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Abstract

Test-time prompt tuning for vision-language models has
demonstrated impressive generalization capabilities under
zero-shot settings. However, tuning the learnable prompts
solely based on unlabeled test data may induce prompt opti-
mization bias, ultimately leading to suboptimal performance
on downstream tasks. In this work, we analyze the underlying
causes of prompt optimization bias from both the model and
data perspectives. In terms of the model, the entropy mini-
mization objective typically focuses on reducing the entropy
of model predictions while overlooking their correctness.
This can result in overconfident yet incorrect outputs, thereby
compromising the quality of prompt optimization. On the
data side, prompts affected by optimization bias can introduce
misalignment between visual and textual modalities, which
further aggravates the prompt optimization bias. To this end,
we propose a Doubly Debiased Test-Time Prompt Tuning
method, abbreviated as D*TPT. Specifically, we first intro-
duce a dynamic retrieval-augmented modulation module that
retrieves high-confidence knowledge from a dynamic knowl-
edge base using the test image feature as a query, and uses the
retrieved knowledge to modulate the predictions. Guided by
the refined predictions, we further develop a reliability-aware
prompt optimization module that incorporates a confidence-
based weighted ensemble and cross-modal consistency dis-
tillation to impose regularization constraints during prompt
tuning. Extensive experiments across 15 benchmark datasets
involving both natural distribution shifts and cross-datasets
generalization demonstrate that D*TPT outperforms base-
lines, validating its effectiveness in mitigating prompt opti-
mization bias.

Code — https://github.com/FF2127/D2TPT

Introduction

Benefiting from large-scale pretraining, vision-language
models (VLMs), exemplified by CLIP (Radford et al. 2021),
have demonstrated remarkable zero-shot generalization ca-
pabilities across a wide range of downstream tasks. How-
ever, due to the prevalence of domain shift at test time,
vision-language models still suffer from performance degra-
dation when deployed in practical downstream scenarios. To
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(a) Context Optimization (CoOp) (b) Test-Time Prompt Tuning (TPT)
Figure 1: Comparison of the classical prompt tuning
CoOp (Zhou et al. 2022) and test-time prompt tuning
TPT (Shu et al. 2022). CoOp uses a few labeled samples to
optimize the learnable prompt via supervised classification
loss, while TPT performs label-free optimization by mini-
mizing the entropy of predictions.

address this issue, prior studies (Zhou et al. 2022; Khat-
tak et al. 2023; Li et al. 2025) have investigated a variety
of prompt tuning strategies that adapt the models to down-
stream tasks using labeled training data. Figure 1(a) illus-
trates a representative method, CoOp (Zhou et al. 2022),
which models the context words of the textual prompt using
a set of learnable vectors while keeping the entire pre-trained
parameters fixed. Through minimizing the classification loss
to optimize these learnable vectors, CoOp achieves superb
domain generalization performance. Nevertheless, the re-
liance on annotated data remains a fundamental bottleneck
that hinders the practical deployment of VLMs in real-world
applications.

As a simple yet effective alternative, Test-Time Prompt
Tuning (TPT) (Shu et al. 2022) has attracted widespread at-
tention from researchers in recent years. As shown in Fig-
ure 1(b), TPT enables prompt tuning without requiring la-
beled training data by minimizing entropy to adapt the learn-
able text prompt for each unlabeled test sample. Although
test-time prompt tuning methods (Feng et al. 2023; Zhang
et al. 2024) have shown promising results in effectively
adapting VLMs to target-domain data, relying solely on un-
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Figure 2: (Top) Examples illustrating that entropy min-
imization can lead to overconfident predictions. For in-
stance, although TPT’s prediction for petunia has lower
entropy and higher confidence, the prediction result is in-
correct. (Bottom) Effect of the alignment strategy across
different datasets. A, R, S, and V denote the abbrevia-
tions of the ImageNet-A, ImageNet-R, ImageNet-Sketch,
and ImageNet-V2 datasets, respectively.
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labeled test samples to optimize the learnable prompts is
intuitively insufficient and can lead to prompt optimization
bias. We substantiate this claim by analyzing from both the
model and data perspectives.

