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Abstract. Test-time adaptation (TTA) has been widely explored in
single-label recognition, effectively mitigating distribution shifts, espe-
cially when combined with vision-language models. However, real-world
images often contain multiple objects, while the more practical multi-
label test-time adaptation (MLTTA) has received little attention so far.
Recent cache-based TTA methods have shown promising efficiency and
effectiveness, yet directly extending them to multi-label scenarios suffers
from a one-to-many mapping problem: a shared global representation
entangling co-occurring objects is stored as class-wise cache prototypes,
inducing dominant-label bias and compromised cache calibration. While
introducing region-level cues helps isolate class-specific evidence, such
regional evidence can also be unreliable under distribution shifts, mak-
ing its identification and utilization non-trivial. To address these issues,
we introduce PuRF, a novel PuRiFication-driven cache-based method
for multi-label test-time adaptation of vision-language models. Specif-
ically, PuRF first performs region purification to identify reliable re-
gions, providing comprehensive regional cues for multi-label recognition
and enabling fine-grained alignment. Based on these purified regions,
PuRF conducts cache purification to enhance cache representation and
adaptability, where episodic purification builds a discriminative region-
based cache, and temporal refreshing further promotes long-term cache
adaptability. Experiments demonstrate that PuRF consistently outper-
forms state-of-the-art methods, achieving a notable 4.05% mAP im-
provement on ViT-B/32 across five datasets. The code is available at:
https://github.com/Evelyn1ywliang/PuRF-MLTTA.

Keywords: Test-Time Adaptation · Vision-Language Models · Multi-
Label Learning

1 Introduction

Vision-Language Models (VLMs) [20,41] have exhibited remarkable zero-shot ca-
pability, successfully tackling a wide range of computer vision tasks [11,26,58,64].
⋆ Corresponding author.
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Fig. 1: Comparison between existing cache-based methods and ours. (a) Existing
cache-based TTA methods [23,29,65] suffer from one-to-many representation coupling
in multi-label TTA, where shared global features are dominated by salient classes (e.g.,
“water”), misleading class-wise cache calibration. (b) PuRF performs region purifica-
tion and cache purification, enabling fine-grained and accurate multi-label adaptation.

However, these models often fail to generalize well when facing testing distribu-
tions that deviate from those seen during pre-training, known as distribution
shift [34, 59, 60]. Such shifts commonly occur in real scenarios, such as images
captured by different environments [25,39] or sensing conditions [1, 16,61].

Test-time adaptation (TTA) has emerged as a practical solution for handling
distribution shifts by adapting models at inference using only unlabeled test
data. Recent studies primarily leverage learnable prompts [13,45,66] for dynamic
alignment and cache mechanisms [5, 18,23,29] for historical knowledge retrieval
to enhance the adaptation capability of VLMs. However, most existing meth-
ods are developed for single-label recognition, whereas real-world images often
contain multiple co-occurring objects, rendering multi-label test-time adaptation
substantially more challenging and complex than single-label settings.

As the first work on multi-label TTA, ML-TTA [57] introduces a Bound
Entropy Minimization objective with prompt optimization to enhance the confi-
dence of top-k labels while mitigating over-suppression from naive entropy min-
imization. However, it still relies on intensive text retrieval and episodic prompt
resetting, failing to exploit historical information and resulting in suboptimal
performance. In contrast, cache-based methods [5,29,65,69] have demonstrated
strong performance in single-label TTA by accumulating and reusing historical
information for prediction refinement via retrieval-based aggregation, but remain
largely unexplored in multi-label settings, leaving their potential underexploited.
When directly applied to multi-label images, these methods encounter a one-vs-
many dilemma [22,74], where a single spatially pooled global feature represents
all co-occurring objects and simultaneously acts as a shared prototype for cache
retrieval and storage. Such shared representations cannot effectively capture
label-specific features [22] and tend to be dominated by salient objects [9,19,42],
leading to biased predictions and weakened label-specific discriminability. Con-
sequently, the cache fails to perform reliable class-specific calibration, thereby
hampering adaptation performance, as illustrated in Fig. 1(a). Although prior
works [36,38,74] incorporate region-level cues to improve class-specific represen-
tation in multi-label recognition, obtaining reliable region evidence and lever-
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aging it in fully unsupervised test-time settings remains challenging, as naive
region proposals are often noisy and include irrelevant context [47,51,75].

