lack the flexibil-
ity to accommodate such shifts, leading to unreliable predictions.
Although some methods [49, 52] attempt to refine the decision
boundaries using mean textual prototypes derived from enriched
prompts, they still lack the flexibility to handle intra-class diversity
shifts, exemplified by the misalignment of blue image embeddings
from their corresponding blue text embeddings in Figure 2.

To address these issues, we propose Reliable Test-time Adapta-
tion (ReTA), a method designed to improve the reliability of VLMs
under distribution shifts caused by natural visual variations. ReTA
integrates an entropy reweighting strategy and a distribution cali-
bration technique to enhance adaptation performance. Specifically,
we introduce Consistency-aware Entropy Reweighting (CER) to
identify reliable samples for cache prioritization. CER constructs
adjacent class-specific textual representations as a voting commit-
tee [28, 35, 43], evaluating prediction consistency across multiple
semantic perspectives to identify reliable samples. By prioritizing se-
mantically consistent samples during cache updates, CER promotes
the retention of high-quality image features in the cache, mitigating
distribution drift and enhancing adaptation stability. Furthermore,
to improve the reliability of predictions under visual diversity, we
propose Diversity-driven Distribution Calibration (DDC). DDC
leverages adjacent text embeddings constructed by CER to extend
each class representation from a single prototype to an approximate
multivariate Gaussian distribution. Through residual learning and
progressive updates, DDC enables more flexible decision bound-
aries that better accommodate visual diversity and continuously
adapt to feature variations during test-time adaptation.

The contributions of this work are summarized as follows:
• We propose ReTA, a unified test-time adaptation method
designed to enhance the reliability of vision-languagemodels
under significant distribution shifts in test-time adaptation.

• We introduce Consistency-aware Entropy Reweighting (CER),
which constructs class-specific textual representations to
evaluate prediction consistency across adjacent representa-
tions. CER identifies high-consistency samples and priori-
tizes them during cache updates to enhance adaptation.

• We develop Diversity-driven Distribution Calibration (DDC),
which models text embeddings as approximate multivariate
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Gaussian distributions with residual learning and progres-
sive updates, enabling adaptive decision boundaries that
support reliable predictions under visual variations.

• Our comprehensive evaluation across multiple benchmarks
demonstrates that ReTA consistently outperforms state-of-
the-art TTA methods and is effective in adapting VLMs.

2 Related Works
2.1 Vision-Language Models
Large-scale pre-trained vision-language models (VLMs), such as
CLIP [33], have demonstrated remarkable capabilities in learn-
ing generalizable visual and textual representations. Numerous
efforts have focused on adapting these powerful pre-trained mod-
els to downstream tasks. Early approaches like CoOp [55] and
CoCoOp [54] achieved notable gains through lightweight prompt
learning with limited supervision in few-shot scenarios. More re-
cent works, such as Tip-Adapter [50] and TaskRes [48], introduced
efficient adaptation strategies by leveraging feature memory con-
structed from a small set of labeled samples. These memory-based
methods have attracted considerable attention recently for avoid-
ing full model fine-tuning while enabling rapid domain adaptation
with minimal overhead. Despite their strong performance and low
data requirements, they still rely on labeled target-domain data,
which limits their applicability in real-world scenarios where anno-
tations are unavailable. In contrast, our work focuses on test-time
adaptation, where models must generalize to novel domains with-
out any labeled data during inference, better reflecting real-world
constraints and advancing truly adaptive vision-language systems.

2.2 Vision-Language Test-Time Adaptation
Test-time adaptation (TTA) enhances the adaptability of vision-
language models (VLMs) to target domains using only unlabeled
test samples [8, 29, 37, 53]. Recent approaches primarily fall into
two categories: prompt-based and cache-based methods. Prompt-
based methods optimize continuous textual embeddings during
inference. TPT [37] fine-tunes prompts by enforcing consistency
across augmented views of the same image, while DiffTPT [10] in-
troduces diffusion-based augmentations to increase view diversity
and improve model adaptability to unseen test data. Cache-based
approaches leverage historical instance-level information from test
samples. TDA [20] constructs positive and negative feature caches
from test samples to refine CLIP predictions via combined similarity
scores. DMN [52] integrates static and dynamic memory networks
to exploit both few-shot and historical unlabeled data, using a flexi-
ble interactive strategy for improved adaptation. BoostAdapter [51]
incorporates regional-level bootstrapping for more precise memory
construction. DPE [49] jointly evolves visual and textual prototypes
to better capture domain-specific semantics. While prompt-based
methods offer simplicity, cache-based strategies generally achieve
stronger adaptation and maintain high computational efficiency
by more effectively modeling target domain distributions through
lightweight test-time memory. Our work builds on the cache-based
paradigm, with advancements in cache quality via reliable sample
selection and improving prediction robustness through adaptive
decision boundary calibration in dynamic environments.