At the model level, existing test-time prompt tuning meth-
ods (Shu et al. 2022) optimize prompts by minimizing the
entropy of model predictions on test samples. This objec-
tive tends to drive the optimization of learnable prompts
based on low-entropy predictions. However, as illustrated
in Figure 2(top), low-entropy predictions are not necessar-
ily correct. When prompt optimization is guided by such
incorrect predictions, the model is likely to produce over-
confident yet inaccurate outputs. At the data level, incorpo-
rating learnable prompts into image-text inputs is, in prin-
ciple, expected to enhance semantic alignment between the
visual and textual modalities within the shared embedding
space. Nevertheless, prompts affected by optimization bias
may instead deteriorate this alignment. Typical alignment-
based test-time prompt tuning (Samadh et al. 2023) adapts
learnable image-text prompts by aligning the statistics of test
samples with those of ImageNet. However, this approach
is less robust on datasets that differ significantly from Im-
ageNet. As evidenced in Figure 2(bottom), this alignment
strategy performs well only on ImageNet-variant datasets,
while yielding limited improvements or even performance
degradation on other datasets.

To address the aforementioned issues, we propose a Dou-
bly Debiased Test-Time Prompt Tuning method, abbrevi-
ated as D?TPT, which aims to mitigate prompt optimiza-
tion bias and enable learnable prompts to better support
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model generalization to downstream tasks. D*TPT consists
of two key ingredients: (1) A dynamic retrieval-augmented
modulation module, which introduces a dynamic knowledge
base designed to store high-confidence predictions and sup-
port continuous updates. When a test image arrives, we use
its corresponding feature vector as a query to retrieve the
matched class prototype from the knowledge base. The label
information associated with the retrieved prototype serves
as a high-confidence external supervisory signal to modu-
late the model’s original prediction for the test image. (2)
A reliability-aware prompt optimization module, which im-
poses two regularization constraints on the optimization of
learnable prompts, based on the modulated predictions. On
one hand, a confidence-based weighted ensemble strategy is
designed to integrate discriminative information from aug-
mented views, thereby suppressing the interference caused
by low-quality augmentations. On the other hand, we de-
velop a cross-modal consistency distillation strategy, where
the image and text modalities alternately act as teacher
and student to mutually learn from each other, encourag-
ing semantic consistency between the two modalities within
the shared embedding space. The evaluation results on 15
benchmark datasets involving both natural distribution shifts
and cross-datasets generalization demonstrate the effective-
ness of D>TPT.
Our key contributions can be summarized as follows:

* We reveal that test-time prompt tuning methods solely
based on unlabeled test data suffer from prompt opti-
mization bias, and we analyze its underlying causes from
both model and data perspectives.

» To mitigate the prompt optimization bias, we propose a
Doubly Debiased Test-Time Prompt Tuning method, i.e.,
D?TPT, which consists of a dynamic retrieval-augmented
modulation module and a reliability-aware prompt opti-
mization module.

* On representative tasks involving natural distribution
shifts and cross-datasets generalization, the proposed
method consistently improves the model’s generalization
capability.

Related Work

In this section, we provide an overview of related work on
prompting for VLMs and test-time prompt tuning.

Prompting for VLMs

Leveraging large-scale image-text pairs from the internet,
VLMs have demonstrated promising performance across a
wide range of downstream tasks. Inspired by the success of
prompt learning in natural language processing (Lester, Al-
Rfou, and Constant 2021; Li and Liang 2021), researchers
have developed a variety of prompt-based methods to ef-
fectively adapt VLMs to downstream tasks using only a
few labeled examples. Specifically, CoOp (Zhou et al. 2022)
introduces a set of learnable vectors into the input of the
text branch and optimizes them by minimizing the clas-
sification loss. To further enhance the prompt generaliza-
tion, Bayesian prompt learning (Derakhshani et al. 2023)
reformulates prompt learning from a Bayesian perspective,



casting it as a variational inference problem. Nevertheless,
prompting only a single branch of CLIP is sub-optimal, as
it limits the flexibility to adapt both representation spaces
for downstream tasks. Accordingly, Maple (Khattak et al.
2023) introduces multi-modal prompt learning across both
the vision and language branches to enhance the alignment
between their representations. CoPrompt (Roy and Etemad
2024) imposes a consistency constraint on both the language
and vision branches between the trainable and pre-trained
models to prevent overfitting on downstream tasks. How-
ever, these methods typically rely on labeled training data,
thereby limiting their applicability in real-world scenarios.

