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Abstract

This paper studies the problem of test-time
adaptation for vision-language models (VLMs).
Recent approaches typically measure the pre-
diction entropy to store a confident cache for
logit refinement. However, these confident
samples tend to approach prototypes with lim-
ited coverage of data distribution, which could
result in biased predictions as the distribu-
tion evolves. Towards this end, we propose
a novel approach named Diversity-attended
Dynamic Caching with Asymmetric Quantiza-
tion (DANCE) for test-time adaptation of VLMs.
The core of our DANCE is to maintain a dy-
namic cache to store diversity-aware test sam-
ples, which support efficient logit adjustment
via asymmetric quantization. In particular, we
first generate multiple augmented views of each
sample and aggregate their outputs from pre-
trained VLMs via a consistency-aware mech-
anism. More importantly, we construct a dy-
namic cache, which stores the most reliable
and diverse samples to cover evolving test dis-
tributions. To measure the diversity efficiently,
we quantize cached samples and compute the
asymmetric similarity across query samples
and memory samples, which guide the cache
updating via replacing samples with the low-
est scores iteratively. Finally, we leverage the
asymmetric similarity between the quantized
prototype representations from the dynamic
cache to update logits under distribution shifts.
Extensive experiments on various benchmark
datasets validate the clear superiority of the
proposed DANCE in a wide range of settings.

1 Introduction

Vision–language models (VLMs) (Radford et al.,
2021; Jia et al., 2021) have become a central
paradigm for jointly modeling visual perception
and natural language understanding (Yu et al.,

The official implementation of DANCE is available here.
*Corresponding Authors.
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Figure 1: Prototype drift under streaming shift on DTD.
We track the mean gap between each class’s cache pro-
totype and the oracle prototype (defined as the per-class
mean feature) over time. Compared with the entropy-
only caching method (DPE), DANCE yields smaller gaps,
suggesting consistently better shift tracking over time.

2022; Zhai et al., 2022). As a representative in-
stance, CLIP (Radford et al., 2021) encodes images
and texts into a shared feature space and aligns their
embeddings via a contrastive objective. Trained
on large-scale image-text pairs, these VLMs learn
transferable representations, enabling zero-shot in-
ference across various downstream tasks under di-
verse conditions (Li et al., 2024; Joshi et al., 2024).

However, distribution shifts between pretraining
and target data can substantially degrade the zero-
shot performance of VLMs in real deployments (Li
et al., 2022; Liang et al., 2025a; Xiong et al., 2023).
Most existing methods (Zhou et al., 2022b; Zhang
et al., 2022) rely on labeled samples from the target
domain to fine-tune the model or auxiliary adapters,
but such approaches are impractical in deployment
due to annotation and retraining costs. This moti-
vates the use of test-time adaptation (TTA), which
adapts the model on the fly using only unlabeled
test data to better handle distribution shifts.

Early TTA methods focus on prompt-based
strategies (Feng et al., 2023; Shu et al., 2022)
that adapt the textual prompts at test time by min-
imizing the prediction entropy. However, they
require repeated backpropagation through the en-
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Figure 2: Mechanism schematic of cache updating. Compared with entropy-only admission, DANCE integrates an
entropy-based reliability signal with diversity-oriented exploration in its cache admission and replacement rules. The
upper and lower panels illustrate how the two strategies differ under samples with varying reliability and novelty.

coder, which incurs substantial computational over-
head and high latency, limiting their practicality
in real-time settings (Huang et al., 2025). To im-
prove efficiency, cache-based TTA strategies (Kar-
manov et al., 2024; Zhang et al., 2024b,a) have
gained substantial traction, shifting adaptation from
per-sample backpropagation to retrieval from ac-
cumulated test-time evidence. They maintain a
cache from sequential test samples, typically up-
dated via a low-entropy filtering strategy, and query
this cache at inference time to refine predictions.

However, we identify two key limitations of
these TTA methods as follows. (1) Updating caches
via entropy-only filtering tends to over-admit a
few easy, high-confidence samples, resulting in
near-duplicate entries and reduced coverage of the
evolving target distribution. As illustrated in Fig. 1,
this may cause visual representations to deviate
from the evolving target data manifold, degrading
cache quality and ultimately distorting predictions.
(2) Cache retrieval based on cosine/inner-product
similarity in visual feature space is often unstable.
Since CLIP is trained to align visual and textual
embeddings rather than to optimize a visual–visual
similarity metric (Liang et al., 2022), empirical
analyses (Fan et al., 2025) further show that match-
ing and non-matching image–image pairs have
heavily overlapping cosine similarity distributions.
Such poor separation makes neighbor retrieval sen-
sitive to small perturbations under shift, amplifying
pseudo-label noise in cache-based corrections.

To address these challenges, we propose DANCE
(Diversity-attended Dynamic Caching with Asym-

metric Quantization), a novel test-time adaptation
framework that jointly redesigns how caches are
maintained and how they are queried under distri-
bution shift. On the maintenance side, DANCE per-
forms diversity-attended dynamic caching that se-
lectively admits reliable and complementary test in-
stances, thereby yielding representative class-wise
visual prototypes of the evolving test-time distribu-
tion, as illustrated in Fig. 2. On the retrieval side,
DANCE adopts an asymmetric quantization scheme,
inspired by large-scale visual feature retrieval, that
quantizes cached features to suppress representa-
tion noise while keeping query embeddings real-
valued to preserve expressive power. This asym-
metric similarity is used consistently for cache up-
date and logits refinement, enabling more efficient
and robust use of the cache under distribution shift.
The core contributions of this work are as follows:
❶ New Perspective. We treat test time adaptation

as a dynamic distribution tracking process that
incorporates distributional diversity alongside
entropy-based filtering to mitigate representa-
tion narrowing in streaming scenarios.

❷ Novel Methodology. We propose DANCE, a
framework integrating stable view selection for
sample denoising, diversity-attended cache up-
dates for distribution coverage, and asymmetric
quantization for robust visual retrieval.