After revealing the above limitations, we propose PuRF, a PuRiFication-
driven cache-based method for multi-label Test-Time Adaptation, which builds
upon the cache mechanism for its effectiveness with historical information while
extending this paradigm to more practical multi-label scenario. Unlike ML-
TTA [57] that tailors optimization objectives for multi-label settings, our key
idea is to exploit purified regional evidence to enable finer-grained multi-label
recognition and construct a more discriminative cache to better utilize historical
information. To this end, PuRF proposes two main components that collec-
tively enhance multi-label adaptation: 1) Region Purification (RP) via multi-
granularity consistency identifies purified regions via relative activation-based
selection and derives reliable pseudo supervision via global-local consistency, en-
abling fine-grained alignment and effective semantic optimization for accurate
multi-label test-time recognition; (2) Cache Purification (CP) integrates episodic
purification to build class-specific prototypes from purified high-confidence re-
gions for more discriminative representations, and temporal refreshing to im-
prove long-term cache adaptability under evolving distributions via time-aware
entropy weighting. In Fig. 1(b), our purified regional evidence and purified cache
improve class-specific discriminability for better multi-label recognition. Overall,
PuRF advances multi-label test-time adaptation by extending the cache-based
paradigm to multi-label settings with two novel purification strategies. Exper-
imental results show that PuRF exhibits strong generalization across diverse
backbones and prompt settings while maintaining high efficiency.

We summarize our contributions as follows:

– We propose PuRF, a novel purification-driven cache-based method tailored
for multi-label test-time adaptation, enabling fine-grained recognition while
enhancing label-specific cache calibration.

– PuRF integrates Region Purification to identify informative regions and
leverage reliable and comprehensive regional cues for fine-grained alignment,
Cache Purification for constructing discriminative class-specific prototypes
from purified regions for reliable calibration, and temporal refreshing for
improving long-term cache adaptability under streaming data.

– Extensive experiments across five standard multi-label benchmarks and four
backbones show that PuRF consistently outperforms the strongest state-of-
the-art method, demonstrating its superior effectiveness.

2 Related Work

Vision-Language Test-Time Adaptation. Test-time adaptation (TTA) im-
proves model generalization under distribution shifts, and the rise of vision-
language models (VLMs) further extends it to more challenging open-world
shifts. Existing TTA methods for VLMs can be broadly categorized into prompt-
based and cache-based methods. Prompt-based methods [32, 45, 63, 67] pioneer
this field by optimizing textual prompts via marginal entropy minimization, but
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Fig. 2: The overall framework of our proposed PuRF. We first adaptively identify pu-
rified regions for prediction aggregation and then derive reliable pseudo supervision by
enforcing global-local prediction consistency. Guided by the pseudo labels, confident
region-text pairs are stored as class-specific region prototypes for episodic cache purifi-
cation, improving class-wise discriminability. Temporal refreshing further purifies the
cache by incorporating newly reliable samples while maintaining long-term adaptivity
of cache. H denotes the prediction entropy.

suffer from limited efficiency due to per-sample prompt resetting and heavy back-
propagation. Cache-based methods [5,18,23,70] offer a more efficient alternative
by constructing a dynamic cache of test features and refining predictions through
retrieval-based similarity aggregation. A line of work [23, 69, 70] is training-free
and focuses on the design of multiple caches, where different caches serve dis-
tinct roles to enhance adaptation. Another line [29, 65] introduces lightweight
prototype evolution through residual updates for better cross-modal alignment.
Despite advancements, most current methods mainly focus on single-label clas-
sification. Motivated by this gap, we extend the cache-based paradigm to multi-
label adaptation by addressing challenges in purified regional cue selection and
utilization, while improving discriminative class-wise cache calibration.

Multi-Label Recognition with VLMs. Multi-label recognition (MLR) serves
as a fundamental task in computer vision, where the key challenges lie in mod-
eling label dependencies [8,50] and identifying discriminative properties for each
label [21, 35]. Earlier methods rely solely on visual features and capture label
correlations via graph structures [44, 62], recurrent networks [53, 55], or atten-
tion mechanisms [43]. Recently, the emergence of VLMs has introduced a new
paradigm for MLR, enabling strong zero-shot and open-vocabulary capabilities,
particularly when combined with parameter-efficient tuning techniques such as
prompt learning. Methods like DualCoOp [46], TaI-DPT [15], and PVP [56] in-
troduce learnable prompts to capture label semantics, effectively modeling label
co-occurrence with minimal additional parameters. However, they still rely on
annotated samples or offline fine-tuning on batches for stable adaptation. In con-
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trast, our work targets a fully unlabeled setting with online adaptation for each
incoming sample, which remains challenging for precise multi-label recognition.

3 Methodology

The overall pipeline of PuRF is shown in Fig. 2. PuRF enhances multi-label
test-time adaptation through purification at the region and cache levels. Sec. 3.2
proposes Region Purification (RP) via Multi-granularity Consistency, which se-
lects informative regions using adaptive relative activation to provide compre-
hensive visual cues, and exploits global-local prediction consistency to derive
reliable pseudo supervision for semantic residual optimization and fine-grained
alignment. Sec. 3.3 presents Cache Purification (CP), comprising Episodic Purifi-
cation (EP) that constructs region-aware class-specific prototypes from purified
regions for stronger discriminability, and Temporal Refreshing (TR) that fur-
ther enhances long-term cache adaptivity. Finally, Sec. 3.4 establishes a unified
objective that enables joint optimization and feature alignment.