Test-time Prompt Tuning

As a simple yet effective approach that adapts vision-
language models to downstream tasks at test time with-
out requiring labeled training samples from the target do-
main, test-time prompt tuning has attracted increasing at-
tention from researchers. TPT (Shu et al. 2022) first in-
troduces test-time prompt tuning, which optimizes prompts
by minimizing entropy to encourage consistent predictions
across augmented views. Following this paradigm, a series
of subsequent studies have been proposed to further en-
hance TPT. Specifically, DiffTPT (Feng et al. 2023) lever-
ages pre-trained diffusion models to generate diverse and in-
formative data, thereby enriching the diversity of augmented
views. C-TPT (Yoon et al. 2024) optimizes prompts dur-
ing test time via enhanced calibration. To address the chal-
lenge of unsupervised prompt optimization without gradi-
ents, BZTPT (Meng et al. 2025) proposes a black-box test-
time prompt tuning that overcomes the gradient-free limita-
tion while reducing complexity. Considering the correlations
among test samples, DynaPrompt (Xiao et al. 2025) builds
upon an online prompt buffer to adaptively select and op-
timize relevant prompts for each test sample during tuning.
In this work, we focus on the potential prompt optimization
bias that arises when tuning learnable prompts solely based
on unlabeled test samples. We analyze its underlying causes
from both model and data perspectives and propose targeted
strategies to effectively mitigate such bias.

Preliminaries

Before introducing D?TPT, we first review the preliminar-
ies of test-time prompt tuning for downstream classification
tasks using CLIP.

Contrastive Language-Image Pretraining (CLIP)

CLIP is a representative foundation vision-language model
(VLM) pre-trained on approximately 400 million image-text
pairs. It comprises a visual encoder V'(-) and a textual en-
coder T'(-), jointly designed to mitigate the semantic gap be-
tween visual inputs and textual descriptions. By leveraging
a contrastive learning loss, CLIP aligns the visual and tex-
tual modalities into a shared embedding space, enabling the
learning of generalizable visual representations and enhanc-
ing transferability across downstream tasks. For an image
classification task with C' categories, CLIP formulates clas-
sification via a textual prompt-based approach. Specifically,
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each class label ¢ € {1...C'} is converted into a text prompt
{t.}<_, by prepending a template (e.g., “a photo of a”).
These text prompts are then encoded by the textual encoder
to yield the corresponding text feature vectors {z¢ }< ;.
where z¢,, = T'(t.). Given a test image ., its visual repre-
sentation is obtained as z;,,; = V(25 ). The classification is
performed by computing the cosine similarity between the
image feature and each class-specific text feature. The re-

sulting class probability distribution is given by:
exP(cOS(Zing; Zie) / Ttemp)
C !
Zd:l eXp(COS(Z,‘mg, Zlcexr)/Ttemp)

where cos(-) denotes the cosine similarity function, and
Ttemp 18 the temperature hyperparameter.

Pc|xies) = ) (D

Test-time Prompt Tuning for CLIP

Despite the impressive zero-shot generalization capability of
CLIP, effectively adapting it to unseen distributions at test
time remains a critical challenge. Furthermore, fine-tuning
the entire model is computationally prohibitive, particularly
for large-scale transformer architectures. Accordingly, test-
time prompt tuning has emerged as a lightweight strategy
that adapts the input prompts based solely on the test sam-
ple itself, without requiring access to labeled training data.
Specifically, given a test image x,., TPT generates N aug-
mented views using a transformation family A, resulting in
{ A (@res) }N_, . For each view, CLIP produces a prediction
Pp(c| Ay (xes)) based on a learnable prompt p. The opti-
mization objective aims to minimize the entropy of the aver-
age prediction distribution over all augmented views:

p* = arg rrgn H(Pp(c|Tres))

