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Abstract. Vision-language models (VLMs) excel at zero-shot recogni-
tion, yet their performance degrades under distribution shifts during in-
ference. Unsupervised test-time adaptation (TTA) often relies on noisy
pseudo-labels or heuristics, offering limited guidance for where decision
boundaries should move; existing active TTA (ATTA) methods typi-
cally treat annotations as local fixes rather than structured updates to
the shared semantics of VLMs. We introduce PAA (Probe, Anchor, and
Amend), an ATTA framework that treats visual and textual prototypes
as an evolving state and updates this state through a three-step cycle. In
each cycle, the Probe step performs prototype-guided querying under a
class-balanced budget, selecting both central samples to preserve source
knowledge and boundary samples to track distribution shifts. Using only
binary verifications, the Anchor step applies a prototype-regularized up-
date that couples cross-modal alignment with intra-class compactness
and inter-class separation, yielding a decision space that is stable yet
plastic. As a slow controller, the Amend step revisits past hard cases
stored in memory and converts temporal discrepancies into memory-
driven self-refinement. Across VLM test-time benchmarks, PAA delivers
consistent gains over strong TTA and ATTA baselines under comparable
annotation budgets and compute, turning sparse, delayed feedback into
structured evolution of the prototype-anchored decision space.
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1 Introduction

Vision-language models (VLMs) [5, 14, 16, 29, 37] revolutionize multimodal un-
derstanding through their ability to align visual and textual representations with
large-scale pretraining. Although these models achieve impressive zero-shot gen-
eralization, their deployment in real-world scenarios is hindered by a critical
challenge: adapting to dynamic data distributions during inference. In practice,
the decision boundaries of the target domain evolve over time, requiring mod-
els to stay stable against noise yet plastic to genuine shifts. A natural solution
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Fig. 1: Comparison of existing ATTA methods with PAA. (a) Existing ATTA
methods apply local corrections, which often fail to consistently reshape the shared
decision boundary under evolving shifts, especially for VLMs whose visual-textual se-
mantics drift jointly. (b) Our PAA treats class-wise visual and textual prototypes as an
evolving state and converts sparse supervision into stable yet plastic prototype updates
that move the boundary in the right direction.

is to adapt VLMs to the target stream as it drifts. Efficient fine-tuning ap-
proaches such as prompt tuning [2, 18, 31, 45, 46, 48] or adapter-based methods
[9,20,39,41,42] typically require labeled target data, which is impractical under
abrupt shifts. Test-time adaptation (TTA) [15, 33] updates models online using
unlabeled streams; recent VLM-specific extensions [6,8,17,22,24,27,40,43,44,47]
show promising robustness gains. However, they often depend on pseudo-labels
or heuristic strategies and lack guidance on where class boundaries should move
under complex evolving shifts.

Active test-time adaptation (ATTA) [10,34] emerges as a promising paradigm
to overcome these limitations by incorporating active learning into the adapta-
tion process and querying limited human annotations to guide model adaptation.
However, the supervision often operates as local corrections, with limited mech-
anisms that consolidate these signals into a structured update of the shared deci-
sion space, which is particularly limiting for VLMs whose multimodal semantics
evolve across both visual and textual spaces; see Fig. 1(a). This reveals a gap:
we need a mechanism that turns sparse, delayed feedback into stable, structured
updates of the evolving cross-modal distribution.

To this end, we propose PAA (Probe, Anchor, and Amend), an ATTA frame-
work for VLMs that treats visual and textual prototypes, namely class-level
cached visual features and adapted text embeddings, as the evolving state of
the target domain and updates this state through a simple three-step cycle over
the test stream. For each incoming mini-batch, we first view the current pro-
totypes as anchors that define the decision space and obtain predictions with
a single forward pass. The cycle then executes three tightly coupled steps: the
Probe step actively queries a few informative samples from the current mini-
batch under a small annotation budget; the Anchor step uses lightweight binary
verification to perform a fast, structure-preserving update of the shared proto-
type state; and the Amend step acts as a slow controller that revisits past hard
cases across cycles and distills temporal discrepancies back into the prototypes.
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By operating directly on prototypes, PAA converts sparse, delayed supervision
into prototype-level adjustments while remaining inexpensive to deploy at test
time; see Fig. 1(b).

For the Probe step, we use prototypes to both mitigate forgetting and track
moving decision boundaries under a class-balanced budget. Concretely, we score
samples against the current visual prototypes to form two complementary query
sets: central samples with high prototype similarity, which reinforce core seman-
tics and prevent the anchored state from eroding; and boundary samples with
large nearest-prototype distance, which expose shifting distributions and indi-
cate how prototypes and boundaries should be adjusted. To avoid over-focusing
on frequent classes or transient bursts, the per-class query budget is adaptively
split by combining a global distribution (statistics accumulated over the stream)
with the current mini-batch distribution. This balanced probing policy ensures
that a handful of binary verifications can both consolidate stable anchors and
illuminate emerging shifts.