3.1 Preliminaries

Cache-based TTA for VLMs. Cache-based TTA methods [23, 65, 69] build
on the key-value design of [68] that store low-entropy samples and continually
update during inference. For image x and a class prompt T c, given the CLIP
visual feature FV = EV(x) and textual feature Fc

T = ET(T c) extracted by its
visual and text encoders EV and ET. The prediction logits and probabilities are
obtained from the cosine similarities ⟨·, ·⟩:

sci = ⟨FV,F
c
T⟩ (1)

The cache M = {Mc}Cc=1 is composed of C class-wise subsets, each with a
capacity of L entries containing image features and their entropy values. For test-
time samples arriving on the fly, new items enter the corresponding cache slots
based on their one-hot pseudo-labels. Once the cache reaches capacity, items
with the highest entropy are replaced. At inference, test feature FV retrieves
relevant cache items, and the prediction combines CLIP logits with cache logits:

scTTA = sci + sccache = sci +A(⟨FV,F
c
cache⟩)Lp (2)

where Fc
cache denotes cached prototypes of class c, and Lp is the one-hot pseudo-

label from CLIP prediction. A(x) = αe−β(1−x) is a modulating function with
amplitude α and sharpness β. Akin to [65] and [29], Fc

cache is obtained by aver-
aging features inMc for compact visual prototypes.

Some cache-based methods [5, 29, 65] introduce lightweight residual learn-
ing with entropy-driven objectives to further enhance adaptation without heavy
computation. Recently, ReTA [29] proposes adjacent textual embeddings that
extend each class prototype into multiple semantic experts, with learnable resid-
uals for distribution calibration, enabling more fine-grained contextual seman-
tics. Following this design, we implement textual residual learning as:

F̂c
T = Fc

T +∆Fc
T (3)
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where ∆Fc
T denotes the learnable residual and the original prototype is frozen.

We incorporate adjacent text embeddings as in [29] to enhance semantic di-
versity, averaging them to form the textual prototype. Additionally, we also
progressively update the shared semantic embedding via running averaging over
streaming test samples, following [29,65]:

F̂c
T = Norm

(
(l − 1)F̂c

T + F̂
c(∗)
T

)
(4)

where Norm(x) = x/∥x∥ denotes ℓ2 normalization, and l is the number of accu-
mulated updates. However, we do not adopt the entropy reweighting strategy,
as it is tailored for single-label consistency.

3.2 Region Purification via Multi-granularity Consistency

Conventional TTA methods [23,52,70] typically rely on a global representation.
However, in multi-label scenarios, such representations entangle co-occurring ob-
jects and are dominated by salient labels occupying large space [22,42], making
them insufficient for modeling fine-grained label-specific features. An intuitive
approach is to incorporate region-level cues via region cropping [14,31,54] or lo-
calization [2,49], which can isolate object-related evidence and benefit multi-label
recognition. However, region candidates often contain redundancy and noise, es-
pecially in unsupervised TTA settings. Naively aggregating all regions may dilute
discriminative signals and introduce irrelevant context [47, 75], thereby limit-
ing recognition performance. This motivates us to design a region purification
mechanism to select informative regions and facilitate fine-grained alignment to
optimize semantic representations.

Adaptive Region Purification. To support reliable regional evidence, we
leverage both global and local cues. At the global level, we apply holistic aug-
mentations (e.g., flipping and color jitter) to form a multi-view set V follow-
ing [23,69]. Each augmented view xi yields predictions p(xi), which are used to
derive pseudo-label candidates to guide the purification and semantic alignment:

G =
⋂

xi∈V
{c | c ∈ Top-κg (p(xi))} . (5)

where Top-κg(·) identifies the indices of the highest-confidence classes, with the
threshold κg defined as a fixed proportion of the total class count C.

At the local level, we extract Q local region features F local
V = {f (1)V , f

(2)
V , . . . , f

(Q)
V }

by performing stochastic scaling and cropping on the input image x under prede-
fined scale ranges, following [3,54]. We aim to identify regions that provide more
isolated and less entangled label-specific evidence, which helps compensate for
missing spatial cues and improve multi-label discrimination [4], particularly for
small or spatially localized objects [73]. Intuitively, a purified region should ex-
hibit clear dominance of one class over the others. To quantify this dominance, we
compute the relative confidence of each region via normalization across classes:

ŝcq = softmaxc

(〈
f
(q)
V ,Fc

T

〉)
. (6)



Towards Purified Multi-Label Test-Time Adaptation 7

We identify the dominant class for each region as c∗ = argmaxc∈C ŝ
c
q and use

the normalized score ŝc
∗

q as the purification confidence. Since confidence varies
across classes due to class imbalance [28], a uniform global threshold becomes
suboptimal for region selection. We therefore maintain an adaptive class-wise
threshold µc via running averaging of incoming region confidence scores:

µc ← µc +
1
T

(
s̄c − µc

)
, s̄c =

1
Q

∑Q
q=1 ŝ

c
q. (7)

where T is the number of test steps. Regions whose dominant-class confidence
surpasses the class-wise adaptive threshold are retained, forming the purified
region feature set that provides reliable class-specific evidence:

Fpur
V =

{
f
(q)
V

∣∣∣ ŝc∗q ≥ µc∗ , q ∈ [1, Q]
}
. (8)

Region-level pseudo-labels are obtained by aggregating the top-1 predictions
from purified regions, serving as local counterparts to the global pseudo-labels:

R =

{
c∗ | c∗ = argmax

c∈C

〈
f
(q)
V ,Fc

T

〉
, f

(q)
V ∈ Fpur

V

}
. (9)

Thus, purified regions provide reliable local supervision for semantic optimiza-
tion, while the final pseudo supervision is obtained via intersection: Ỹ = G ∩R.
In Supplementary Sec. 3, we provide a theoretical analysis that formally demon-
strates the effectiveness of the proposed region purification mechanism.