2
where H(Pp(c|@es)) = — 25:1 Py (c|Tiest)log Pp(c|Tres),
and Py (c|zien) = & 25:1 Pp(c|An (est))-

To mitigate the impact of unreliable augmentations (e.g.,
random crops that remove discriminative content), TPT
employs a confidence selection mechanism that computes
the self-entropy H(P"™) of each prediction, where P™
Pp(c| Ay (xes)). Then, select only those views with entropy
below a threshold 7, which is determined as the p-percentile
among the entropy values of the IV views, ranked from low
to high. Thus, the averaged prediction under confidence se-
lection is computed as follows:

~ / 1 N
Pp(c|ies) = p7N ZH[H(PH) < 7]P", 3)
n=1

where I[H(P™) < 7] denotes an indicator function that re-
turns 1 if the prediction entropy is below the threshold 7, and
0 otherwise.

By minimizing the entropy of predictions averaged
over selected high-confidence augmentations, TPT adapts
prompts in an unsupervised manner, enabling CLIP to better
generalize to out-of-distribution data at test time.

Methodology

In this section, we present our proposed D*TPT method,
which introduces modality-specific learnable prompts for
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Figure 3: The overall framework of our D>*TPT method.

image and text inputs, and integrates dedicated modules to
jointly mitigate prompt optimization bias. Figure 3 illus-
trates an overview of D*TPT.

Modality-Specific Prompt Design

In this work, we adopt a prompt ensembling strategy that
utilizes multiple contextual prompt templates. Specifically,
for each class ¢, general prompt templates 5" are con-
structed following CLIP, while class-specific prompt tem-
plates ¢¥¢ are generated with the assistance of GPT-4 (Ope-
nAl 2023). The textual encoder 7'(+) is then applied to ob-

tain the corresponding textual embedding: zg,, = T'(t5")
and zg,, = T'(t¥¢). The prototype of these textual prompt

templates in the embedding space is calculated as zl,; "¢

avg(Zg,,, Zgy ), Where avg(-) denotes the mean operation.

Since generating class-specific prompts solely based on
class labels can introduce information irrelevant to the input
image, we design a learnable textual prompt p; that dynam-
ically adjusts each textual prototype to better align with the
visual feature of the test image. For each class ¢, the adjusted
textual representation is computed as z¢, " =zl *“+py. For
convenience, we use Z, € R*P to represent the learn-
able text features corresponding to C' class labels, where D
is the feature dimension.

Similarly, while raw images contain rich semantics, they
may also include irrelevant or misleading information that
impedes alignment with textual features. Therefore, we also
design a learnable image prompt p,, to adjust the image rep-
resentation. For each test image x,, we generate N aug-
mented views {A,, (T) }_; using the transformation fam-

ily A, and extract the corresponding features {zi’jng N us-
ing the visual encoder V (), where zj,, = V(An(Ziest))-
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The adjusted image representation for each view is then
computed as z7,,/ = Zjye + Pv, and we denote the collection

img
of adjusted image features as Z;,, € RNXD,

Dynamic Retrieval-Augmented Modulation

Retrieval-Augmented Generation (RAG) (Gao et al. 2023)
mitigates the limitations of outdated or incomplete model
knowledge by retrieving relevant information from exter-
nal sources and incorporating it into the query. Inspired by
this, we propose a dynamic retrieval-augmented modulation
module to suppress low-entropy yet incorrect predictions.