❸ Empirical Analysis. We conduct extensive
experiments on multiple benchmark datasets,
showing that DANCE consistently improves
VLMs’ robustness to distribution shift and out-
performs representative TTA methods.
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2 Related Work

Zero-shot Inference of VLMs. Although VLMs
like CLIP (Radford et al., 2021) and ALIGN (Jia
et al., 2021) exhibit impressive zero-shot capabil-
ities across a wide range of recognition tasks (Yu
et al., 2022), their performance often degrades no-
ticeably on target domains with significant distribu-
tion shifts (Li et al., 2022; Xiong et al., 2023). To
address this issue, a common way is to adapt the
model using a small amount of labeled data from
the downstream task. Prompt-learning methods
such as CoOp (Zhou et al., 2022b) and CoCoOp
(Zhou et al., 2022a) learn continuous prompts or
meta-prompts from labeled examples to better align
the text branch with the target distribution. In paral-
lel, adapter-based approaches (Zhang et al., 2022)
like Tip-Adapter and TaskRes (Yu et al., 2023)
construct feature memories from a few labeled in-
stances and then refine predictions. Although these
methods are effective, they depend on labeled tar-
get data and costly offline retraining, which may
be unrealistic in many practical deployment sce-
narios and therefore motivate more data-efficient
adaptation strategies (Luo et al., 2025b).
Test-time Adaptation. Test-time adaptation ad-
justs the model on the fly at inference time based
solely on unlabeled test data, allowing VLMs to bet-
ter cope with distribution shifts (Farina et al., 2024;
Nguyen et al., 2025). Early TTA for VLMs focused
on prompt optimization at test time. For instance,
TPT (Shu et al., 2022) adapts soft prompts via en-
tropy minimization over augmented views, while
DiffTPT (Feng et al., 2023) extends this by incorpo-
rating more diverse, diffusion-generated augmen-
tations. Despite their simplicity, these approaches
require per-sample backpropagation and frequent
model resets, leading to substantial computational
and latency costs. To improve efficiency, recent
work has increasingly turned to cache-based meth-
ods that exploit memories constructed from test
data. Representative methods (Karmanov et al.,
2024; Zhang et al., 2024a) maintain caches of test
features and pseudo-labels, querying them during
inference to refine model outputs. A more recent
cache-based method, DPE (Zhang et al., 2024a),
treats per-class cached features as visual prototypes
and learns residual updates to the textual prototypes
to edit decision boundaries. Despite promising ef-
ficiency, these methods still struggle to maintain
representative memories under evolving streams
and ensure reliable visual-space retrieval.

3 The Proposed DANCE

3.1 Problem Definition
Consider a Vision-Language Model (e.g., CLIP)
consisting of an image encoder Eimg and a text
encoder Etxt that map inputs into a shared d-
dimensional space. For a downstream task with
classes C = {1, . . . , C}, each class c is represented
by a text embedding f txt

c = Etxt(Tc). Given a test
image x, the image encoder produces a visual fea-
ture f = Eimg(x). The zero-shot probability distri-
bution p0 is computed as follows:

p0(y = c | x) = exp(s(f, f txt
c )/t)

∑C
c′=1 exp(s(f, f

txt
c′ )/t)

, (1)

where s(·, ·) denotes cosine similarity and t repre-
sents the temperature parameter. The initial predic-
tion is ŷ0 = argmaxc p0(y = c | x). In the on-the-
fly TTA setting, the model encounters an unlabeled
target stream {xt}Tt=1 under an evolving distribu-
tion shift. The goal is to leverage such streaming
target information to boost test-time adaptation per-
formance in the absence of ground-truth labels.

3.2 Framework Overview
We present DANCE, a novel method for test-time
adaptation in Vision-Language Models, as illus-
trated in the overview in Figure 3. For each incom-
ing image xt, we (1) form a proxy representation by
selecting reliable augmented views, (2) update the
predicted-class cache using a reliability–novelty
admission mechanism, and (3) retrieve cached pro-
totypes to produce a cache-based logit correction
and apply a lightweight prototype alignment. No-
tably, we employ asymmetric quantization (AQ)
similarity as a unified retrieval primitive in both
cache updating and prototype retrieval.

3.3 Stable Augmented-view Selection
In test-time adaptation, a single test image xt is typ-
ically transformed into multiple augmented views
{xa}Aa=1, each passed through VLM to produce an
image feature fa and logits za. Due to the stochas-
tic nature of augmentation, a common heuristic is
to select the views with low prediction entropy ea
and average their features and logits. However, en-
tropy is a purely per-view confidence measure and
does not enforce consistency in the representation
space, which can introduce semantic noise into the
proxy representation of the sample.

To obtain a faithful proxy, we propose a stable
view selection mechanism that filters noisy aug-
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Figure 3: Overview of our DANCE. Stable view fusion constructs a proxy feature from augmented views, which
updates a class-wise cache with a diversity-attended rule. Retrieved visual prototypes provide cache logits that
refine the predictions of VLMs, with AQ serving as the shared similarity for cache updating and retrieval. This
design helps maintain informative prototypes over the test stream and improves robustness under distribution shift.

mentations by enforcing feature-space consistency
alongside prediction confidence. We first compute
the consistency between each augmented feature
fa and augmentations center f̄ , where f̄ denotes
the mean feature over all augmentations:

ca =
1

2

(
f⊤
a f̄ + 1

)
. (2)

Then, we combine reliability and consistency into
a scalar view selection score:

ua = −ea + αcons ca, (3)

where αcons controls the influence of semantic
consistency. We retain the top-M augmentations
with the largest view scores {ua} and denote
their indices by A⋆. We then compute wa =
softmaxa∈A⋆(−ea) to fuse features and logits:

ft =
∑

a∈A⋆

wa fa, zt =
∑

a∈A⋆

wa za. (4)

The resulting pseudo-label ŷt = argmaxc zt,(c)
and mean entropy et jointly form the basis for sub-
sequent cache updates and logit refinement.

3.4 Diversity-attended Dynamic Cache for
Shift Tracking

A typical entropy-only cache update rule may
repeatedly admit near-duplicate high-confidence
samples, progressively narrowing cache coverage
within each class. To keep the cache maximally
useful for downstream refinement, DANCE uses a
reliability-gated, diversity-aware update. Specifi-
cally, reliability serves as a guardrail against noisy

pseudo-labels, while diversity is used to select com-
plementary exemplars that expand intra-class cov-
erage rather than repeatedly storing a few easy sam-
ples. An intuitive overview of this cache update
mechanism is provided in Figure 2 for clarity.