Given the selected samples, we perform two complementary updates to the
prototype state. First (Anchor), we use the binary verification obtained from the
Probe step to calibrate confidence and to regularize the prototype-anchored de-
cision space with three coordinated forces: (i) cross-modal alignment that keeps
visual and textual prototypes consistent; (ii) an intra-class compactness term
that pulls verified positives toward their visual prototypes; and (iii) an inter-class
separation term that constrains textual residuals to move along discriminative
directions rather than collapsing across classes. Together these forces yield a de-
cision space that is stable yet plastic. Second (Amend), we maintain a memory of
error cases and periodically revisit them across cycles; when a previously wrong
prediction flips to a different label with lower entropy, we treat the temporal
discrepancy as a delayed but trustworthy rectification signal and distill it back
into the prototype representation.

Extensive experiments across diverse datasets validate the effectiveness of
PAA, which consistently outperforms VLM-specific TTA baselines and prior
ATTA approaches under comparable annotation budgets and compute. Our con-
tributions are summarized as follows:

– We present a simple yet effective PAA framework for active test-time adapta-
tion in vision-language models, turning sparse, delayed feedback into struc-
tured evolution of the prototype-anchored decision space.

– We design a Probe strategy that leverages class prototypes to guide querying,
effectively mitigating forgetting while enabling class-balanced exploration.

– We devise two complementary updates: an Anchor step that preserves cross-
modal alignment and enhances class discrimination, and an Amend step that
leverages temporal discrepancies for continual self-supervised refinement.

2 Related Work

Adaptation of Vision-Language Models. VLMs [5, 14, 16, 29, 37] excel at
zero-shot tasks but struggle to adapt to new domains or distribution shifts. To
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address this, prompt learning approaches [2,18,31,45,46,48] optimize learnable
text prompts with few-shot supervision, while adapter-based methods [9,20,39,
41, 42] refine features via lightweight modules without full fine-tuning. These
methods require labeled target-domain data, limiting their practicality in dy-
namic, real-world scenarios. Test-time adaptation (TTA) methods adjust VLMs
on unlabeled test streams. Test-time prompt tuning (TPT) [24] and its vari-
ants [8, 38] adapt prompts at test time. TDA [17] and BoostAdapter [43] lever-
age lightweight visual caches to store and retrieve information from test samples.
Similarly, DMN [44] utilizes a dynamic memory to gather information from his-
torical test data, while BATCLIP [22] and DPE [40] perform prototype-level
cross-modal adaptation. ZERO [6] aggregates confident predictions over aug-
mented views using a zero-temperature softmax, requiring only forward passes
and no optimization. WATT [27] leverages weight averaging across various text
templates. BCA [47] introduces a Bayesian framework to update both class em-
beddings and adaptive priors through posterior estimation. Different from these
techniques, PAA leverages sparse online supervision in the form of binary veri-
fications to drive a cyclic update during streaming VLM deployment.

Active Test-Time Adaptation. Test-time adaptation (TTA) [15,21,33] mit-
igates domain shifts by adapting pre-trained models with unlabeled test data,
but its performance is often limited by the absence of ground-truth labels. To
overcome this constraint, active test-time adaptation (ATTA) [10] integrates ac-
tive learning into TTA, querying limited annotations during inference to guide
model adaptation and mitigate catastrophic forgetting. It formulates adapta-
tion as an optimization problem balancing supervised and unsupervised objec-
tives with theoretical guarantees on error bounds. EATTA [34] advances this
direction by introducing an effortless labeling paradigm that annotates at most
one sample per batch. It identifies samples at the source-target domain bound-
ary through feature perturbation sensitivity, which maximizes adaptation effi-
cacy with minimal supervision. Different from these vision-only ATTA methods,
our PAA operates on multimodal prototypes and couples active querying with
prototype-regularized and memory-driven updates, turning sparse binary feed-
back into structured evolution of the VLM decision space.

3 Method

3.1 Preliminaries

In this paper, we propose a framework to perform ATTA on VLMs. We begin
by introducing zero-shot inference with CLIP. Contrastive Language-Image Pre-
training [29] is a VLM with two encoders: a visual encoder Ev(·), which maps
an image x to a visual feature Ev(x) = zv ∈ RD; and a text encoder Et(·),
which converts a text prompt t into a text feature Et(t) = zt ∈ RD. They are
pretrained to align matched image-text pairs in a shared embedding space.
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Fig. 2: Pipeline of PAA. (a) The Probe step scores the online batch against proto-
types and, under a class-balanced budget, queries a few central and boundary samples.
(b) The Anchor step turns binary verification into a prototype-regularized update that
couples cross-modal prototype alignment with intra-class compactness and inter-class
separation, adjusting the decision boundary while remaining stable. (c) The Amend
step stores hard cases in a memory and, in later cycles, distills corrected lower-entropy
predictions back into the prototypes for slow, robust refinement.