Let Zy.y and Z;,, denote the normalized textual and vi-
sual feature matrices, respectively. The similarity logits L =

exp (s) - (Zimg(Zm,)T>, where s is a logit scaling factor

and L € RV*Y To filter out unreliable predictions, we ap-
ply entropy-based confidence selection over the logits and
obtain a subset of high-confidence predictions:

L. ={L; |ie{l,---, N} AH(softmax(L;)) < 7}, (4)

where L; = [L},---,LY] € R'¥C denotes the similar-
ity logit for the i-th augmented view, and softmax(L;) =
exp(L;)
ey exp(Lf)”
Based on the filtered confident predictions, we construct
a dynamic knowledge base that stores test image features,
pseudo labels, and corresponding entropy values. The pre-
dicted labels are determined as:

Y, ={9; | L; € L, A g; = argmax(softmax(L;))}, (5)

where g; denotes the predicted label corresponding to L;.



Algorithm 1: D*TPT

Input: Test image ., a set of categories set {1,--- ,C'},
visual encoder V (), textual encoder T'(+), learnable prompts
Dwv, Pt, entropy threshold 7, register capacity K, hyperpa-
rameters o, 3

Output: Predicted category ¢
1: Adapt visual and textual features with learnable
T0,C .
pI'Ol’l’lptS: Z%g/ = Zi%g + Do, Zfexl/ = Zﬁ)x? ¢ + Dt
2: Compute similarity logits using normalized vectors:

L= exp (8) : (Zimg(ztext)T);

3: Identify high-confidence predictions and pseudo labels
using Equations (4)—(5);

4: Update class-specific register using visual feature z;,g,
pseudo label 3, and corresponding entropy H; based on
Equation (6);

5. Construct key-value pairs K,V from register features
and one-hot labels, and compute retrieval-based logits:
Lr = AeXP(*’Y(l - ZimgKT))V;

6: Fuse L and L i, and compute the corresponding entropy
loss as per Equation (7);

7: Estimate confidence scores for selected images to per-
form weighted prediction fusion, and compute entropy
loss of ensemble logits using Equation (8);

8: Derive distillation logits from both original and adapted
features, and compute the corresponding entropy loss
via Equation (9);

9: Optimize prompts by minimizing total loss defined in
Equation( 10) to produce final prediction c.

We identify the most frequently predicted label § =
arg maxye(i...cy ZLE 1(g; y) as the pseudo label,
where |Y,.| denotes the number of predictions in Y,.. To
estimate its confidence, we select the minimum entropy
among predictions assigned to g, computed as Hy
min;e s, {H(softmax(L;))}, where Iy = {i | §; = ¢}.

To maintain a high-quality class-wise knowledge base,
we adopt a dynamic updating strategy. Given the visual fea-
ture Z;,, of the test image ., the pseudo label 7, and the
corresponding minimum entropy #;, we construct a tuple
X = (Zimg, Hy) for possible inclusion in the register Ry as-
sociated with the pseudo label ¢ in the knowledge base. The
register is updated as follows:

RQU{X}, if0 < |Rg| < K
Ry=q Ry \{x"HU{x}, if[Ryl=KAH; <H™,

(6)
where H" = max{H; | H; € Ry}, K denotes the maxi-
mum capacity of Ry, and x™ is the tuple corresponding to
‘H™. The register is sorted by ascending entropy to retain
high-confidence samples for reliable test-time retrieval.

During retrieval, key-value pairs are constructed by ag-
gregating the stored visual features for each class. Specif-
ically, the key for class § € {1,---,C} is computed as
the prototype of visual features in its register, i.e., ky
TRoT 2omer, 2 € R'P, and the corresponding value is
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Dataset #Classes #Test
ImageNet (Deng et al. 2009) 1,000 50,000
ImageNet-A (Hendrycks et al. 2021b) 200 7,500
ImageNet-R (Hendrycks et al. 2021a) 200 30,000
ImageNet-Sketch (Wang et al. 2019) 1,000 50,889
ImageNet-V2 (Recht et al. 2019) 1,000 10,000
Caltech101 (Fei-Fei, Fergus, and Perona 2004) 100 2,465
OxfordPets (Parkhi et al. 2012) 37 3,669
StanfordCars (Krause et al. 2013) 196 8,041
Flowers102 (Nilsback and Zisserman 2008) 102 2,463
Food101 (Bossard, Guillaumin, and Gool 2014) 101 30,300
Aircraft (Maji et al. 2013) 100 3,333
SUN397 (Xiao et al. 2010) 397 19,850
DTD (Cimpoi et al. 2014) 47 1,692
EuroSAT (Helber et al. 2019) 10 8,100
UCF101 (Soomro, Zamir, and Shah 2012) 101 3,783