Let Cŷt = {fi}Ki=1 denote the per-class cache
associated with the predicted class ŷt. To maintain
a diverse exemplar set, we quantify the novelty of
each new sample ft by its incremental contribution
to the existing feature distribution. Specifically,
we retrieve the nearest neighbor of ft from Cŷt
and define novelty as the corresponding feature
dissimilarity (Zhou et al., 2025b):

N (ft, Cŷt) = 1− max
i∈[K]

sim(ft, fi). (5)

Here sim(·, ·) is a similarity operator for retrieval
in the visual feature space, whose concrete instanti-
ation will be specified in Sec. 3.5. A high novelty
score indicates that ft resides in a previously under-
represented region of the feature space, thereby
expanding the diversity of the exemplar bank. We
then assign each candidate an admission score for
cache admission, coupling entropy-based reliability
with diversity-attended incrementality:

St = −et + λeff · N (ft, Cŷt),
λeff = λnov exp(−αnovet),

(6)

where λnov and αnov are hyperparameters control-
ling the novelty scale and its sensitivity to uncer-
tainty. In this formulation, λeff acts as an adap-
tive coefficient that automatically suppresses the
novelty term when prediction entropy is high, en-
suring that cache diversity expands only when the
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pseudo-label is likely reliable, thereby preventing
boundary drift from noisy outliers. We maintain
each per-class cache as a priority queue of size
K. Each cache entry stores (f, ℓp, S), i.e., the fea-
ture, pseudo-label, and its priority key. Once the
capacity K is reached, the sample ft replaces the
entry with the minimum score Smin if St > Smin.
This dynamic maintenance ensures the cache re-
mains a compact yet representative summary of the
target stream, which in turn enables more stable
adaptation under evolving distribution drift.

3.5 Prototypical Logit Adjustment with
Asymmetric Quantization

Given the proxy representation (ft, zt, et), a natu-
ral way to improve zero-shot predictions is to aggre-
gate target-stream evidence from a class-wise cache
and use it to adjust decision boundaries. However,
cache-based refinement is only as reliable as the un-
derlying visual-space retrieval that identifies which
cached exemplars should contribute to the correc-
tion. In CLIP-style cross-modal embedding spaces,
image–image similarities can exhibit substantial
overlap, leading to frequent near-ties among top
candidates (as discussed in Sec. 1). Consequently,
small feature perturbations may flip the top-k or-
dering and produce high-magnitude but incorrect
cache corrections. This issue is especially criti-
cal in our framework because retrieval appears in
two coupled places: (i) cache maintenance, where
novelty is estimated via nearest-neighbor search in
Eq. 5, and (ii) logit refinement, where prototypes
are retrieved to form cache correction. We there-
fore treat retrieval stability as a first-class design
goal and introduce asymmetric quantization (AQ)
as the core retrieval primitive in DANCE.

Asymmetric Quantization. Robust nearest-
neighbor retrieval has been widely studied in the
visual retrieval community (Malkov and Yashunin,
2018; Neyshabur et al., 2013; Liu et al., 2025),
where asymmetric binary coding improves ranking
robustness by binarizing database features while
keeping queries continuous (Neyshabur et al., 2013;
Shen et al., 2017; Da et al., 2017). Motivated by
this principle, we binarize only the cached keys
and keep the query feature continuous. Given a
query feature ft ∈ Rd and a cache key fi ∈ Rd, we
compute a binary code for the key:

bi = sign(fi) ∈ {−1,+1}d. (7)

We ℓ2-normalize the query as f̄t = Norm(ft) and

define the asymmetric similarity:

simAQ(ft, fi) =
1

d
f̄⊤
t bi ∈ [−1, 1]. (8)

Beyond efficiency, the appeal of AQ lies in its asym-
metric design, which stabilizes neighbor ranking
by reducing sensitivity to small perturbations in
the stored keys, while continuous queries preserve
expressive power. Based on this, we adopt simAQ

as the unified retrieval primitive throughout DANCE,
and apply it consistently to both prototypical logit
correction and dynamic cache maintenance.

Prototypical Logit Correction. We summarize
each class in the cache by its averaged feature,
yielding a prototype bank Fcache ∈ RN×d, where
N is the number of available class prototypes in the
cache. Following the residual adaptation scheme in
Zhang et al. (2024a), we use a lightweight residual
parameterization to adjust both the text prototypes
(text embeddings W ) and the visual prototypes:

W̃ = Norm(W +∆W ),

F̃cache = Norm(Fcache +∆F ),
(9)

where ∆W and ∆F are learnable residuals op-
timized via entropy minimization and prototype
alignment on the cached data. The final predic-
tion for the test query ft is then derived from a
fusion of the original zero-shot VLM logit with a
cache-based correction computed via AQ retrieval:

zfinalt = f⊤
t W̃
︸ ︷︷ ︸

VLM

+ g
(
simAQ

(
ft, F̃cache

))⊤
Lcache

︸ ︷︷ ︸
Cache Correction

,

(10)
where Lcache ∈ {0, 1}N×C is a one-hot row matrix
mapping each prototype to its class, and g(x) =
α exp(−β(1− x)) is a modulation function (Kar-
manov et al., 2024). This formulation allows the
model to rectify zero-shot misclassifications by re-
trieving relevant target-domain prototypes.

Finally, we use the same AQ similarity in cache
maintenance by instantiating Eq. 5 with simAQ:

N (ft, Cŷt) = 1− max
fi∈Cŷt

simAQ(ft, fi), (11)

with N (ft, Cŷt) = 1 when |Cŷt | = 0. This unifies
cache admission and prototypical logit adjustment
under a single retrieval primitive, improving ro-
bustness to similarity near-ties and yielding more
reliable cache corrections under distribution shift.
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Method Aircraft Caltech Cars DTD EuroSAT Flower Food101 Pets SUN397 UCF101 AVG
CLIP-ResNet-50 15.66 85.88 55.70 40.37 23.69 61.75 73.97 83.57 58.80 58.84 55.82
Ensemble 16.11 87.26 55.89 40.37 25.79 62.77 74.82 82.97 60.85 59.48 56.60
CoOp (Zhou et al., 2022b) 15.12 86.53 55.32 37.29 26.20 61.55 75.59 87.00 58.15 59.05 56.18
TPT (Shu et al., 2022) 17.58 87.02 58.46 40.84 28.33 62.69 74.88 84.49 61.46 60.82 57.66
DiffTPT (Feng et al., 2023) 17.60 86.89 60.71 40.72 41.04 63.53 79.21 83.40 62.72 62.67 59.85
TDA (Karmanov et al., 2024) 17.61 89.70 57.78 43.74 42.11 68.74 77.75 86.18 62.53 64.18 61.03
DPE (Zhang et al., 2024a) 19.80 90.83 59.26 50.18 41.67 67.60 77.83 85.97 64.23 61.98 61.93
BCA (Zhou et al., 2025a) 19.89 89.70 58.13 48.58 42.12 66.30 77.19 85.58 63.38 63.51 61.44
DANCE 22.65 90.83 61.46 55.12 42.03 69.71 78.40 86.26 65.83 63.60 63.59