3 Methodology
The pipeline of our proposed method is illustrated in Figure 3.
Sec. 3.1 presents preliminaries on CLIP and cache-based test-time
prediction. Then, we propose Consistency-aware Entropy Reweight-
ing (CER) in Sec. 3.2, which selects reliable samples based on pre-
diction consistency to construct a high-quality cache. To enhance
adaptation to diverse visual content, we introduce Diversity-driven
Distribution Calibration (DDC) in Sec. 3.3, which models class rep-
resentations as approximate Gaussian distributions. Finally, Sec. 3.4
details our unified learning process and inference algorithm, show-
ing how they train and inference in an end-to-end manner.

3.1 Preliminaries
Zero-shot CLIP Prediction. CLIP is pre-trained on large-scale
image-text pairs to align visual and textual modalities within a
unified embedding space by maximizing cosine similarity through
a contrastive loss. CLIP consists of a visual encoder F𝑉 and a text
encoder F𝑇 , which project inputs into a shared latent space R𝑑 ,
where𝑑 is the feature dimension, for cross-modal alignment. During
inference, an image 𝑥 is classified by computing similarity between
the image feature z = F𝑉 (𝑥), and textual embeddings 𝒕𝑐 = F𝑇 (P𝑐 ),
where P𝑐 denotes a text prompt describing class 𝑐 , and 𝐶 is the
total number of classes. The zero-shot CLIP prediction probability
is then given by:

𝑝𝑐CLIP =
exp (z · 𝒕𝑐/𝜏)∑𝐶
𝑗=1 exp

(
z · 𝒕 𝑗/𝜏

) (1)

where 𝜏 is the temperature parameter, typically set to 0.01.
Cache-based Test-time Prediction. Recent approaches lever-

age cache mechanisms at test time for efficient vision-language
model adaptation. Building upon the key-value storage paradigm
of TIP-Adapter [50], many cache-based TTA methods [20, 49, 51]
have emerged, dynamically storing and updating high-confidence
feature-label pairs during inference. The cache model functions as
a priority queue, ranked by entropy derived from CLIP prediction.
WithWCLIP =

[
𝒕1, 𝒕2, . . . , 𝒕𝐶

]⊤ as stacked text embeddings serving
as the classifier, each cache item is represented as:{

Fcache , L𝑝 , 𝐻
(
Fcache W

⊤
CLIP

)}
, (2)

where Fcache is the stored image feature, L𝑝 is a one-hot pseudo-
label obtained from CLIP prediction, and the entropy 𝐻 (𝑝) is:

𝐻 (𝑝) =
(
−∑𝐶

𝑐=1 𝑝
𝑐
CLIP log𝑝

𝑐
CLIP

)
. (3)

For streaming test-time samples arriving on the fly, new items
enter the corresponding cache slots based on their pseudo-labels.
Once the cache reaches capacity, items with the highest entropy
are replaced. At inference, a new test feature z retrieves relevant
cache items, and the final prediction combines CLIP logits with
cache-based logits:

logitscls (z) = zW⊤
CLIP + A(zF⊤cache)L𝑝 (4)

where A(𝑥) = 𝛼 exp(−𝛽 (1 − 𝑥)) is a modulating function with
scaling factor 𝛼 and sharpness ratio 𝛽 . Following DPE [49], we
compute Fcache as the mean of all samples within each cache slot,
forming class-specific visual prototypes that become more compact
and representative as more samples are accumulated.
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Figure 3: The overall framework of our proposed Reliable Test-time Adaptation (ReTA) approach under visual variations.
ReTA leverages multiple text prompts to construct adjacent embeddings and adjust entropy-based prioritization via consistent
predictions, thereby preserving more reliable samples in the cache. For subsequent robust decision-making, ReTA models
multivariate Gaussian distributions that are dynamically updated using test images and their augmentations, creating flexible
boundaries that better accommodate changing visual content during test time.

3.2 Consistency-aware Entropy Reweighting
Previous methods [20, 49, 51] take low-entropy cached samples as
visual prototypes for feature retrieval and cache prediction com-
putation. However, relying solely on entropy is unreliable as CLIP
is usually overconfident, potentially assigning high confidence to
misclassified samples [8, 21]. Since prediction confidence lacks cor-
relation with pseudo-label accuracy [16, 47], low-entropy samples
may carry incorrect labels, resulting in cached prototypes deviating
from the expected distribution and degrading retrieval performance.
While approaches like TDA [20] and DPE [49] have incorporated
knowledge-enriched text embeddings with different prompts, they
typically average them into a single representation, which fails to
fully exploit their semantic diversity. To address this limitation,
we propose Consistency-aware Entropy Reweighting (CER), which
improves cache quality by prioritizing the storage of relatively re-
liable samples. Specifically, CER leverages prediction consistency
across neighboring semantic representations to identify reliable
and representative samples. Inspired by the committee-based strate-
gies [28, 35, 43], we construct a semantic voting committee using
multiple text embeddings to assess prediction reliability. While
controversial samples expose uncertainty in committee members’
judgments, CER prioritizes those with consistent agreement in
voting, as they are more representative and reliable for caching.