For zero-shot classification over C classes, each class c is represented by
text prompts (e.g., “a photo of a {class c}”). The text encoder transforms these
prompts into class-specific embeddings {ztc}Cc=1. Given an image x, the visual
encoder outputs zv. The probability of assigning x to class c is computed as a
softmax over the cosine similarities between zv and each ztc:

P (y = c | x) = exp (cos(zv, ztc)/τ)∑C
j=1 exp

(
cos(zv, ztj)/τ

) , (1)

where τ is a temperature parameter scaling the logits, and cos(z, z′) = z⊤z′

∥z∥2·∥z′∥2

denotes cosine similarity.

3.2 Streaming Setup and Evolving State

At test time, we consider an unlabeled target stream arriving as mini-batches
{X (i)}. For each mini-batch, we run a forward pass and construct an augmented
batch B(i) = {(x, ŷ) | x ∈ X (i)}, where ŷ is the predicted class. Starting from
source-pretrained CLIP (Ev, Et), we adapt the model online by interleaving in-
ference and updates.

Parameterization. To keep textual knowledge stable while allowing class pro-
totypes to move toward the target domain, we freeze Et and add a per-class
learnable textual residual rtc to each base textual embedding ztc, yielding adapted
textual embeddings pt

c = norm(ztc + rtc), where norm(·) denotes L2 normaliza-
tion. The decision probability follows Eq. 1 with pt

c substituting ztc. On the visual
side, the backbone is frozen and only LayerNorm parameters θvLN are updated.
The trainable set is thus Θ = {θvLN, rt1, . . . , rtC}.
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Prototypes as an Evolving State. We treat class-wise visual and textual
prototypes as the evolving state of the target distribution. For each class c,
we keep a visual prototype cache Cc storing discriminative features together
with prediction uncertainty and evolving during inference following TDA [17].
Given a test sample x with prediction ŷ and entropy H = −

∑C
i=1 pi log pi,

we insert (Ev(x),H) into Cŷ; if the cache exceeds capacity H, we retain the H
entries with the lowest prediction entropy. The visual prototype is the normalized
average of cached features, denoted pv

c , and the textual prototype pt
c is given in

the parameterization above. This prototype state is the object maintained and
updated by the three steps detailed next: Probe (Sec. 3.3), Anchor (Sec. 3.4),
and Amend (Sec. 3.5).

3.3 Probe: Prototype-Guided Querying

Our Probe step identifies informative samples near class prototypes and decision
boundaries for annotation, as illustrated in Fig. 2(a).

Distribution Estimation. To enable class-balanced and adaptive sample se-
lection, we first estimate a global class distribution G = [g1, g2, · · · , gC ] ∈
RC and a local batch-level distribution L = [l1, l2, · · · , lC ] ∈ RC . The global
term gc = Nglobal

c /
∑C

c′=1 N
global
c′ tracks class statistics over all processed test

samples and aligns with the target domain, where Nglobal
c is the number of

test samples pseudo-labeled as class c so far. Meanwhile, the local term lc =
Nbatch

c /
∑C

c′=1 N
batch
c′ captures the proportion within the current batch B, where

Nbatch
c counts pseudo-labeled samples of class c in B. Both G and L are updated

online and do not require any prior knowledge of the target stream. These two
distributions jointly provide a principled basis for budget allocation.

Budget Allocation. To dynamically distribute the limited annotation budget,
we maintain a cumulative budget K, initialized to 0, which tracks the total an-
notation budget over all cycles. At the beginning of each cycle, K is incremented
by the per-cycle budget κ as K ← K+κ. We also maintain a historical selection
counter S = [s1, s2, · · · , sC ] ∈ NC , initialized as 0, where sc tracks the cumu-
lative number of samples pseudo-labeled as class c and selected for annotation.
The per-class budget kc is then computed as kc = ⌊max{K · gc − sc, 0}+ κ · lc⌋,
where the global term K · gc− sc promotes long-term class balance aligned with
G, and the local term κ · lc adjusts for short-term fluctuations captured by
L. This design balances exploration of globally under-represented classes with
responsiveness to transient changes in class distribution.