Global-Local Aggregation and Alignment. We employ global-local ag-
gregation to capture complementary information by extending the prediction in
Eq. (2) to balance global and local contributions:

scTTA = 1
2 ⟨FV,F

c
T⟩︸ ︷︷ ︸

Global

+ 1
2 max
f
(q)
V ∈Fpur

V

〈
f
(q)
V ,Fc

T

〉
︸ ︷︷ ︸

Local

+sccache
(10)

where max(·) preserves the strongest class-specific regional activation as [17,54]
to suppress noise. This aggregation integrates purified regional evidence for more
fine-grained recognition. With reliable pseudo-labels derived above, we adopt the
standard BCE loss for multi-label optimization:

LBCE = −
∑C

c=1 [ỹ
c log(σ(scTTA)) + (1− ỹc) log(1− σ(scTTA))] (11)

where σ(·) denotes the Sigmoid function. Overall, the proposed aggregation and
alignment leverage complementary visual cues from purified regions for more
precise adaptation, while enabling mutual refinement between region purification
and semantic optimization.

3.3 Cache Purification with Episodic and Temporal Strategies

Cache-based methods typically rely on global features for retrieval and storage.
In multi-label scenarios, these features are often dominated by salient classes and
lack label purity, leading to cache contamination and degraded class-wise calibra-
tion. To alleviate this issue, we perform cache purification at two complementary
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(a) (b)

Fig. 3: Empirical studies of cache dynamics on COCO2014. (a): The cache turnover
rate measures the frequency of cache updates, where N

(t)
in and N

(t)
out denote the numbers

of samples inserted and removed at adaptation step t, respectively. (b): The evolution
of model performance during adaptation.

timescales: short-term episodic purification and long-term temporal refreshing.
The former ensures reliable cache entries for each incoming sample, while the
latter enhances adaptation over time by refreshing outdated cache entries.

Episodic Purification. For each incoming test sample (episode), we obtain
its purified regions as defined in Eq. (8). Given the reliable pseudo-label set Ỹ, we
select the corresponding regions to form region-label cache entries. Specifically,
for each label ỹi ∈ Ỹ, we select the most confident region in Fpur

V as anchor:

r⋆ = arg min
f
(q)
V ∈Fpur

V

H
(〈

f
(q)
V ,Fỹi

T

〉)
(12)

where region r⋆ denotes the anchor region index for pseudo-label ỹi. Each anchor
feature f

(r⋆)
V is paired with its entropy to form region-entropy cache candidates.

This design yields cleaner cache representations and improves class-wise discrim-
inability, as empirically demonstrated in Fig. 5. The cache score is computed on
the same purified region set as Eq. (10):

sccache = A

(
max

f
(q)
V ∈Fpur

V

〈
f
(q)
V ,Fc

cache

〉)
Lp. (13)

Unlike typical entropy-based selection that stores a single cache entry per
sample [23,65], our episodic purification exploits purified regions to form region-
label pairs, enabling multiple class-specific cache entries within each episode.
Cache logits are computed through region-level max aggregation over the purified
regions, improving prediction robustness and class-wise discriminability.

Temporal Refreshing. As mentioned above, each multi-label image could
produce multiple cache pairs, which accelerates cache saturation under limited
capacity compared with single-label images that typically provide only one can-
didate. As adaptation proceeds, the entropy-based admission threshold becomes
increasingly stringent, making it difficult for later samples to enter the cache.
Consequently, the cache is rarely updated in the later stages and may eventu-
ally solidify into a fixed state. We refer to this phenomenon as cache saturation,
where overly strict admission suppresses the inclusion of later samples, causing
the cache to be dominated by early entries and gradually lose temporal dynam-
ics — its ability to update with samples appearing later in the data stream. As
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shown in Fig. 3, the blue curve denotes the vanilla cache without any adjustment.
Its turnover rate first increases and then declines, while the mAP curve plateaus
later, indicating that the cache becomes progressively less adaptive over time. As
the cache becomes nearly fixed, it struggles to incorporate later samples, thereby
overlooking their contribution. Meanwhile, the progressive prototype update in
Eq. (4) relies on accumulating semantic evidence over time. When later samples
fail to enter the cache, it cannot benefit from the progressively refined semantic
prototypes for reliable entry selection, ultimately limiting long-term adaptation.