Adjacent Class-specific Textual Embedding Construction.
To measure the predictive consistency of samples, we first con-
struct a set of adjacent class-specific textual embeddings. Follow-
ing [20, 49, 52], we consider multiple class-specific prompts for
each class 𝑐 to build text representation sets. Formally, we define
the prompt set for class 𝑐 as P𝑐 =

{
P𝑐1 ,P

𝑐
2 , . . . ,P

𝑐
𝐾

}
, where P𝑐

𝑖
is

the 𝑖-th prompt with corresponding text embedding 𝒕𝑐
𝑖
= F𝑇

(
P𝑐
𝑖

)
from CLIP’s text encoder. Rather than simply averaging prompts,

we leverage subtle similarity differences among them to construct
semantic embedding sets that form local neighborhoods in text
space, enabling assessment of prediction consistency via represen-
tational neighborhood consistency [22, 25]. The relative similarity
of each prompt to others within the same class is computed as:

𝑠𝑖𝑚𝑐𝑖 =

𝐾∑︁
𝑗=1, 𝑗≠𝑖

cos(𝒕𝑐𝑖 , 𝒕
𝑐
𝑗 ) (5)

where 𝑠𝑖𝑚𝑐
𝑖
represents the cumulative intra-class cosine similarity

of the 𝑖-th text embedding.
We then sort text embeddings by relative cosine similarity in as-

cending order, arranging them from semantic outliers to centroids,
and construct our final adjacent text embedding set

{̂
𝒕
𝑐
1, 𝒕̂

𝑐
2, . . . , 𝒕̂

𝑐
𝑀

}
with𝑀 embeddings per class using a progressive binning approach.
Specifically, we define 𝑄𝑚 = ⌊𝑚𝐾

𝑀
⌋ for𝑚 = 1, 2, ..., 𝑀 to determine

embeddings for the𝑚-th adjacent embedding. Each 𝒕̂
𝑐
𝑚 is created

by averaging the first 𝑄𝑚 embeddings from the sorted sequence,
where embeddings are cumulatively included in progressively ex-
panding pools. Our ascending progressive binning strategy creates
a smooth semantic transition across embeddings while preserving
diversity, thus forming a natural semantic neighborhood for sub-
sequent consistency assessment. Functionally, these adjacent text
embeddings operate as a semantic voting committee, where each
embedding offers a diverse perspective on class prediction.

Projection for Modality Consistency. To effectively leverage
textual neighborhood consistency for identifying reliable image
features, we project image features into the text embedding space
to mitigate the modality gap [24, 36]. Given the adjacent text em-
beddings T̃ =

{̂
𝒕
𝑐
𝑚 : 1 ≤ 𝑐 ≤ 𝐶, 1 ≤ 𝑚 ≤ 𝑀

}
, we decompose this
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collection via Singular Value Decomposition (SVD) to extract prin-
cipal semantic variation directions:

𝑈 Σ𝑉𝑇 = SVD(T̃ ) (6)
where 𝑈 , Σ, and 𝑉 represent the left singular vectors, the singu-
lar values (in descending order), and the right singular vectors,
respectively. By retaining the top-𝑛 principal components, we col-
lect primary singular vectors 𝑉̃ ∈ R𝑛×𝑑 to capture the text feature
space’s intrinsic semantic structure, forming the text subspace with
projection matrix:

Φproj = 𝑉̃𝑇 𝑉̃ ∈ R𝑑×𝑑 . (7)
For structural coherence and compact cross-modal representations,
we project each image feature into the text subspace as [56]:

zproj = Φprojz (8)

Prediction Consistency Assessment. We assess prediction
consistency by examining classification variations across semantic
neighborhoods. For each test data, we create a set of pseudo-labels
by computing similarity between the projected image feature and
each adjacent text embedding:

Ŷ = {𝑦1, 𝑦2, ..., 𝑦𝑀 } ,where 𝑦𝑚 = argmax𝑐∈𝐶 (z𝑇proĵ𝒕
𝑐
𝑚) (9)

where 𝑦𝑚 is the pseudo-label for the 𝑚-th adjacent text embed-
ding. We derive a stability-consistency score incorporating both
prediction stability and consistency with the original prediction.
We first determine the most frequent prediction within Ŷ as an
indicator of stability:

𝑦∗ = argmax𝑐∈𝐶
𝑀∑︁
𝑚=1

I(𝑦𝑚 = 𝑐) (10)

where 𝑦∗ represents the majority-voted pseudo-label and I(·) is the
indicator function. Next, we assess consistency between this voted
pseudo-label and the original prediction with a consistency factor:

Consistency: R =

{
1, if 𝑦∗ = 𝑦

𝛾, if 𝑦∗ ≠ 𝑦
(11)

where𝑦 = argmax𝑐∈𝐶 (z𝑇 𝒕̂
𝑐
𝑀 ) denotes the original prediction based

on z and the final text prototype, and 𝛾 > 1 is a penalty parameter
that increases entropy, thereby reducing the priority of inconsistent
predictions. Additionally, we define a stability factor S:

Stability: S =
𝑀

𝑛∗
, 1 ≤ S ≤ 𝑀 (12)

where 𝑛∗ is the count of the most common prediction. A larger
S indicates less stable predictions, with S = 1 denoting perfect
agreement. The stability-consistency score is calculated as:

𝑤 = 1 + log(RS) (13)

Entropy Reweighting for Cache Updating. Finally, we com-
pute the reweighted entropy using our stability-consistency score:

𝐻 ′ (z) = 𝑤 · 𝐻 (z) (14)
where 𝐻 (z) is the entropy and 𝑝 = Softmax(z⊤̂𝒕𝑐𝑀 ). The defined
score 𝑤 amplifies the entropy of samples with unstable or incon-
sistent predictions, thereby penalizing unreliable samples. This
reweighted entropy replaces the standard entropy in the cache
priority queue, enabling more reliable cache updates:{

Fcache , L𝑝 , 𝐻
′ (Fcache W⊤

CLIP )
}
. (15)

CER prioritizes features with both low entropy and high consistency.
When the cache reaches capacity, items with the highest values
of reweighted entropy are replaced first, filtering out unreliable
samples and preserving higher-quality class prototypes for robust
adaptation under visual variations.

3.3 Diversity-driven Distribution Calibration
While CER provides reliable features for cache-based adaptation, it
remains challenging to make rapid adjustments to each test-time
input, as the cache contains only a few high-confidence samples and
may be limited in accommodating visual variations. Existing cache-
based methods [20, 51, 52] attempt to compensate for this drawback
by enhancing discriminability through sophisticated prompts, but
their adaptation capabilities remain limited in dynamic environ-
ments due to VLMs’ fixed decision boundaries, which struggle to
handle distribution shifts. To overcome this challenge, we propose
Diversity-driven Distribution Calibration (DDC), which leverages
adjacent text embeddings from CER to construct a dynamically
adjustable distribution. Drawing from recent success in modeling
prompt embeddings with Gaussian distributions [3, 26], we charac-
terize the adjacent text embeddings T̃ as an approximate Gaussian
distribution N (𝝁𝑐 , 𝚺𝑐 ), where 𝝁𝑐 representing the mean embed-
ding of class 𝑐 and 𝚺𝑐 denoting the corresponding covariancematrix.
Building on the efficient residual learning strategy in DPE [49], we
extend this idea to adapt flexible representational distributions,
enabling DDC to accommodate evolving visual features.

Textual Gaussian Distribution Evolution via Residuals. For
efficient adaptation while preserving well-defined semantic bound-
aries, we employ residual learning for text embeddings. Specifically,
we evolve the class-wise Gaussian distribution by adjusting each
adjacent embedding through residual updates. Residual parameters
are introduced as:

𝒕̂
𝑐
𝑚 =

𝒕̂
𝑐
𝑚 + 𝒓𝑐𝑚

| |̂𝒕𝑐𝑚 + 𝒓𝑐𝑚 | |
(16)

where 𝒓𝑐𝑚 represents the learnable residual with zero initialization.
Unlike DPE, which refines both textual and visual prototypes at the
instance level, our DDC performs distribution-level optimization on
textual embeddings, offering more adaptive decision boundaries. To
continuously adapt to distribution shifts in downstream domains,
we maintain a counter 𝑙 for tracking confident samples and update
the textual representation following the progressive strategy in [49]:

𝒕̂
𝑐
𝑚 =

(𝑙 − 1)̂𝒕𝑐𝑚 + 𝒕̂
𝑐 (∗)
𝑚

| | (𝑙 − 1)̂𝒕𝑐𝑚 + 𝒕̂
𝑐 (∗)
𝑚 | |

(17)

where 𝒕̂𝑐 (∗)𝑚 represents the newly optimized embedding from Eq. 16.
To ensure reliable adaptation, we perform local residual updating
(Eq. 16) only for samples deemed reliable by CER (those with𝑤 =

1). For global updates (Eq. 17), we apply a fixed threshold 𝜏𝑐 to
discard updates from low-confidence samples (for which𝐻 (z) < 𝜏𝑐 ),
ensuring stability in the evolving global representation.

Objective for Distribution Calibration. To achieve distribu-
tion calibration, we jointly optimize textual embeddings through
a comprehensive objective that integrates instance-level residual
learning and distribution-level supervision:

L = Lent + 𝜆1Lsurr + 𝜆2Lalign (18)
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Table 1: Performance evaluation on cross-dataset generalization. Results report top-1 accuracy (%) across different datasets for
both CLIP-RN50 and CLIP-ViT-B/16.