Sample Selection. Leveraging the evolving prototype state described above,
we use class-wise visual prototypes {pv

c} to guide which samples to query. These
prototypes summarize the current target geometry and serve as anchors for iden-
tifying both central and boundary samples within the batch B, reinforcing well-
established concepts while exposing ambiguous regions. For central samples, we
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select the top-kc instances ranked by descending cosine similarity cos(Ev(x),pv
c ),

prioritizing prototypical examples that reinforce current class semantics:

Scenterc = argtopkkc

(x,c)∈B
cos(Ev(x),pv

c ), c ∈ {1, ..., C}. (2)

For boundary samples, we compute the nearest-prototype distance over all classes
d(x) = minc′∈{1,...,C}(1−cos(Ev(x),pv

c′)), and select the top-kc instances ranked
by descending d(x), capturing challenging cases near decision boundaries:

Sboundaryc = argtopkkc

(x,c)∈B
d(x), c ∈ {1, ..., C}. (3)

The final active query set for annotation is S =
⋃C

c=1 (Scenterc ∪ Sboundaryc ), and
we update the historical selection counter as sc ← sc +min(kc, |{x|(x, c) ∈ B}|).

3.4 Anchor: Prototype-Regularized Update

Our Anchor step applies a prototype-regularized update to the decision space
carried over from the previous cycle, using only binary verification to keep the
annotation cost low and mitigate interaction bottlenecks. As shown in Fig. 2(b),
for each sample-prediction pair (x, ŷ) ∈ S with predicted probability pŷ, an
oracle O provides a binary label vx = O(x, ŷ) ∈ {0, 1}, where vx = 1 indicates
correctness and vx = 0 otherwise. We use a binary cross-entropy loss to calibrate
model confidence with this binary supervision:

LBCE = − 1

|S|
∑

(x,ŷ)∈S

[vx log pŷ + (1− vx) log(1− pŷ)] . (4)

Prototype Alignment. As established earlier, each class c is characterized by
a visual prototype pv

c and a textual prototype pt
c. To maintain cross-modal con-

sistency, we employ an Info-NCE loss [26] that encourages alignment of matched
visual-textual prototype pairs while discouraging mismatched ones:

Lalign =
1

C

C∑
c=1

− log
ep

t⊤
c pv

c∑
c′

ep
t⊤
c pv

c′
− log

ep
t⊤
c pv

c∑
c′

ep
t⊤
c′ pv

c

. (5)

Intra-Class Compactness. We further stabilize class representations with
an intra-class compactness loss that pulls Ev(x) closer to its predicted class
prototype when vx = 1:

Lintra = − 1

|S|
∑

(x,ŷ)∈S

vx cos(Ev(x),pv
ŷ). (6)
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Inter-Class Separation. As previously defined, the textual prototype of class
c in the target domain is given by pt

c = norm(ztc + rtc), where rtc explicitly
encodes the domain shift direction to adapt prototypes to the target distribution.
To ensure prototypes remain discriminative under shift, we penalize alignment
between each residual shift vector rtc and inter-class discrepancy vectors (ztc′−ztc)
derived from source-domain prototypes, through an inter-class separation loss:

Linter =
1

C(C − 1)

C∑
c=1

∑
c′ ̸=c

cos(rtc, z
t
c′ − ztc). (7)

The overall objective of the Anchor step combines the above components as a
weighted sum:

Lanchor = LBCE + λanchor(Lalign + Lintra + Linter), (8)

where λanchor is a balancing hyper-parameter.

3.5 Amend: Memory-Driven Self-Refinement

Our Amend step leverages historical errors as a slow controller that provides
delayed, stabilizing corrections to the evolving prototypes, as shown in Fig. 2(c).
Specifically, we record test samples from the active query set S whose predictions
are verified as incorrect by the oracle. These samples are stored in a memory bank
M, where each entry Mi = (xi, ŷi,Hi, ℓi) contains a test sample xi, its initial
pseudo-label ŷi, associated self-entropy Hi, and a lifetime counter ℓi indicating
its remaining validity.

In subsequent adaptation cycles, we assess whether previously incorrect pre-
dictions have been corrected. For each entry (x, ŷ,H, ℓ), the updated model
generates a new prediction ŷ′, probability p′ŷ′ , and self-entropy H′. If the new
prediction ŷ′ ̸= ŷ and the confidence improves (i.e.,H′ < H), we treat the change
as an error correction. A memory-driven self-refinement loss is then computed:

Lamend = − 1

|∆|
∑

(x,ŷ′)∈∆

log p′ŷ′ , (9)

where ∆ = {(x, ŷ′) | (x, ŷ,H, ℓ) ∈ M ∧ ŷ′ ̸= ŷ ∧ H′ < H} collects corrected
samples. The overall adaptation objective integrates the immediate Anchor loss
with the delayed Amend loss:

L = Lanchor + λamendLamend, (10)

where λamend controls the memory influence strength.
At the end of each adaptation cycle, each memory entry (x, ŷ,H, ℓ) is updated

according to the following rule:{
(x, ŷ,H, ℓ− 1), if (ℓ > 1) ∧

(
ŷ′ = ŷ ∨H′ ≥ H

)
removed, otherwise

, (11)
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Table 1: Results on the Natural Distribution Shifts benchmark.