CLIP-ViT-B/16 23.67 93.35 65.48 44.27 42.01 67.44 83.65 88.25 62.59 65.13 63.58
Ensemble 23.22 93.55 66.11 45.04 50.42 66.99 82.86 86.92 65.63 65.16 64.59
CoOp (Zhou et al., 2022b) 18.47 93.70 64.51 41.92 46.39 68.71 85.30 89.14 64.15 66.55 63.88
TPT (Shu et al., 2022) 24.78 94.16 66.87 47.75 42.44 68.98 84.67 87.79 65.50 68.04 65.10
DiffTPT (Feng et al., 2023) 25.60 92.49 67.01 47.00 43.13 70.10 87.23 88.22 65.74 62.67 65.47
TDA (Karmanov et al., 2024) 23.91 94.24 67.28 47.40 58.00 71.42 86.14 88.63 67.62 70.66 67.53
DPE (Zhang et al., 2024a) 28.95 94.81 67.31 54.20 55.79 75.07 86.17 91.14 70.07 70.44 69.40
BCA (Zhou et al., 2025a) 28.59 94.69 66.86 53.49 56.63 73.12 85.97 90.43 68.41 67.59 68.59
GS-Bias + E (Huang et al., 2025) 26.49 94.60 67.33 46.10 52.42 71.94 86.09 90.38 67.40 67.59 67.03
DANCE 31.29 95.82 69.01 57.45 58.30 75.80 86.61 91.74 70.77 70.90 70.74

Table 1: Compared performance of different methods on cross-dataset generalization across ten benchmark datasets.

3.6 Theoretical analysis
In this part, we present a theoretical analysis of the
DANCE framework, focusing on how the diversity-
attended dynamic cache offers superior adaptabil-
ity to distribution shifts compared to conventional
entropy-based caches. To facilitate the analysis,
we consider a binary classification setting (C = 2)
with balanced classes and two environments: the
source environment Es and the target environment
Et, representing a distribution shift.

We model the distribution of the feature f in
each environment as the multivariate normal distri-
bution N (µs, σ

2
s,nI) and N (µt, σ

2
t I), respectively,

where µs and µt denote the class means, and σ2
s,n,

σ2
t,n are the variances. We assume that both σs,n

and σt,n converge to zero as the number of samples
n increases, implying that features become concen-
trated around their respective class means and that
within-environment variation diminishes.

Correspondingly, we model the prediction prob-
ability of the first class in each environment as fol-
lowing a Beta distribution: Beta(αs,n, βs,n) and
Beta(αt, βt), where αs,n → 1, βs,n → 0, αt > 0,
and βt > 0 as n → ∞. This captures the intuition
that, as more samples are observed, the model be-
comes more confident in its predictions, leading to
lower entropy values that are sharply concentrated
near zero in source environment. With the predic-
tion probability, we can compute the prediction
entropy e under each environment.

Theorem 3.1. Assume we have a fixed cache size
K. As the number of samples n → ∞,
1. Under an entropy-only cache update rule, the

probability that all top-K samples originate
from the source environment Es converges to 1.

2. Under the diversity-attended dynamic cache up-
date rule proposed in DANCE, there exists a suf-
ficiently large novelty weight λnov such that the
probability of selecting at least one sample from
the target environment Et converges to 1.

Theorem 3.1 indicates that, under an entropy-
only cache update rule, the cache may become
dominated by samples from the source environ-
ment, which can lead to poor adaptability to dis-
tribution shifts. In contrast, the diversity-attended
dynamic cache in DANCE encourages the selection
of samples from the target environment, thereby
enhancing the representativeness of the cache and
improving adaptability under distribution shift.

4 Experiment

4.1 Experiment Settings

Datasets. Following prior TTA work, we report
results under two main benchmarking scenarios:
(1) Cross-dataset generalization. We evaluate on
10 widely used target datasets: Aircraft (Maji
et al., 2013), Caltech101 (Fei-Fei et al., 2004), Cars
(Krause et al., 2013), DTD (Cimpoi et al., 2014),
EuroSAT (Helber et al., 2019), Flowers (Nilsback
and Zisserman, 2008), Food101 (Bossard et al.,
2014), Pets (Parkhi et al., 2012), SUN397 (Xiao
et al., 2010), and UCF101 (Soomro et al., 2012)
(Table 1). This setting measures adaptability and
generalization under distribution shift in real-world
transfer. (2) Robustness under natural distribution
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Method ImageNet -A -V2 -R -Sketch Average OOD Avg.
CLIP-ResNet-50 58.16 0.00 21.83 0.00 51.41 0.00 56.15 0.00 33.37 0.00 44.18 0.00 40.69 0.00
Ensemble 59.81↑1.65 23.24↑1.41 52.91↑1.50 60.72↑4.57 35.48↑2.11 46.43↑2.25 43.09↑2.40
CoOp (Zhou et al., 2022b) 63.33↑5.17 23.06↑1.23 55.40↑3.99 56.60↑0.45 34.67↑1.30 46.61↑2.43 42.43↑1.74
TPT (Shu et al., 2022) 60.74↑2.58 26.67↑4.84 54.70↑3.29 59.11↑2.96 35.09↑1.72 47.26↑3.08 43.89↑3.20
DiffTPT (Feng et al., 2023) 60.80↑2.64 31.06↑9.23 55.80↑4.39 58.80↑2.65 37.10↑3.73 48.71↑4.53 45.69↑5.00
TDA (Karmanov et al., 2024) 61.35↑3.19 30.29↑8.46 55.54↑4.13 62.58↑6.43 38.12↑4.75 49.58↑5.40 46.63↑5.94
DPE (Zhang et al., 2024a) 63.41↑5.25 30.15↑8.32 56.72↑5.31 63.72↑7.57 40.03↑6.66 50.81↑6.63 47.66↑6.97
BCA (Zhou et al., 2025a) 61.81↑3.65 30.35↑8.52 56.58↑5.17 62.89↑6.74 38.08↑4.71 49.94↑5.76 46.98↑6.29
GS-Bias + E (Huang et al., 2025) 62.05↑3.89 27.83↑6.00 55.91↑4.50 63.01↑6.86 36.98↑3.61 49.16↑4.98 45.93↑5.24
DANCE 64.03↑5.87 30.96↑9.13 56.63↑5.22 63.66↑7.51 40.49↑7.12 51.15↑6.97 47.94↑7.25