Method Caltech DTD Cars EuroSAT Aircraft Flowers Pets UCF101 Food101 SUN397 Average

CLIP-RN50 85.88 40.37 55.70 23.69 15.66 61.75 83.57 58.84 73.97 58.80 55.82
Ensemble 87.26 40.37 55.89 25.79 16.11 62.77 82.97 59.48 74.82 60.85 56.63
CoOp [55] 86.53 37.29 55.32 26.20 15.12 61.55 87.00 59.05 75.59 58.15 56.18
TPT [37] 87.02 40.84 58.46 28.33 17.58 62.69 84.49 60.82 74.88 61.46 57.66
DiffTPT [10] 86.89 40.72 60.71 41.04 17.60 63.53 83.40 62.67 79.21 62.72 59.85
TDA [20] 89.70 43.74 57.78 42.11 17.61 68.74 86.18 64.18 77.75 62.53 61.03
BoostAdapter [51] 88.48 43.85 59.67 44.40 18.93 68.25 85.75 64.42 78.78 62.83 61.54
DPE [49] 90.83 50.18 59.26 41.67 19.80 67.60 85.97 61.98 77.83 64.23 61.93
ReTA 90.35 52.46 61.11 39.64 22.62 70.12 86.90 66.18 77.46 65.11 63.20

CLIP-ViT-B/16 93.35 44.27 65.48 42.01 23.67 67.44 88.25 65.13 83.65 62.59 63.58
Ensemble 93.55 45.04 66.11 50.42 23.22 66.99 86.92 65.16 82.86 65.63 64.59
CoOp [55] 93.70 41.92 64.51 46.39 18.47 68.71 89.14 66.55 85.30 64.15 63.88
TPT [37] 94.16 47.75 66.87 42.44 24.78 68.98 87.79 68.04 84.67 65.50 65.10
DiffTPT [10] 92.49 47.00 67.01 43.13 25.60 70.10 88.22 62.67 87.23 65.74 65.47
TDA [20] 94.24 47.40 67.28 58.00 23.91 71.42 88.63 70.66 86.14 67.62 67.53
Zero-Ensemble [8] 94.14 45.86 68.48 42.09 24.42 66.82 87.20 68.57 84.58 66.90 64.91
BoostAdapter [51] 94.77 45.69 69.30 61.22 27.45 71.66 89.51 71.93 87.17 68.09 68.68
DPE [49] 94.81 54.20 67.31 55.79 28.95 75.07 91.14 70.44 86.17 70.07 69.40
ReTA 95.29 57.39 69.11 58.26 31.86 77.55 92.37 74.52 86.69 70.70 71.37

where 𝜆1, 𝜆2 are weighting parameters. The entropy Lent encour-
ages confident predictions from a test sample and its 𝑁 augmenta-
tions with respect to each text embedding, defined as:

Lent = 𝐻 (𝑝cls (x)) = −
𝐶∑︁
𝑐=1

𝑝𝑐cls log(𝑝
𝑐
cls)

with 𝑝cls𝑐 =

∑𝑁
𝑖=1 I[𝐻 (𝑝𝑐cls (x𝑖 )) < 𝛿] · 𝑝𝑐cls (x𝑖 )∑𝑁

𝑖=1 I[𝐻 (𝑝𝑐cls (x𝑖 )) < 𝛿]

(19)

where 𝑝𝑐cls is the probability derived from Eq. 4 and 𝛿 is a entropy
threshold. To perform reliable distribution-level calibration, we
select pseudo-labels 𝑦 corresponding to reliable samples with𝑤 = 1
(Eq.13) for learning, and leverage multiple augmented views to
capture variations. We adopt a surrogate loss following ProDA [26]:

Lsurr = E
(z,𝑦̃)

− log
exp

(〈
z, 𝒕̂ 𝑦̃

𝑀

〉
/𝜏
)

∑𝐶
𝑐=1 exp

(〈
z, 𝒕̂𝑐𝑀

〉
/𝜏 + z𝑇W𝑐,𝑦̃z/2𝜏2

)  (20)

where covariance term W𝑐,𝑦̃ = 𝚺
𝑐𝑐 + 𝚺

𝑦̃𝑦̃ − 𝚺
𝑐𝑦̃ − 𝚺

𝑦̃𝑐 models class-
wise variations. To encourage alignment between textual and visual
distributions, we further introduce a cross-modal alignment loss:

Lalign = 1
𝐶

∑𝐶
𝑐=1

(
− log

exp( (̂𝒕𝑐𝑀 )⊤F𝑐cache )∑𝐶
𝑗=1 exp( (̂𝒕

𝑐

𝑀 )⊤F𝑗cache )
− log

exp( (̂𝒕𝑐𝑀 )⊤F𝑐cache )∑𝐶
𝑗=1 exp( (̂𝒕

𝑗

𝑀 )⊤F𝑐cache )

)
(21)

where F𝑐cache is the average visual prototype of class 𝑐 from the
cache. By jointly optimizing these objectives, our method calibrates
class distributions to construct adaptive decision boundaries that
robustly accommodate visual diversity.

3.4 Unified Learning Process and Inference
The complete ReTA test-time adaptation process is detailed in the
Algorithm 1 in Appendix. For each test sample, we first apply CER

to assess prediction consistency and reweight its entropy, deter-
mining its cache storage prioritization. Then, for reliable samples,
DDC cumulatively updates the residuals of the text embeddings
throughout the entire adaptation process.