Method ImageNet ImageNet-A ImageNet-V2 ImageNet-R ImageNet-S Average OOD Average
N

on
-A

ct
iv

e

CLIP-ResNet-50 58.16 21.83 51.41 56.15 33.37 44.18 40.69
Ensemble [24] 59.81 23.24 52.91 60.72 35.48 46.43 43.09
TPT [24] 60.74 26.67 54.70 59.11 35.09 47.26 43.89
DiffTPT [8] 60.80 31.06 55.80 58.80 37.10 48.71 45.69
TDA [17] 61.35 30.29 55.54 62.58 38.12 49.58 46.63
WATT [27] 59.86 27.53 53.70 59.42 36.55 47.41 44.30
ZERO [6] 60.41 30.32 54.59 57.83 34.93 47.62 44.42
DPE [40] 63.41 30.15 56.72 63.72 40.03 50.81 47.66
BoostAdapter [43] 62.14 35.47 56.31 62.61 38.80 51.07 48.30
BCA [47] 61.35 30.29 55.54 62.58 38.12 49.94 46.98
BATCLIP [22] 62.73 32.68 56.02 63.11 39.47 50.80 47.82

A
ct

iv
e SimATTA [10] 60.31 35.15 56.34 62.63 39.47 50.78 48.40

EATTA [34] 60.99 35.68 56.29 62.71 39.02 50.94 48.43
PAA 63.42 37.27 56.77 67.37 41.03 53.15 50.61

N
on

-A
ct

iv
e

CLIP-ViT-B/16 66.73 47.87 60.86 73.98 46.09 59.11 57.20
Ensemble [24] 68.34 49.89 61.88 77.65 48.24 61.20 59.42
TPT [24] 68.98 54.77 63.45 77.06 47.94 62.44 60.81
DiffTPT [8] 70.30 55.68 65.10 75.00 46.80 62.28 60.52
TDA [17] 69.51 60.11 64.67 80.24 50.54 65.01 63.89
WATT [27] 69.10 55.91 63.43 77.60 48.74 62.96 61.42
ZERO [6] 71.17 62.75 65.23 80.75 50.59 66.10 64.83
DPE [40] 71.91 59.63 65.44 80.40 52.26 65.93 64.43
BoostAdapter [43] 69.37 64.53 65.51 80.95 51.28 66.33 65.57
BCA [47] 70.22 61.14 64.90 80.72 50.87 65.37 64.16
BATCLIP [22] 70.60 62.03 65.18 80.66 51.49 65.99 64.84

A
ct

iv
e SimATTA [10] 67.07 63.63 64.42 79.30 50.12 64.91 64.37

EATTA [34] 67.10 64.85 64.52 79.59 49.79 65.17 64.69
PAA 72.03 66.59 65.51 82.93 53.89 68.19 67.23

where test samples with persistent errors have their lifetimes decremented, while
corrected or expired entries are removed. Newly mispredicted test samples create
new entries inM with initial lifetime ℓ0 for future correction.

4 Experiments

4.1 Experimental Setups

Benchmarks. Following prior work on test-time adaptation for VLMs, we eval-
uate our approach on two benchmarks: the Natural Distribution Shifts bench-
mark and the Cross-Domain benchmark. The former evaluates the model’s ro-
bustness on ImageNet [4] and its four variants, including ImageNet-A [13],
ImageNet-V2 [30], ImageNet-R [12], and ImageNet-Sketch [35]. The latter as-
sesses the model’s transferring performance with 10 datasets, including Air-
craft [23], Caltech101 [7], Cars [19], DTD [3], EuroSAT [11], Flower102 [25],
Food101 [1], Pets [28], SUN397 [36], and UCF101 [32]. We follow the dataset
split in CoOp [46] as per the common protocol and report the top-1 accuracy as
our evaluation metric.

Implementation Details. We adopt CLIP with pre-trained ResNet50 and
ViT-B/16 backbones as visual encoders. In our active test-time adaptation ex-
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Table 2: Results on the Cross-Domain benchmark.