CLIP-ViT-B/16 66.73 0.00 47.87 0.00 60.86 0.00 73.98 0.00 46.09 0.00 59.11 0.00 57.20 0.00
Ensemble 68.34↑1.61 49.89↑2.02 61.88↑1.02 77.65↑3.67 48.24↑2.15 61.20↑2.09 59.42↑2.22
CoOp (Zhou et al., 2022b) 71.51↑4.78 49.71↑1.84 64.20↑3.34 75.21↑1.23 47.99↑1.90 61.72↑2.61 59.28↑2.08
TPT (Shu et al., 2022) 68.98↑2.25 54.77↑6.90 63.45↑2.59 77.06↑3.08 47.94↑1.85 62.44↑3.33 60.81↑3.61
DiffTPT (Feng et al., 2023) 70.30↑3.57 55.68↑7.81 65.10↑4.24 75.00↑1.02 46.80↑0.71 62.28↑3.17 60.52↑3.32
TDA (Karmanov et al., 2024) 69.51↑2.78 60.11↑12.24 64.67↑3.81 80.24↑6.26 50.54↑4.45 65.01↑5.90 63.89↑6.69
DPE (Zhang et al., 2024a) 71.91↑5.18 59.63↑11.76 65.44↑4.58 80.40↑6.42 52.26↑6.17 65.93↑6.82 64.43↑7.23
BCA (Zhou et al., 2025a) 70.22↑3.49 61.14↑13.27 64.90↑4.04 80.72↑6.74 50.87↑4.78 65.37↑6.26 64.16↑6.96
GS-Bias + E (Huang et al., 2025) 70.57↑3.84 56.61↑8.74 64.62↑3.76 80.49↑6.51 50.33↑4.24 64.52↑5.41 63.01↑5.81
DANCE 72.21↑5.48 60.06↑12.19 65.41↑4.55 80.46↑6.48 52.91↑6.82 66.21↑7.10 64.71↑7.51

Table 2: Performance comparisons on ImageNet and its distribution shifts. Each entry is annotated with the absolute
change (percentage points) relative to CLIP zero-shot under the same backbone.

shifts. We evaluate on ImageNet (Deng et al., 2009)
and four established shifted variants: ImageNet-A
(Hendrycks et al., 2021b), ImageNet-V2 (Recht
et al., 2019), ImageNet-R (Hendrycks et al., 2021a),
and ImageNet-S (Wang et al., 2019) (Table 2). This
benchmark tests the model’s ability to generalize
reliably to diverse unseen conditions.

Baselines. We compare DANCE with CLIP and
a set of representative TTA baselines. As non-
adaptive references, we report zero-shot CLIP and
an augmentation ensemble. As label-dependent of-
fline adaptation baselines, we include CoOp (Zhou
et al., 2022b). For prompt-based test-time adapta-
tion, we compare with TPT (Shu et al., 2022) and
DiffTPT (Feng et al., 2023). For cache-based adap-
tation, we compare with TDA (Karmanov et al.,
2024), DPE (Zhang et al., 2024a), and BCA (Zhou
et al., 2025a). In addition, we also include GS-
Bias+E (Huang et al., 2025), a parameter-efficient
baseline that adapts via explicit bias terms.

Implementation Details. Following prior work,
we adopt a pretrained CLIP model with standard
backbone choices. We follow the standard image
augmentation pipeline from Shu et al. (2022). In
line with Zhang et al. (2024a), prototypes undergo
a single AdamW update step, while the cache mod-
ulation is configured to match their setup. We
use a per-class cache capacity of K=10 by de-
fault, which provides adequate candidates for pro-
totype construction with manageable overhead. We
further study the effect of cache capacity in Ap-
pendix B. For simplicity and reproducibility, we
use the same hyperparameter setting across all

datasets, using top-1 accuracy as the primary eval-
uation metric. Results are averaged over multiple
random seeds and reported as the mean values.

4.2 Main Results

Cross-Datasets Generalization. We report cross-
dataset results in Table 1, comparing DANCE with
representative TTA baselines. DANCE consistently
outperforms strong baselines, with clear gains over
DPE in particular, which the average accuracy im-
proves from 61.93% to 63.54% on ResNet-50 and
from 69.40% to 70.75% on ViT-B/16. Notably,
DANCE yields larger gains on challenging targets,
e.g., DTD improves from 50.18% to 55.12%, while
remaining competitive across the other datasets.
We attribute these gains to more reliable cache evo-
lution and retrieval under shift, yielding a more
representative cache and reliable prediction.
Robustness under Natural Distribution Shifts.
We further report results on ImageNet and four
established natural distribution shifts in Table 2.
DANCE achieves strong robustness in aggregate,
obtaining the best overall performance on both
backbones (Average: 51.15% on ResNet-50 and
66.21% on ViT-B/16; OOD Average: 47.94% and
64.71%). The gains are most pronounced on chal-
lenging shifts such as ImageNet-S, where DANCE
attains the top accuracy for both backbones. We
attribute this to the improved quality of cached
prototypes and the more reliable retrieval process.
Overall, these results highlight DANCE’s strong abil-
ity to maintain robust test-time performance across
diverse datasets under natural distribution shifts.
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Components RN50 ViT-B/16
m1 m2 m3 avg ∆ avg ∆

✓ ✓ ✓ 63.59 0.00 70.74 0.00

× ✓ ✓ 63.49↓0.10 70.54↓0.20

✓ × ✓ 63.50↓0.09 70.61↓0.13

✓ ✓ × 62.59↓1.00 69.98↓0.76

✓ × × 62.75↓0.84 70.01↓0.73

× ✓ × 62.60↓0.99 69.96↓0.78

× × ✓ 63.47↓0.12 70.44↓0.30

× × × 61.93↓1.66 69.40↓1.34

Table 3: Ablation study on cross-dataset generaliza-
tion, reported as the average top-1 accuracy over 10
benchmark datasets. Each row removes one or more
key components of DANCE to assess their individual and
combined contributions to overall performance.