During inference, we follow ProDA [26] by using the Gaussian
mean as a refined decision boundary for classification:

𝑝gauss =
exp (⟨z, 𝝁𝑐 ⟩ /𝜏)∑𝐶
𝑐=1 exp (⟨z, 𝝁𝑐 ⟩ /𝜏)

(22)

where 𝝁𝑐 = 1
𝑀

∑𝑀
𝑚=1 𝒕̂

𝑐

𝑚 denotes the class-wise mean of the evolved
text embeddings, and 𝑝gauss represents the refined probability de-
rived from our Gaussian modeling. For final prediction, ReTA inte-
grates the outputs from both cache-based prediction in Eq. 4 and
our Gaussian modeling refined logits:

𝑝final = 𝑝cls + 𝜂𝑝gauss (23)
where 𝑝cls = softmax(logitscls (z)) and 𝜂 balances the contributions.
In summary, by unifying CER and DDC, ReTA effectively preserves
high-quality samples and dynamically refines classifier boundaries,
enabling more reliable and efficient test-time adaptation.

4 Experiments
4.1 Experimental Setup
Datasets. We conduct experiments on two widely used bench-
marks, following prior works [1, 20, 37]: Cross-Datasets Gener-
alization and Robustness to Natural Distribution Shifts. The first
benchmark comprises 10 diverse image classification datasets: Air-
craft [30], Caltech101 [9], Cars [23], Describable Textures (DTD) [5],
EuroSAT [12], Flowers102 [31], Food101 [4], Pets [32], SUN397 [44],
andUCF101 [38]. The second benchmark consists of the ImageNet [6]
and its four variants: ImageNetV2 [34], ImageNet-R [13], ImageNet-
Sketch [42], and ImageNet-A [15]. Following the setup of TPT [37],
we report the top-1 accuracy on each dataset.
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Table 2: Performance evaluation on robustness to natural
distribution shifts. Results report top-1 accuracy (%) for both
CLIP-RN50 and CLIP-ViT-B/16.
Method Imagenet -A -V2 -R -Sketch Avg. OOD Avg.

CLIP-RN50 58.16 21.83 51.41 56.15 33.37 44.18 40.69
Ensemble 59.81 23.24 52.91 60.72 35.48 46.43 43.09
CoOp [55] 63.33 23.06 55.40 56.60 34.67 46.61 42.43
TPT [37] 60.74 26.67 54.70 59.11 35.09 47.26 43.89
DiffTPT [10] 60.80 31.06 55.80 58.80 37.10 48.71 45.69
TDA [20] 61.35 30.29 55.54 62.58 38.12 49.58 46.63
TPS [39] 61.47 30.48 54.96 62.87 37.14 49.38 46.36
DMN-ZS [52] 63.87 28.57 56.12 61.44 39.84 49.97 46.49
BoostAdapter1[51] 61.04 35.52 56.22 62.87 38.87 50.91 48.37
DPE [49] 63.41 30.15 56.72 63.72 40.03 50.81 47.66
ReTA 63.90 34.42 56.34 64.10 40.54 51.86 48.85

CLIP-ViT-B/16 66.73 47.87 60.86 73.98 46.09 59.11 57.20
Ensemble 68.34 49.89 61.88 77.65 48.24 61.20 59.42
CoOp [55] 71.51 49.71 64.20 75.21 47.99 61.72 59.28
TPT [37] 68.98 54.77 63.45 77.06 47.94 62.44 60.81
DiffTPT [10] 70.30 55.68 65.10 75.00 46.80 62.28 60.52
TDA [20] 69.51 60.11 64.67 80.24 50.54 65.01 63.89
TPS [39] 70.19 60.08 64.73 80.27 49.95 65.04 63.76
Zero-Ensemble [8] 70.93 64.06 65.16 80.75 50.32 66.24 65.07
DMN-ZS [52] 72.25 58.28 65.17 78.55 53.20 65.49 63.80
BoostAdapter1[51] 69.39 64.06 65.19 80.77 51.51 66.19 65.39
DPE [49] 71.91 59.63 65.44 80.40 52.26 65.93 64.43
ReTA 72.18 64.22 65.52 81.31 53.21 67.29 66.07
1 We reproduce the BoostAdapter result because the original paper does not provide ImageNet results.

Baselines. In our experiments, we compare the performance
of the proposed ReTA with several state-of-the-art TTA methods,
including: (1) TPT [37]; (2) DiffTPT [10]; (3) TDA [20]; (4) DMN-
ZS [52]; (5) TPS [39]; (6) BoostAdapter [51]; (7) Zero [8]; and (8)
DPE [49]. Results for the baselines are directly taken from their
publications unless otherwise noted.