To maintain cache purification and enhance long-term adaptability, we design
a Temporal Refreshing mechanism with a time-decay strategy to adjust the
priority of cached entries, mitigating early-stage bias that causes early samples to
dominate the cache and enabling the integration of later ones. To be specific, we
additionally record for each cached item its cumulative time in the cache, denoted
as ti, and each class-wise cacheMc consists of L feature entries represented as:

Mc = {(Fcache ,H (⟨Fcache ,F
c
T⟩) , ti)}

L
i=1

(14)

Inspired by the exponential decay strategy in learning rate scheduling [27,33],
we formulate a similar temporal decay strategy to gradually downweight the
priority of long-retained cache entries by penalizing their entropy, mitigating
early-sample dominance. Let δ denote a temporal decay constant that controls
the retention time, beyond which the penalization progressively increases. The
temporal weight and updated entropy are defined as:

wtime
i = exp

(
ti − δ

δ

)
, H′

i = Hi · wtime
i . (15)

The updated entropy H′
i replaces the original one in Eq. (14) to penalize long-

retained entries. When ti > δ, the weight wtime
i > 1 amplifies their entropy,

lowering priority and encouraging replacement by newer samples. This refresh-
ing strategy enables the cache to evolve with streaming data, allowing later
samples to leverage refined semantic representations to progressively improve
class-specific representations, thereby enhancing overall adaptation (see Fig. 3).

3.4 Overall Objectives

Our optimization goal is to achieve accurate recognition in multi-label test-time
adaptation, which is challenging for conventional TTA methods that mainly rely
on vanilla entropy minimization. Based on the reliable pseudo-labels obtained
from global-local consistency (Sec. 3.2), we incorporate the binary cross-entropy
loss in Eq. (11) to provide additional supervision and stabilize optimization under
distribution shifts. Following [29,65], we adopt the standard entropy loss and an
alignment loss as auxiliary objectives to optimize textual residuals and calibrate
predictions. Given test sample x and its augmented set V = {x1, . . . , xN−1}, the
marginal entropy loss can be written as:

Lent (x) =
1

|Vf |
∑

xi∈Vf

H (p (xi)) (16)
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where H(p) = −
∑C

c=1 p
c log pc is the prediction entropy, and Vf ⊂ V ∪ {x}

denotes the subset of the most confident augmented views (typically the top
10%). Following [29, 65], we introduce an alignment loss to enforce cross-modal
consistency between cached visual prototypes and text, formulated as:

Lalign =
∑C

c=1

[
− log

exp
(
(F̂c

T)
⊤
Fc

cache

)
∑C

j=1 exp
(
(F̂c

T)
⊤
Fj

cache

)] (17)

where F̂c
T and Fc

cache denote the mean prototypes of the textual and visual
prototypes, respectively. In summary, our final loss function is defined as:

L∗ = Lent + λ1LBCE + λ2Lalign (18)

where λ1 and λ2 are trade-off coefficients balancing contributions of pseudo-label
supervision and cross-modal alignment. The integration of multi-label supervi-
sion with test-time regularization via residual updates enables PuRF to capture
label co-occurrence knowledge and mitigate test-time uncertainty.

4 Experiments

4.1 Experimental Settings

Datasets. Following [57], we evaluate on five widely used multi-label datasets:
VOC [10] (versions 2007 and 2012), MS-COCO [30] (versions 2014 and 2017),
and NUS-WIDE [6]. For the VOC datasets, the 2007 and 2012 versions contain 20
object categories with 4.9K and 5.8K test images, respectively. MS-COCO covers
80 object categories, and we use the validation sets of COCO2014/COCO2017
containing 40K/5K testing images. For NUS-WIDE, we evaluate on 81 manually
annotated categories covering broader concepts, with 83K test images.

Implementation Details. We verify the generalization of our PuRF across
diverse CLIP architectures (RN50, RN101, ViT-B/16, ViT-B/32) using the de-
fault prompt “a photo of a” and report results in mAP. We further assess its com-
patibility with different prompt initializations, including (1) pretrained prompt
weights from MaPLe [24] and CoOp [72], and (2) dataset-specific templates in
CuPL [40] manner. For all datasets, we set the number of generated regions
to 50 and fix the temporal decay constant as δ = 1000. For global filtering,
we select the top-κg labels with κg = 0.1. We use 63 augmented visual views,
consistent with common practice in prior baselines [23,45,65,69]. The loss coef-
ficients are set to λ1=0.2 and λ2=0.5. The cache size L=3 with three adjacent
text embeddings follows [29,65]. Please refer to Supplementary for more details.

4.2 Comparison with State-of-the-Art Methods

Different CLIP Visual Backbones. As shown in Table 1, PuRF consistently
shows superior performance across all datasets and backbones. Notably, on ViT-
B/32, PuRF improves mAP by 8.56% over its prompt-based counterpart ML-
TTA [57] and 4.05% over ReTA [29] on average across datasets, demonstrating
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Table 1: Comparison with state-of-the-art methods under different visual encoder
architectures w.r.t. mAP (%). Bold indicates best results.

ResNet-50 ResNet-101
Methods VOC07 VOC12 COCO14 COCO17 NUS Avg. VOC07 VOC12 COCO14 COCO17 NUS Avg.