4.3 Further Analysis

Ablation Study. To verify the contribution of each
component in DANCE, Table 3 reports an ablation
study on cross-dataset generalization under two
backbones. Reverting our key designs to their
baseline counterparts results in consistent perfor-
mance drops, validating the necessity of each com-
ponent: ❶ Stable View Selection (m1): Replacing
it with entropy-based selection leads to a perfor-
mance decay, suggesting that enforcing feature-
space consistency yields more trustworthy anchors
and prevents noise accumulation in early adapta-
tion stages. ❷ Diversity-attended Admission (m2):
Replacing it with entropy-only filtering degrades
results across all backbones. This highlights that
maintaining cache diversity is crucial for cover-
ing evolving test distributions and strengthening
generalization. ❸ AQ-based Retrieval (m3): Re-
placing AQ-based retrieval with cosine similarity
causes clear drop, indicating that AQ provides a
more reliable retrieval mechanism. ❹ Component
Synergy: Beyond single-module ablations, remov-
ing arbitrary combinations leads to significantly
larger degradations. This underscores that these
components provide complementary benefits and
collectively form a robust framework for TTA.
Sensitivity Analysis. We study the sensitivity to
the novelty weight λnov used in cache admission.
We vary λnov and report accuracy on ImageNet
and the average over 10 cross-domain datasets in
Figure 5 and observe a stable region where perfor-
mance varies slightly. This parameter insensitivity
suggests that the proposed novelty gating is robust
to the choice of λnov. To maintain a consistent test-
time protocol, we use a single setting of λnov = 0.2
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Figure 4: Cache accuracy and final accuracy on four
cross-dataset targets, comparing DPE and DANCE.
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Figure 5: Sensitivity analysis of the novelty weight λnov

on ImageNet and the cross-domain datasets.

Dataset retr@1 (%) hurthit (%) top-1 acc (%)

DTD
47.64→52.66 1.07→0.62 50.16→55.12

↑5.02 ↓0.45 ↑4.96

Flowers
66.75→67.76 1.51→0.86 69.14→69.71

↑1.01 ↓0.65 ↑0.57

Caltech101
88.80→89.41 0.41→0.12 90.51→90.83

↑0.61 ↓0.29 ↑0.32

Cars
54.83→56.82 2.21→1.03 61.26→61.46

↑1.99 ↓1.18 ↑0.20

Table 4: Diagnostic comparison between cosine re-
trieval and AQ for cache-based refinement. Results
are consistently reported as cosine → AQ, with absolute
changes (percentage points) shown in parentheses.

in all experiments. Additional hyperparameter sen-
sitivity results are provided in the Appendix C.
Cache Reliability. We evaluate cache reliability
using the top-1 accuracy of the cache-branch pre-
diction (Eq. 10), denoted as cache acc, and report
it alongside the final model accuracy (test acc).
Across the four datasets, DANCE yields higher
cache accuracy than DPE, and the same trend is re-
flected in the final prediction accuracy. Notably, the
substantial improvement in cache acc validates that
our diversity-attended admission and AQ-based re-
trieval effectively curate a more representative and
high-fidelity exemplar bank. This superior cache
quality provides a more dependable foundation for
logit correction, ultimately translating into higher
final prediction accuracy under distribution shift.
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Retrieval Reliability. To further understand why
AQ out-performs standard cosine similarity, we
introduce two diagnostic metrics to evaluate the
reliability of prototype retrieval: (i) Retr@1, the
hit rate of top-1 retrieved prototypes matching the
query’s ground-truth class; and (ii) HurtHit, the
rate of correct base predictions being miscorrected
by faulty visual retrieval. As shown in Table 4, AQ
consistently improves Retr@1 while suppressing
HurtHit rate. These results demonstrate that AQ
effectively retrieves more class-faithful prototypes
and prevents detrimental updates, directly under-
pinning the observed gains in overall accuracy.

5 Conclusion
We propose DANCE, a novel test-time adaptation
framework for VLMs under distribution shift.
DANCE enhances adaptation by integrating sta-
ble augmented-view selection, diversity-attended
cache updates, and robust visual-space retrieval.
Extensive experiments support the effectiveness of
this design for test-time adaptation. More broadly,
DANCE shows how coherently selecting, retaining,
and exploiting historical target evidence can im-
prove shift tracking and test-time recognition.

Limitations

While DANCE demonstrates promising performance
in test-time adaptation, an important limitation re-
mains to be considered. Although our diversity-
attended cache update strategy effectively expands
the coverage of visual prototypes by incorporat-
ing features that are both confident and novel, the
framework does not explicitly account for cases
where the backbone model exhibits overconfidence
in out-of-distribution noise. This may introduce
subtle drift in class prototypes in scenarios charac-
terized by high-intensity adversarial perturbations.
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A Proof of Theorem 3.1

Proof. We fix the cache size to K and, without loss
of generality, focus on samples from the first class.
Let es and et denote the prediction entropy of a
sample drawn from the source environment Es and
target environment Et, respectively.

We begin by analyzing prediction entropy
in each environment. For a Beta distribution
Beta(α, β), the mean and variance are given by:

µ =
α

α+ β
, σ2 =

αβ

(α+ β)2(α+ β + 1)
.

Under the source environment Es, as n → ∞,
we have

µs,n =
αs,n

αs,n + βs,n
→ 1,

and

σ2
s,n =

αs,nβs,n
(αs,n + βs,n)2(αs,n + βs,n + 1)

→ 0.

This implies that the predicted class probability
concentrates around 1, and consequently, the pre-
diction entropy es converges to 0 in probability.
Moreover, since the maximum operator is continu-
ous, the continuous mapping theorem implies that
the largest K entropy values among samples from
Es also converge to 0 in probability.

In contrast, under the target environment Et, we
assume that αt and βt are positive constants. As
a result, the predicted class probability follows a
non-degenerate distribution with mean

µt =
αt

αt + βt
, σ2

t =
αtβt

(αt + βt)2(αt + βt + 1)
.