Implementation details. In our main experiments, we adopt
the pre-trained CLIP-ViT-B/16 and CLIP-RN50 as the base models.
The batch size is set to 1, with each test image augmented to 63
additional views through AugMix [14], with random resized crop-
ping and random horizontal flipping as in TPT [37], resulting in 64
images per batch. The normalized entropy threshold is fixed at 0.1.
We set the cache size to 3 samples per class, the number of adja-
cent text embeddings to𝑀 = 3, and retain 𝑛 = 64 singular vectors
from the SVD decomposition. The weighting factors 𝜆1 and 𝜆2 are
set to 0.3 and 0.02 respectively. We conduct all experiments with
three different random seeds and report the average result. Unless
otherwise specified, our analytical experiments report the average
accuracy on Cross-Datasets with CLIP-ViT-B/16. Additional details
are provided in the Appendix.

4.2 Evaluation of Cross-Datasets Generalization
As demonstrated in Table 1, we evaluate ReTA’s transferability
across diverse domains using the Cross-Datasets benchmark. With
the CLIP-RN50 backbone, ReTA achieves an average accuracy of
63.20%, surpassing most existing methods and demonstrating com-
petitive performance. When using CLIP-ViT-B/16, ReTA consis-
tently excels across the benchmark, achieving the best performance
on 8 out of 10 tasksand attaining a notable 71.37% average accu-
racy. In particular, ReTA shows substantial improvements on more
challenging datasets, such as the texture-rich DTD (57.39%) and fine-
grained domains like Aircraft (31.86%) and Flowers (77.55%). These
compelling gains highlight ReTA’s strong generalization ability in
fine-grained and diverse cross-domain scenarios.

Table 3: Ablations on ReTA
components. “NDS”: Natural
Distribution Shifts; “CD”:
Cross-Datasets.

CER DDC NDS CD

% % 66.04 69.79
! % 66.53 70.41
% ! 66.92 70.91
! ! 67.29 71.37

Table 4: Ablations on different
learning mechanisms for DDC.
TR: Training.

Method Acc. (%)

w/o TR 70.43
w/ TR, w/o Lent 70.72
w/ TR, w/ only Lent 71.01
w/ TR, w/ Lent 71.37

Table 5: Comparison of different text
embedding binning strategies.

Binning Method Acc. (%)

Ascending progressive 71.37
Descending progressive 70.47
Uniform 69.41

Table 6: Comparison of
projection methods.

Method Acc. (%)

SVD 71.37
PCA 70.57
LDA 70.99

4.3 Evaluation of Robustness to Natural
Distribution Shifts

We further evaluate ReTA on in-domain ImageNet and its four out-
of-distribution variants to assess its robustness under natural distri-
bution shifts. As shown in Table 2, ReTA consistently outperforms
current state-of-the-art methods, including BoostAdapter [51] and
Zero-Ensemble [8], which serve as the two strongest baselines.
With CLIP-RN50, ReTA achieves an average accuracy of 51.86%,
surpassing the best-performing BoostAdapter (50.91%) by 0.95%.
When implemented with CLIP-ViT-B/16, ReTA demonstrates even
more substantial gains, achieving the best performance across all
OOD datasets. Specifically, it outperforms BoostAdapter by 1.10%
and Zero-Ensemble by 1.05% on average across all five datasets,
establishing a new state-of-the-art. These improvements validate
the effectiveness of ReTA in achieving reliable adaptation under
complex domain shift scenarios.

4.4 Experimental Analysis
Ablation on Main Components of ReTA. We conduct a com-
prehensive analysis to examine the individual contributions of
Consistency-aware Entropy Reweighting (CER) andDiversity-driven
Distribution Calibration (DDC) on both two benchmarks. As shown
in Table 3, both components lead to clear performance improve-
ments. Notably, DDC has a greater impact, yielding gains of 0.88%
and 1.12% on two benchmarks respectively. This highlights the effec-
tiveness of DDC in refining decision boundaries, thereby enabling
more reliable final predictions for test-time data with significant
visual variations. Additionally, integrating CER enhances the re-
liability of cache updating, fostering more accurate cache-based
predictions. These two modules are complementary, with their com-
bination yields synergistic improvements across both benchmarks.

Analysis of Adjacent Textual Embeddings in CER. We ana-
lyze the adjacent textual embeddings introduced in Sec. 3.2 from two
perspectives: (1) the effect of varying the number of adjacent em-
beddings (𝑀), and (2) the impact of different construction methods.
For (1), the number of adjacent textual embeddings (𝑀) determines
both the size of the semantic voting committee in CER and the
number of class-wise representations used in DDC for Gaussian
modeling. As shown in Figure 5b, using a single embedding (𝑀 = 1)
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Figure 4: Final comparison of adaptation performance and
cache accuracy across four datasets for cache-based methods.

reduces the method to a standard cache-based TTA setting with-
out adjacent structure, which performs worse due to its limited
ability to model visual diversity and identify reliable samples. Per-
formance improves substantially as𝑀 increases to 3, while larger
values introduce redundancy without additional gains. Further-
more, assigning unique residuals to each embedding outperforms
the shared-residual variant, as it enables more expressive model-
ing of intra-class variations. For (2), Table 5 compares different
construction methods for adjacent textual embeddings: (i) ascend-
ing progressive binning arranges text embeddings from semantic
outliers to centroids based on relative cosine similarity; (ii) descend-
ing progressive binning follows the opposite order; (iii) uniform
binning selects embeddings at equal intervals without consider-
ing semantic relationships. Our proposed ascending progressive
binning achieves the best performance (71.37%), outperforming de-
scending and uniform binning. We attribute these improvements to
the smoother semantic transitions formed by the ascending struc-
ture, which facilitates more coherent neighborhood construction
and enables more reliable prediction consistency assessment.