CLIP [41]ICML’21 75.91 74.25 47.53 47.32 41.53 57.31 76.72 74.21 48.83 48.15 41.93 57.97

TPT [45]NeurIPS’22 75.54 73.92 48.52 48.51 41.97 57.69 74.82 73.39 49.71 48.89 43.10 57.98
DiffTPT [13]CVPR’23 75.89 74.13 48.56 48.67 41.33 57.72 74.98 74.31 49.45 49.19 42.93 58.17
RLCF [71]ICLR’24 65.75 64.73 36.87 36.73 29.83 46.78 71.21 69.63 40.53 39.79 31.77 50.59
ML-TTA [57]ICLR’25 78.62 76.63 51.58 51.39 42.53 60.15 78.72 78.13 52.92 52.24 43.62 61.13

TDA [23]CVPR’24 76.64 75.12 48.91 49.11 42.34 58.42 78.12 77.13 50.19 49.78 43.13 59.67
DMN [70]CVPR’24 74.87 74.13 44.54 44.18 41.32 55.81 76.82 75.32 46.28 45.44 42.71 57.31
DPE [65]NeurIPS’24 82.51 80.64 54.38 54.74 45.96 63.65 82.55 81.21 54.92 54.53 46.64 63.97
BoostAdapter [69]NeurIPS’24 79.53 78.00 52.07 52.92 44.20 61.34 81.13 80.06 53.90 54.33 45.47 62.98
ReTA [29]ACM MM’25 83.56 81.98 55.09 55.40 46.90 64.59 83.69 82.40 56.71 56.39 47.02 65.24
PuRF (Ours) 86.35 84.38 61.47 61.56 47.57 68.27 86.77 85.43 62.60 61.93 47.91 68.93

ViT-B/16 ViT-B/32
Methods VOC07 VOC12 COCO14 COCO17 NUS Avg. VOC07 VOC12 COCO14 COCO17 NUS Avg.

CLIP [41]ICML’21 79.58 79.25 54.42 54.13 45.65 62.61 77.18 76.85 50.31 50.15 42.90 59.48

TPT [45]NeurIPS’22 77.54 77.39 53.32 54.20 46.15 61.72 74.21 71.93 48.12 48.63 43.63 57.30
DiffTPT [13]CVPR’23 77.93 77.24 53.91 54.15 46.13 61.87 74.50 72.98 48.73 49.19 43.42 57.76
RLCF [71]ICLR’24 79.29 79.26 54.21 54.43 43.18 62.07 77.12 76.83 50.28 49.59 43.29 59.42
ML-TTA [57]ICLR’25 81.28 81.13 57.52 57.49 46.55 64.80 78.70 77.97 52.83 52.99 44.12 61.32

TDA [23]CVPR’24 80.12 79.92 55.21 55.46 46.72 63.49 77.62 77.12 51.23 51.49 44.13 60.32
DMN [70]CVPR’24 79.83 79.67 52.52 52.37 46.27 62.13 77.42 76.60 49.32 48.13 43.41 58.98
DPE [65]NeurIPS’24 84.10 83.62 59.21 59.28 48.90 67.02 82.38 81.74 55.79 55.32 47.11 64.47
BoostAdapter [69]NeurIPS’24 83.01 82.56 58.07 58.64 47.76 66.01 80.82 80.03 54.49 54.75 46.14 63.25
ReTA [29]ACM MM’25 85.09 84.49 60.37 60.30 49.20 67.89 83.99 83.51 57.02 56.58 48.05 65.83
PuRF (Ours) 88.18 87.12 66.05 65.33 50.72 71.48 87.32 86.04 63.42 63.02 49.61 69.88

strong generalization under multi-label setting. By incorporating purified infor-
mative regions with multi-granularity aggregation and alignment, PuRF extracts
reliable and complementary cues for more accurate multi-label recognition. In
addition, the purified cache enables accurate class-wise calibration and maintains
long-term cache adaptability under evolving distributions. Consequently, PuRF
achieves a notable 6.09% mAP gain over ReTA on the large-scale COCO2014
dataset and consistent improvements on NUS-WIDE across backbones.

Different Prompt Initialization. In Table 2, PuRF still achieves the best
performance under all prompt initialization methods. With MaPLe [24] initial-
ization, PuRF achieves 73.79% mAP, outperforming ReTA (70.88%) and ML-
TTA (70.38%), highlighting its strong adaptability to various prompt initializa-
tions. Templates constructed via CuPL [40] offer richer semantics that benefit
cache-based methods, from which PuRF further benefits by exploiting purified
regional cues for more reliable class-wise predictions, surpassing ReTA by 2.28%
mAP. While prompt-based methods are incompatible with such template design
and thus fail to effectively exploit its semantic richness.