Accordingly, the prediction entropy et also has a
non-degenerate distribution. Since entropy is non-
negative and strictly positive with probability one
under this setting, we have P(et > 0) = 1.

Therefore, if samples are selected solely based
on entropy, the probability that all top-K selected
samples originate from the source environment Es
converges to 1, potentially leading to a cache that
is unrepresentative of the target environment Et.

Next, we analyze the effect of incorporating a
novelty term into the sample selection process. The
novelty term encourages the selection of samples
that are dissimilar to those already present in the
cache, thereby promoting diversity. Mathemati-
cally, we define the novelty of a sample ft with
respect to the cache C as:

N (ft, C) = 1−max
fi∈C

sim(ft, fi),

where sim(·, ·) denotes the cosine similarity.
We now examine the behavior of the initial sam-

ples under the diversity-attended dynamic cache
mechanism. Since the cache is initially empty, the
first sample f1 is admitted solely based on its en-
tropy e1. From the earlier analysis, as n → ∞,
f1 is drawn from the source environment Es with
probability approaching 1.

Now consider a second sample f2 also drawn
from Es. The similarity sim(f2, f1) converges to
1 in probability as n → ∞, causing the novelty
term N (f2, {f1}) to converge to 0. The resulting
admission score for f2 is given by:

S2 = −e2 + λeff · N (f2, {f1}),

which converges to −e2 in probability. Since e2 →
0 in probability, we have S2 → 0 in probability.

Now suppose the third sample f3 is drawn from
the target environment Et. In this case, the simi-
larity sim(f3, f1) converges to a value less than 1
in probability, resulting in a positive novelty score
N (f3, {f1}) with high probability. Since the en-
tropy e3 is bounded above by 2 log 2 in binary clas-
sification, it remains finite. Thus, for a suitably
chosen λeff , the admission score

S3 = −e3 + λeff · N (f3, {f1})

can be positive with probability approaching 1.
This implies that f3 has a high chance of being
admitted to the cache, despite its entropy being
potentially higher than that of samples from Es.
Therefore, the second sample in the cache comes
from the target environment Et with probability ap-
proaching 1, improving the representativeness of
the cache across environments.

B Effect of Cache Size (Shot-Capacity)

We analyze the effect of the per-class cache size
K (shot-capacity) on cross-dataset performance.
Table 5 shows that increasing the cache capac-
ity consistently improves over the conventional
small-cache regime: compared with K=3, both
K=10 and K=16 yield higher accuracy. Notably,
K=3 corresponds to the setting that is commonly
adopted in prior cache-based adaptation methods
(and is typically their best-performing choice), yet
such a small capacity is more prone to redundancy
and coverage shrinkage, which can lead to cache
collapse and less representative class-wise proto-
types under streaming shift. In contrast, DANCE
remains effective when scaling the cache to larger
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Cache Size DTD Pets Caltech UCF101

DPE (K=3) 54.20 91.14 94.81 70.44

DANCE (K=3) 57.09 91.52 95.42 70.61
DANCE (K=10) 57.45 91.74 95.82 70.90
DANCE (K=16) 57.39 91.71 95.78 70.76

Table 5: Effect of cache size K (shot-capacity) on cross-
dataset performance (Top-1 accuracy, %). Best in bold;
second-best underlined (among DANCE variants).
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Figure 6: Sensitivity to the consistency weight αcons.
Average Top-1 accuracy over 10 cross-domain datasets
as αcons varies in stable augmented-view selection.

capacities, indicating that it can exploit additional
target-stream evidence without being overly suscep-
tible to accumulating noise. The comparison with
DPE at its default setting K=3 suggests that the
gains are not merely from enlarging the cache, but
from our reliability–diversity admission strategy,
which maintains reliable prototypes as K increases.

C Additional Hyperparameter Studies

C.1 Sensitivity of Stable View Selection

We evaluate the sensitivity of the consistency
weight αcons used in stable augmented-view se-
lection, where αcons trades off feature-space con-
sistency with entropy-based reliability when se-
lecting augmented views for fusion. Figure 6 re-
ports the average accuracy across 10 cross-domain
datasets under different αcons values. We observe a
relatively stable operating region across moderate
αcons choices, and use a single shared αcons = 0.5
in all experiments for consistency and simplicity.

C.2 Sensitivity to the Entropy-Adaptation
Coefficient

We examine the effect of the entropy-adaptation
coefficient αnov in the entropy-adaptive novelty
weighting (Fig. 7). We vary αnov and report the
average accuracy over a representative subset of
datasets, including FGVC, Caltech101, DTD, Flow-
ers102, OxfordPets, and SUN397. The coefficient
αnov controls how strongly the effective novelty
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Figure 7: Sensitivity to the entropy-adaptation coef-
ficient αnov. We sweep αnov and report the average
accuracy over six representative datasets.

weight λeff = λnov exp(−αnovet) is attenuated by
prediction entropy, i.e., the sensitivity of novelty-
driven admission to uncertainty. As shown in Fig. 7,
moderate values balance diversity-seeking updates
under confident predictions while suppressing nov-
elty contributions when predictions are uncertain,
leading to stable behavior across the sweep. Ac-
cordingly, we use αnov = 0.2 in all experiments.

D Language-side Extension of DANCE

We further examine whether the core reliability-
and-novelty principle in DANCE also benefits the
text side of VLMs, in line with broader evidence
that unlabeled data can benefit language-side adap-
tation (Luo et al., 2025a). Specifically, instead
of uniformly averaging all prompts to construct
the class text prototype, we apply a reliability-and-
novelty-driven prompt selection strategy to obtain
a more representative prompt subset for each class,
and then fuse the selected prompts with score-based
weights. Here, reliability measures how confidently
a prompt supports its class on test images predicted
as that class, while novelty encourages selecting
prompts that are complementary rather than redun-
dant. For simplicity, the selection score is defined
as the sum of the two terms, and the subset size is
fixed to approximately 30% of the full prompt pool
per class. Table 6 reports the gains over the stan-
dard all-prompt averaging baseline. We observe
consistent improvements across datasets and back-
bones, suggesting that the reliability-and-novelty
principle may also provide useful guidance for text-
side prototype construction in VLMs.

E Additional Implementation Details

E.1 Dataset Statistics

Table 7 summarizes the datasets used in our evalu-
ation, including the number of categories, the sizes
of the official splits (train/val/test when available),
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Backbone DTD FGVC Flowers Caltech UCF101 Pets Cars SUN397 Food101 EuroSAT Avg.