Analysis of Projection in CER.We analyze the effect of the
number of singular vectors retained in the SVD projection, and com-
pare different projection strategies. Figure 5a shows an inverted
U-shaped accuracy curve as the number of singular vectors in-
creases. Retaining 64 components yields the best performance by
balancing semantic relevance and noise reduction. At this optimal
dimension, Table 6 demonstrates that SVD projection outperforms
PCA and LDA by 1.12% and 0.39%, respectively. SVD better pre-
serves the underlying semantic structure without imposing strong
class-dependent constraints. In contrast, PCA may retain exces-
sive non-semantic variance, while LDA can be overly restrictive by
focusing solely on discriminative class boundaries.

Comparison of Cache Reliability and Final Performance.
Figure 4 compares cache accuracy and overall classification perfor-
mance across four fine-grained datasets. ReTA shows remarkable
performance in both metrics, achieving 74.52% on UCF101 (sur-
passing TDA by 3.86% and DPE by 4.08%) and 77.55% on Flowers
(exceeding TDA by 6.13% and DPE by 2.48%). Combined with evi-
dence from Figure 1, these results prove that ReTA achieves superior
final accuracy while maintaining high cache reliability.

Effects of Learning Strategy in DDC. Table 4 investigates
how different learning mechanisms within DDC affect performance.
Without learning, DDC performs similarly to the CER-only base-
line, indicating that static distribution modeling provides negligible
benefits. Following prior methods [10, 37, 49], we adopt Lent as

Table 7: Testing Time and performance gains on robustness
to natural distribution shifts.

Method Testing Time Acc. GainImageNet -A -R -V -Sk.
CLIP 8min 1min 5min 2min 9min 59.11 -
TPT [37] 10h 26min 1h50min 2h8min 11h5min 62.44 3.33
TDA [20] 1h34min 10min 52min 16min 1h41min 65.01 5.90
DPE [49] 3h41min 34min 1h58min 44min 4h3min 65.93 6.82
BoostAdapter [51] 3h25min 13min 1h6min 51min 5h27min 66.34 7.23
ReTA 2h38min 12min 1h1min 29min 2h44min 67.29 8.18

(a)

(b) (c)
Figure 5: Hyperparameter analysis. (a) Number of singular
vectors in SVD. (b) Number of adjacent textual embeddings.
(c) Loss sensitivity analysis.

the primary loss. It substantially improves performance by optimiz-
ing all textual residuals for more confident predictions. While the
auxiliary losses Lsurr and Lalign provide additional gains, properly
balancing these components is crucial. As shown in Figure 5c, the
best performance is obtained at 𝜆1=0.3 and 𝜆2=0.02, where a higher
𝜆1 is critical for effective distribution-level calibration.

Comparison of Computational Efficiency and Effective-
ness. In Table 7, we evaluate the computational efficiency of ReTA
and other test-time adaptation methods on ImageNet and its vari-
ants. All methods are compared under AugMix augmentation aligned
with TPT [37] for fair comparison, although this operation can be
time-consuming. ReTA is 1.65x faster than BoostAdapter on large
ImageNet and ImageNet-Sketch datasets, despite BoostAdapter
being a training-free method like TDA. However, BoostAdapter
introduces an additional loop for boosting-based cache updates,
incurring significant overhead, especially on larger datasets. Com-
pared to DPE, which also employs residual learning, ReTA is 1.56x
faster while achieving better accuracy gains (+8.18 vs. +6.82) due to
DPE’s high computational cost from visual prototype evolution. By
optimizing only textual residuals and eliminating the encoder back-
propagation, ReTA achieves better optimization and a favorable
balance between computational cost and performance gains.

5 Conclusion
In this paper, we introduce Reliable Test-time Adaptation (ReTA) to
address two reliability issues in adapting VLMs: the unreliability of
cached samples and inflexible decision boundaries. ReTA comprises
two components: Consistency-aware Entropy Reweighting (CER),
which improves cache quality via consistency-based sample selec-
tion, and Diversity-driven Distribution Calibration (DDC), which
models text embeddings as Gaussians to construct adaptive decision
boundaries for reliable predictions. Experiments across multiple
benchmarks show that ReTA consistently outperforms state-of-
the-art methods, especially under challenging distribution shifts,
offering a practical and robust solution in dynamic environments.
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