Efficiency Analysis. Table 3 compares the efficiency and performance
of different baselines on a single NVIDIA 3090 GPU. Prompt-based methods
(e.g., [45, 57]) exhibit high latency and memory due to repeated prompt re-
initialization and optimization. DPE requires expensive visual prototype learn-
ing that leads to high memory consumption. In contrast, our PuRF adopts
lightweight text residual learning with tolerable region-level computation, achiev-
ing a remarkable 8.87% mAP gain with low memory cost.
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Table 2: Comparison with state-of-the-art methods under different prompt initializa-
tions on ViT-B/16 w.r.t. mAP (%). Bold indicates best results.

Methods VOC2007 VOC2012 COCO2014 COCO2017 NUS-WIDE Avg.

CoOp

CoOp [72]IJCV’22 79.14 77.85 56.12 56.35 46.74 63.24

TPT [45]NeurIPS’22 79.72 77.85 55.35 55.23 47.27 63.08
DiffTPT [13]CVPR’23 79.86 77.61 55.30 55.47 47.13 63.07
RLCF [71]ICLR’24 80.15 78.24 56.72 56.18 47.62 63.78
ML-TTA [57]ICLR’25 83.17 81.36 59.68 59.33 48.12 66.33

TDA [23]CVPR’24 80.20 78.58 56.93 57.15 47.82 64.13
DPE [65]NeurIPS’24 84.97 83.86 61.39 61.04 48.49 67.95
BoostAdapter [69]NeurIPS’24 82.32 81.71 58.77 58.02 47.56 65.68
ReTA [29]ACM MM’25 85.23 84.15 61.63 61.31 48.75 68.21
PuRF (Ours) 88.31 86.97 66.69 66.02 50.84 71.77

MaPLe

MaPLe [24]CVPR’23 85.34 84.79 62.18 62.35 48.42 68.62

TPT [45]NeurIPS’22 85.04 83.92 63.36 63.75 48.90 69.01
DiffTPT [13]CVPR’23 85.15 83.78 62.93 63.14 48.81 68.76
RLCF [71]ICLR’24 85.35 85.28 62.84 62.90 49.37 69.15
ML-TTA [57]ICLR’25 86.40 85.69 64.75 64.86 50.21 70.38

TDA [23]CVPR’24 85.76 84.15 63.25 63.64 49.55 69.27
DPE [65]NeurIPS’24 87.55 86.73 64.80 64.38 52.39 71.17
BoostAdapter [69]NeurIPS’24 85.99 84.62 63.74 63.62 50.16 69.63
ReTA [29]ACM MM’25 87.40 86.60 64.59 64.21 51.62 70.88
PuRF (Ours) 89.42 88.56 69.31 68.82 52.84 73.79

Template

CLIP [41]ICML’21 82.93 82.26 59.94 59.62 47.76 66.50

TDA [23]CVPR’24 83.18 82.09 60.06 60.05 47.95 66.67
DPE [65]NeurIPS’24 85.86 84.82 61.99 61.54 49.29 68.70
BoostAdapter [69]NeurIPS’24 84.85 84.06 61.82 61.79 48.64 68.23
ReTA [29]ACM MM’25 87.71 86.54 63.43 62.56 48.41 69.73
PuRF (Ours) 88.73 87.75 66.94 66.16 50.47 72.01

Table 3: Efficiency and performance over five multi-label datasets on a single NVIDIA
3090 GPU (ViT-B/16).

Method Inference Speed (FPS) ↑ Memory (GB) ↓ mAP (%) ↑ Gain (%) ↑

CLIP [41] 106.25 0.35 62.61 -
TPT [45] 3.59 5.77 61.72 -0.89
ML-TTA [57] 3.05 5.77 64.80 2.19
DPE [65] 4.78 7.49 67.02 4.41
ReTA [29] 6.35 0.74 67.89 5.28
PuRF (Ours) 5.74 1.04 71.48 8.87

Generalization across Diverse VLM Backbones. To validate the gen-
eralization of PuRF beyond the original CLIP, we further evaluate it on three
advanced VLM backbones, including EVA-02 [12] (ViT-B/16), SigLIP2 [48]
(SO400M/14), and MetaCLIP2 [7] (ViT-H/14). As shown in Table 4, PuRF
consistently achieves the best performance across all datasets compared with
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Table 4: Comparison with state-of-the-art cache-based methods across diverse VLM
backbones. Bold indicates best results.

Method VOC2007 VOC2012 COCO2017 Avg.

EVA-02 [12]
(ViT-B/16)

No Adapt. 84.05 83.88 57.88 75.27
DPE [65] 87.19 86.49 61.22 78.30
ReTA [29] 86.76 86.23 61.15 78.05
PuRF (Ours) 89.65 88.43 66.59 81.56

SigLIP2 [48]
(SO400M/14)

No Adapt. 88.35 88.09 67.32 81.25
DPE [65] 89.40 88.98 68.65 82.34
ReTA [29] 88.84 88.47 67.92 81.74
PuRF (Ours) 91.13 90.34 72.81 84.76

MetaCLIP2 [7]
(ViT-H/14)

No Adapt. 84.16 83.91 61.16 76.41
DPE [65] 85.64 84.57 62.87 77.69
ReTA [29] 86.30 85.22 63.41 78.31
PuRF (Ours) 89.59 88.74 70.29 82.87

Table 5: Ablation of key components on ViT-B/16.