Method Aircraft Caltech101 Cars DTD EuroSAT Flower102 Food101 Pets SUN397 UCF101 Average
N

on
-A

ct
iv

e

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 [24] 16.11 87.26 55.89 40.37 25.79 62.77 74.82 82.97 60.85 59.48 56.63
TPT [24] 17.58 87.02 58.46 40.84 28.33 62.69 74.88 84.49 61.46 60.82 57.66
DiffTPT [8] 17.60 86.89 60.71 40.72 41.04 63.53 79.21 83.40 62.72 62.67 59.85
TDA [17] 17.61 89.70 57.78 43.74 42.11 68.74 77.75 86.18 62.53 64.18 61.03
WATT [27] 17.49 85.80 56.40 42.08 37.22 62.73 76.13 84.71 60.62 61.43 58.46
ZERO [6] 17.73 85.31 58.36 40.96 15.64 60.33 75.73 84.22 60.92 60.72 55.99
DPE [40] 19.80 90.83 59.26 50.18 41.67 67.60 77.83 85.97 64.23 61.98 61.93
BoostAdapter [43] 18.87 88.36 59.82 43.91 40.12 67.72 78.79 85.96 62.61 64.45 61.06
BCA [47] 19.89 89.70 58.13 48.58 42.12 66.30 77.19 85.58 63.38 63.51 61.44
BATCLIP [22] 19.56 89.94 59.31 47.16 41.85 67.19 77.64 85.83 63.47 63.10 61.51

A
ct

iv
e SimATTA [10] 19.08 88.36 58.70 43.91 78.44 67.52 78.25 86.05 62.92 65.03 64.83

EATTA [34] 19.74 88.36 59.64 44.09 79.84 67.64 78.43 85.50 62.86 64.71 65.08
PAA 19.98 90.87 61.62 47.87 83.43 71.09 80.05 87.65 64.62 68.65 67.58

N
on

-A
ct

iv
e

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 [24] 23.22 93.55 66.11 45.04 50.42 66.99 82.86 86.92 65.63 65.16 64.59
TPT [24] 24.78 94.16 66.87 47.75 42.44 68.98 84.67 87.79 65.50 68.04 65.10
DiffTPT [8] 25.60 92.49 67.01 47.00 43.13 70.10 87.23 88.22 65.74 62.67 65.47
TDA [17] 23.91 94.24 67.28 47.40 58.00 71.42 86.14 88.63 67.62 70.66 67.53
WATT [27] 24.15 93.35 66.48 46.16 56.32 68.13 85.87 89.04 66.46 68.65 66.46
ZERO [6] 25.21 93.66 68.04 46.12 34.33 67.68 86.53 87.75 65.03 67.77 64.21
DPE [40] 28.95 94.81 67.31 54.20 55.79 75.07 86.17 91.14 70.07 70.44 69.40
BoostAdapter [43] 27.45 94.77 69.30 45.69 61.22 71.66 87.17 89.51 68.09 71.93 68.68
BCA [47] 28.59 94.69 66.86 53.49 56.63 73.12 85.97 90.43 68.41 67.59 68.59
BATCLIP [22] 28.74 94.77 67.94 51.95 57.09 73.89 86.02 90.22 69.37 69.13 68.91

A
ct

iv
e SimATTA [10] 27.45 94.32 68.76 46.69 87.74 72.84 86.81 90.21 66.48 72.11 71.34

EATTA [34] 27.84 94.85 68.64 47.93 88.21 71.34 86.89 89.29 67.22 72.64 71.49
PAA 28.50 95.70 70.46 49.05 90.93 75.56 88.24 92.18 70.29 75.05 73.60

periments, the mini-batch size is set to 128, the per-cycle annotation budget
to κ = 16 for each of central and boundary querying, and the initial memory
lifetime to ℓ0 = 3. The balancing hyper-parameters are set to λanchor = 0.1 and
λamend = 0.1. For data augmentation, we follow TPT [24] to generate 63 aug-
mented views per test sample during inference, which are aggregated to improve
adaptation stability. Following TDA [17], the prototype cache capacity is set to
3. All experiments are conducted on a single NVIDIA GeForce RTX 3090 GPU.

Compared Methods. We compare PAA with two groups of baselines: (1)
Non-active methods, which do not query annotations at test time. This group
includes zero-shot CLIP [29], its prompt-ensemble variant Ensemble [24], and re-
cent test-time adaptation methods for VLMs: TPT [24], DiffTPT [8], TDA [17],
WATT [27], ZERO [6], DPE [40], BoostAdapter [43], BCA [47], and BAT-
CLIP [22]. (2) ATTA methods, which query limited annotations during adapta-
tion. We adopt SimATTA [10] and EATTA [34], originally proposed for vision-
only backbones, and extend them to our VLM setting. Their active query budgets
are adjusted to match ours for a fair comparison.

4.2 Results and Discussions

Robustness on Natural Distribution Shifts. As shown in Tab. 1, PAA con-
sistently outperforms both non-active and active baselines across all five datasets.
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Table 3: Efficiency comparison on ImageNet-A. We report the testing time,
achieved accuracy, and performance gains compared to zero-shot CLIP.