ViT-B/16 ↑2.08 ↑0.60 ↑1.58 ↑0.73 ↑1.32 ↑1.17 ↑0.24 ↑1.36 ↑0.09 ↑0.25 ↑0.94
RN50 ↑3.07 ↑1.08 ↑1.99 ↑0.37 ↑1.85 ↑3.03 ↑0.18 ↑1.94 ↑0.35 ↑0.33 ↑1.42

Table 6: Language-side extension of DANCE. Top-1 accuracy gain (%) over standard all-prompt averaging.

Dataset Classes Train Val Test Task
Caltech101 (Fei-Fei et al., 2004) 101 4,128 1,649 2,465 Object recognition
DTD (Cimpoi et al., 2014) 47 2,820 1,128 1,692 Texture recognition
EuroSAT (Helber et al., 2019) 10 13,500 5,400 8,100 Remote sensing recognition
FGVCAircraft (Maji et al., 2013) 100 3,334 3,333 3,333 Fine-grained aircraft recognition
Flowers102 (Nilsback and Zisserman, 2008) 102 4,093 1,633 2,463 Fine-grained flower recognition
Food101 (Bossard et al., 2014) 101 50,500 20,200 30,300 Fine-grained food recognition
OxfordPets (Parkhi et al., 2012) 37 2,944 736 3,669 Fine-grained pet recognition
StanfordCars (Krause et al., 2013) 196 6,509 1,635 8,041 Fine-grained car recognition
SUN397 (Xiao et al., 2010) 397 15,880 3,970 19,850 Scene recognition
UCF101 (Soomro et al., 2012) 101 7,639 1,898 3,783 Action recognition
ImageNet (Deng et al., 2009) 1,000 1,281,167 50,000 50,000 Large-scale object recognition
ImageNet-V2 (Recht et al., 2019) 1,000 – – 10,000 Distribution shift benchmark
ImageNet-Sketch (Wang et al., 2019) 1,000 – – 50,889 Sketch-domain shift benchmark
ImageNet-A (Hendrycks et al., 2021b) 200 – – 7,500 Natural adversarial shift benchmark
ImageNet-R (Hendrycks et al., 2021a) 200 – – 30,000 Artistic renditions benchmark

Table 7: Dataset statistics used in our experiments. Evaluation-only ImageNet variants provide test splits only.

Dataset Prompt templates
ImageNet / V2 / Sketch / A / R “a photo of a {CLASS}.”

“itap of a {CLASS}.”
“a bad photo of a {CLASS}.”
“a photo of the large {CLASS}.”
“a photo of the small {CLASS}.”
“an origami {CLASS}.”
“art of a {CLASS}.”

Caltech101 (Fei-Fei et al., 2004) “a photo of a {CLASS}.”
DTD (Cimpoi et al., 2014) “a {CLASS} texture.”
EuroSAT (Helber et al., 2019) “a centered satellite photo of {CLASS}.”
FGVCAircraft (Maji et al., 2013) “a photo of a {CLASS}, a type of aircraft.”
Flowers102 (Nilsback and Zisserman, 2008) “a photo of a {CLASS}, a type of flower.”
Food101 (Bossard et al., 2014) “a photo of {CLASS}, a type of food.”
OxfordPets (Parkhi et al., 2012) “a photo of a {CLASS}, a type of pet.”
StanfordCars (Krause et al., 2013) “a photo of a {CLASS}.”
SUN397 (Xiao et al., 2010) “a photo of a {CLASS}.”
UCF101 (Soomro et al., 2012) “a photo of a person doing {CLASS}.”

Table 8: Prompt templates used in our experiments. {CLASS} indicates the dataset-specific class name.

and the primary recognition task of each bench-
mark. For evaluation-only ImageNet variants, only
the test split is provided by default.

E.2 Prompt Templates

We use a small set of hand-crafted prompt tem-
plates to instantiate class names for each dataset.
Besides these prompts, we utilize CuPL (Pratt et al.,
2023) prompts as in DPE (Zhang et al., 2024a).

F Discussion of Recent Related Methods

Recent works also approach test-time adaptation
from a cache-based perspective, but improve cache
quality from different directions.

• ReTA. (Liang et al., 2025b) ReTA improves
cache reliability mainly from the text side, by en-
forcing consistency through multi-prompt voting
and modeling text prototypes with Gaussian dis-
tributions. In contrast, DANCE operates primar-
ily in the visual feature space: it first stabilizes
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augmented-view selection through feature-space
consistency, and then explicitly controls how the
cache evolves through reliability-and-novelty-
based admission. Therefore, ReTA mainly im-
proves sample trustworthiness, whereas DANCE
additionally emphasizes distributional coverage
of the evolving target stream. These two direc-
tions are largely complementary.

• MCP. (Chen et al., 2025) MCP adopts a multi-
cache design with different caches serving dis-
tinct functional roles. DANCE maintains a sin-
gle unified class-wise cache, which simplifies
storage and coordination. Moreover, MCP pro-
motes compactness through prototype proximity,
whereas DANCE explicitly reduces redundancy
by favoring reliable yet novel samples during
admission. As a result, MCP and DANCE differ
not only in design (multi-cache versus unified
cache), but also in cache curation (compactness-
oriented versus diversity-attended).

• SCA. (Guan et al.) SCA follows a statistics-
caching paradigm, where target information is
accumulated implicitly through running feature
statistics. DANCE instead keeps explicit repre-
sentative exemplars and forms class-wise visual
prototypes from them. This explicit exemplar-
based design provides two advantages: it enables
direct cache diagnostics and interpretability, and
it naturally supports asymmetric quantization as
a unified retrieval primitive for both cache updat-
ing and logit refinement. Such capabilities are
less natural under statistics-based aggregation.

• CRG. (Zhai et al., 2025) CRG mitigates cache
noise mainly at inference time, while retain-
ing an entropy-only caching strategy for mem-
ory construction. DANCE instead introduces
a diversity-attended admission mechanism to
reduce redundancy and improve the quality of
cached samples during cache evolution. In ad-
dition, DANCE incorporates asymmetric quanti-
zation to enhance retrieval robustness in the vi-
sual feature space. Overall, CRG focuses on im-
proving cache usage at inference time, whereas
DANCE provides a complementary perspective
by emphasizing cache construction and retrieval.
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