RP (region) EP (cache) TR (cache) VOC2007 COCO2017

1 84.83 60.71
2 ✓ 86.67 63.35
3 ✓ 85.79 62.59
4 ✓ ✓ 87.50 64.56
5 ✓ ✓ 87.36 64.12
6 ✓ ✓ 86.65 63.37
7 ✓ ✓ ✓ 88.18 65.35

Table 6: Ablation on Region Purification
(COCO2017, ViT-B/16).

Region Selection mAP (%)

Global-only 61.67
All regions 63.46
Abs-score selection 65.02
Rel-score selection (ours) 65.35

Table 7: Ablation on Cache Purifica-
tion (COCO2017, ViT-B/16).

Cache setting mAP (%)

Global-only cache 62.21
PuRF (global retrieve) 64.80
PuRF (min-ent) + avg 64.92
PuRF (min-ent) + max (ours) 65.35

two strong cache-based baselines, yielding average improvements of 3.56% mAP
over DPE [65] and 3.69% mAP over ReTA [29]. These results demonstrate the
effectiveness and generalization of PuRF across multiple VLM architectures.

4.3 Ablation Studies

Effectiveness of the Key Components. In Table 5, we analyze the effec-
tiveness of each module in PuRF, including Region Purification (RP), Episodic
Purification (EP) and Temporal Refreshing (TR) for cache purification. RP ex-
ploits informative regions through purification, providing fine-grained cues that
enable reliable pseudo supervision via global-local consistency for semantic op-
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Fig. 4: Impact of hyper-parameters. (a) Variation of κg in Eq. (5). (b) Variation of δ
in Eq. (15). (c) Joint impact of λ1 and λ2 in Eq. (18) on COCO2017.

DPE ReTA PuRF (Ours)

Fig. 5: t-SNE visualization of cached visual features on COCO2017. The capacity of
all caches is set to 7, and the visualization is taken at the 2000-th adaptation step.

timization, boosting performance by 2.24% on average across two datasets. EP
improves cache purity by constructing class-specific prototypes from purified
regions, enabling more effective cache calibration. It yields a larger gain on
COCO2017 (+1.88% mAP), where dense label co-occurrence requires finer class-
wise discrimination. TR offers comparable improvements to EP by enhancing
long-term cache adaptability and mitigating cache saturation and early-stage
bias. Together, these components form a complementary design that balances
performance and temporal adaptivity in multi-label test-time adaptation.

Impact of Region and Cache Purification. Table 6 and Table 7 eval-
uate the impact of purification at region and cache levels. In Eq. (8), rela-
tive activation-based selection measures the competitiveness of a region w.r.t.
other class responses, favoring regions with strong class-specific dominance and
yielding purer regional evidence. For cache purification, we compare global-only
caching, purified-region caching with global retrieval, and entropy-based filtering
with different aggregations. Caching purified regions improves performance by
constructing class-specific prototypes from less ambiguous signals. Max aggrega-
tion further achieves the best results by preserving the most confident class-wise
regional activation, preventing dominant responses from being diluted.

Hyperparameter Sensitivity Analysis. Here, we analyze four hyperpa-
rameters in PuRF: κg for selecting the top-κg classes from global predictions,
δ for the refreshing onset and entropy penalization scale, and λ1, λ2 for balanc-
ing the trade-off between different loss terms. As shown in Fig. 4(a) and (b),
smaller κg suppresses noisy candidate classes, while δ=500-1000 strikes a bal-
ance between early and delayed refreshing, with stable performance across a wide
range. In Fig. 4(c), λ1 = 0.2 and λ2 = 0.5 achieve the optimal performance.
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Fig. 6: Visualization of class activation maps for region and cache purification.

4.4 Visualization

Fig. 5 presents the t-SNE [37] visualization of cached features for DPE [65],
ReTA [29], and our PuRF. DPE and ReTA improve cache prototype quality for
single-label recognition, but rely on global representations that entangle multiple
labels, resulting in noisy and ambiguous cache entries in multi-label settings.
In contrast, PuRF produces class-specific representations with well-separated
clusters and strong inter-class discriminability. Fig. 6 illustrates the role of RP
and CP. RP enhances fine-grained evidence aggregation by exploiting purified
regions and enforcing global-local consistency for effective semantic optimization.
EP leverages purified region-level representations to refine class-specific focus
with more discriminative features, yielding improved cache calibration.

5 Conclusion

In this work, we focus on the largely unexplored problem of multi-label test-time
adaptation. We propose PuRF, a purification-driven cache-based method that
addresses the limitations of global representations in multi-label TTA, where la-
bel entanglement introduces bias and ambiguity in predictions and cache. PuRF
performs region and cache purification to effectively exploit informative and re-
liable regions, improving recognition accuracy and discriminative cache calibra-
tion. Extensive experiments on five benchmarks verify its consistent superiority
over existing methods, achieving state-of-the-art results and establishing it as a
strong baseline for future multi-label adaptation research.
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