Method Testing Time Accuracy (%) Gain

CLIP-ViT-B/16 1min 47.87 -
TPT [24] > 2 h 54.77 +6.90
DiffTPT [8] > 4 h 55.68 +7.81
TDA [17] 11 min 60.11 +12.24
DPE [40] 38 min 59.63 +11.76
BoostAdapter [43] 17 min 64.53 +16.66
SimATTA [10] 18 min 63.63 +15.76
PAA 17 min 66.59 +18.72

With the ResNet-50 backbone, it achieves an average accuracy of 53.15%, sur-
passing all active and non-active baselines. Compared with the strongest non-
active TTA baselines (DPE, BoostAdapter, BCA, and BATCLIP), PAA yields
average accuracy gains between 2.08% and 3.21%, and it exceeds two recent
ATTA baselines, SimATTA and EATTA, by 2.37% and 2.21%. With the ViT-
B/16 backbone, PAA achieves an average accuracy of 68.19%, outperforming
the strongest non-active TTA baseline by 1.86% and the best ATTA baseline by
3.02%. The gains are particularly pronounced under stronger distribution shifts
such as those in ImageNet-A and ImageNet-R, indicating that our framework
is especially beneficial when the target distribution departs substantially from
the pre-training domain. These results demonstrate that turning sparse, delayed
feedback into structured prototype updates leads to consistently stronger ro-
bustness under natural distribution shifts.

Cross-Domain Generalization. In Tab. 2, we further evaluate the cross-
domain generalization of PAA on ten fine-grained datasets. Our method consis-
tently surpasses all baselines, achieving average top-1 accuracy gains from 2.50%
to 11.76% with ResNet-50 and from 2.11% to 10.02% with ViT-B/16 backbone.
The gains are particularly pronounced on EuroSAT and UCF101, where the
target domains differ substantially from the pre-training distribution, indicating
that prototype-anchored updates and class-balanced querying help PAA estab-
lish stable anchors even under large semantic and appearance shifts.

Efficiency Comparison. Tab. 3 compares the computational efficiency of PAA
with baselines on ImageNet-A using a single RTX 3090 GPU. In our framework,
the main computational cost stems from updating the LayerNorm parameters in
the visual encoder, together with the class-wise textual residual vectors. Since
PAA performs a single prototype-regularized update per mini-batch on a small
set of parameters, it effectively mitigates redundant computation. Empirically,
our method yields lower adaptation latency than TPT, DiffTPT, and DPE, while
consistently outperforming them in accuracy. Compared to TDA, BoostAdapter,
and SimATTA, PAA maintains comparable processing speed yet achieves supe-
rior performance, demonstrating a favorable trade-off between adaptation quality
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Fig. 3: Ablations of querying strategies, querying budgets and hyper-parameters.

and computational cost. These results validate the practicality of our method
for real-world deployment.

4.3 Ablation Studies

Different Querying Strategies. Fig. 3 (left) compares five querying strategies
under a fixed annotation budget: center-only, boundary-only, random, center-
boundary querying with uniform budget, and our class-balanced method that
integrates both central and boundary samples. Evaluation is conducted on both
stationary domains (ImageNet-A and ImageNet-V2) and sequential shifts (Ima-
geNet→ ImageNet-A→ ImageNet-S). Our strategy consistently outperforms all
baselines by jointly reinforcing learned class semantics and encouraging explo-
ration near decision boundaries. Compared to center-only, boundary-only, ran-
dom, and uniform center-boundary querying, it achieves average improvements
of 0.48%, 0.58%, 0.42%, and 0.37%, respectively, across the three scenarios. These
results highlight the advantage of our prototype-guided, class-balanced querying
strategy for effective and adaptive model refinement.

Different Querying Budgets. We assess the impact of varying annotation
budgets on overall performance in the Natural Domain Shift benchmark, where
budget 0 corresponds to zero-shot CLIP. As shown in Fig. 3 (middle), increasing
the budget progressively enhances adaptation performance as more informative
supervision becomes available. However, larger budgets incur higher computa-
tional costs. Setting the budget to 32 offers a balanced trade-off between adap-
tation performance and efficiency.

Hyper-Parameter Robustness. There are two main hyper-parameters in
PAA, i.e., the balancing parameters λanchor in Eq. 8 and λamend in Eq. 10. We
conduct experiments on ImageNet-A and ViT-B/16 backbone to investigate the
robustness by varying both parameters among {0.01, 0.05, 0.1, 0.2}. As shown in
Fig. 3 (right), the performance remains stable across a wide range of parameter
values and only degrades slightly when both terms are overly amplified. The
default setting λanchor = λamend = 0.1 lies in a broad plateau region and is
therefore adopted in all other experiments.
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Table 4: Ablation studies of adaptation objectives and learnable modules.

ImageNet -A -V2 -R -S Average

w/o Lalign 71.61 66.11 65.08 82.65 53.53 67.80
w/o Lintra 71.82 66.16 65.31 82.63 53.69 67.92
w/o Linter 71.75 66.48 65.37 82.84 53.70 68.03
w/o Lamend 71.79 66.27 65.50 82.68 53.67 67.98

Freeze θvLN 71.55 65.24 65.14 81.85 52.61 67.28
Freeze {rtc} 71.27 65.08 65.12 82.18 53.26 67.38
{rtc} → θtLN 71.76 65.33 65.22 82.47 53.28 67.61

Full Model 72.03 66.59 65.51 82.93 53.89 68.19

Table 5: Effects of visual cache sizes.

H (Cache Size) 1 2 3 4 5 6 7

Accuracy (%) 65.22 66.12 66.59 66.09 65.87 65.50 65.52

Effects of Adaptation Objectives. Tab. 4 (upper block) reports the impact of
removing individual adaptation objectives. All components contribute positively
to the overall effectiveness of our method. This supports our design of combining
a fast, verification-driven Anchor update with a delayed, memory-based Amend
signal: the former reacts immediately to newly queried labels, while the latter
accumulates temporal corrections from historical hard cases and feeds them back
to the prototype state in a more conservative manner. Notably, excluding the
alignment loss Lalign causes the most significant accuracy drop (0.39%), high-
lighting the importance of maintaining cross-modal consistency between visual
and textual prototypes as the target distribution shifts.

Effects of Learnable Modules. We further evaluate the contributions of the
LayerNorm parameters in visual encoder θvLN and the textual residuals {rtc}.
As shown in Tab. 4 (lower block), freezing either module reduces flexibility for
cross-modal alignment, resulting in an average accuracy loss of 0.91% for θvLN and
0.81% for {rtc}. Jointly fine-tuning both modules yields the best performance by
allowing dynamic adaptation of visual and textual prototypes to evolving target
domains. Moreover, the variant {rtc} → θtLN that replaces the residual vectors
{rtc} with trainable text-side LayerNorm parameters θtLN also lags behind our full
model. This shows that the textual residuals are more effective at steering class-
wise prototypes while preserving the pretrained text semantics and incurring
only a modest number of additional parameters.

Different Cache Sizes. We investigate the impact of prototype cache size
H using ImageNet-A dataset and ViT-B/16 backbone. As shown in Tab. 5,
increasing H from 1 to 3 yields a performance gain of 1.37%, while further
enlarging the cache size results in a gradual performance drop. We attribute this
observation to a trade-off between feature diversity and noise: a small cache may
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Table 6: Effects of different lifetimes.

Lifetime 1 2 3 4 5

Accuracy (%) 66.32 66.42 66.59 66.60 66.63
Testing Time 16min 16min 17min 18min 19min

Table 7: Performance under different annotation levels.

Annotation ImageNet -A -V2 -R -S Average

Zero-Shot 66.73 47.87 60.86 73.98 46.09 59.11
Binary Verification 72.03 66.59 65.51 82.93 53.89 68.19
Full-Class Label 72.27 67.57 65.68 83.25 55.45 68.84

fail to capture sufficient feature variation, while an excessively large cache tends
to include lower-confidence or noisy samples.

Different Memory Lifetimes. Tab. 6 illustrates the effects of different initial
memory lifetimes on ImageNet-A with ViT-B/16 backbone. While increasing the
lifetime provides more opportunities for correcting persistent errors, it introduces
a decrease in adaptation efficiency due to revisiting outdated entries. We observe
that our method is robust across a range of ℓ0 values, with average performance
consistently surpassing the no-memory baseline in Tab. 4 (w/o Lamend), and we
adopt ℓ0 = 3 as a practical default balancing refinement and efficiency.

Binary Verification versus Full Label. To assess the effectiveness of our
adaptation method under binary feedback, we compare it against a stronger
variant that leverages full-class labels with standard cross-entropy loss, serving
as an upper-bound baseline. Tab. 7 reports results for both variants on the
Natural Distribution Shifts benchmark using a ViT-B/16 backbone. Remarkably,
our method achieves comparable accuracy to the full-supervision counterpart,
indicating that our PAA can effectively exploit sparse binary feedback to achieve
competitive performance.

5 Conclusions and Limitations

We present PAA, an ATTA framework for VLMs that treats multimodal proto-
types as an evolving state and updates this state through a Probe-Anchor-Amend
cycle. By combining prototype-guided, class-balanced querying, a prototype-
regularized update that preserves decision-space structure, and memory-driven
self-refinement that distills temporal discrepancies into delayed corrections, PAA
turns sparse binary feedback into stable evolution of the prototype-anchored de-
cision space, yielding label-efficient robustness under diverse distribution shifts.

While our method significantly improves VLM robustness, prototype-based
fine-tuning introduces additional latency; future work will explore lighter adapter
designs to improve efficiency and deployment feasibility.
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