Table 1: Overview of datasets used in experiments, including
the number of classes and test data.

a one-hot vector v; = one_hot(y) € R™C with 1 at
the g-th position and O elsewhere. Consequently, the key

matrix K [ki;--5ks] € RYP and value matrix

V = [vl; e ;ch] € RE*C are formed, where C' denotes
the number of classes stored in the knowledge base.
Inspired by (Zhang et al. 2022), we compute the retrieval-
augmented modulation logits for the test image z,, as
Lram = L+ Lg, where Lg = Aexp(—7(1 — 2, KT))V
represents the retrieval-based logits, A is the residual ra-
tio, and + is the sharpness ratio. We then use Equation
(4) to select high-confidence logits from Lz 4,7, forming
oanr € RMXC where M denotes the number of selected
logits. Therefore, the self-entropy loss is computed as:

M
1 ,m
Lraym = H(M Z softmax (LY /)

m=1

)

where L), € R is the m-th row of L, , ;.

Reliability-Aware Prompt Optimization

Given L’ 4, € RM*Y we obtain the corresponding learn-
able image feature vectors Z7, € RM*P_ To further mit-
igate the impact of low-quality augmented views, we adopt
a confidence-based weighted ensemble strategy to aggre-
gate predictions from different augmented views. Specifi-
cally, we first compute the pairwise cosine similarity ma-

trix 8 = Z7,,,(21,,,)" € RM*M where Z7  denotes
the normalized image features. The confidence score for
each view is then obtained by summing its similarities with
all other views, i.e., s = [s1;--- ;5] € RM*1 where
Z?il S;.;. Therefore, we obtain the final ensemble

weights w = softmax(s) € RM*1 which are subsequently
used to compute the aggregated prediction Lyy € RMXC.
Consequently, the corresponding self-entropy loss is com-
puted as:

S;

Lprn = H(softmax(Lgy)), 8)



Method Publication ImageNet ImageNet-A ImageNet-R ImageNet-S ImageNet-V Average OOD Average
CLIP-ViT-B/16 ICML2021 66.73 47.87 73.98 46.09 60.86 59.11 57.20
TPT NeurIPS2022  68.98 54.77 77.06 47.94 63.45 62.44 60.81
DiffTPT ICCV2023 70.30 55.68 75.00 46.80 65.10 62.58 60.65
PromptAlign ~ NeurIPS2023 - 59.37 79.33 50.23 65.29 - 63.56
TDA CVPR2024 69.51 60.11 80.24 50.54 64.67 65.01 63.89
SCp ACMMM?2024  68.80 50.50 78.70 46.50 62.60 61.42 59.58
AdaPrompt AAAI2024 - 47.71 73.98 47.72 59.32 - 57.18
C-TPT ICLR 2024 69.30 52.90 78.00 48.50 63.40 62.42 60.70
O-TPT CVPR2025 67.33 49.87 72.55 47.12 61.65 59.70 57.80
DynaPrompt  ICLR2025 69.61 56.17 78.17 48.22 64.67 63.37 61.81
TPS WACV2025 71.45 60.61 80.20 50.88 64.91 65.61 64.15
D’TPT This Paper 71.85 63.09 80.38 51.75 65.79 66.57 65.25

Table 2: Comparison of top-1 accuracy (%) with baselines under natural distribution shifts. Best performances are in bold.

where Ly = M w,,, - L%, and w,,,, L;'%, , repre-
sent the weight and prediction of the m-th augmented view,
respectively.

To enhance the alignment between visual and textual
modalities after incorporating learnable prompts, we pro-
pose a cross-modal consistency distillation strategy. Specif-

ically, let Zo"i € RO*D and Z, € RE*P denote the

text
normalized text features before and after prompt adaptation,
respectively. In addition, let Z;""" € R'" and Z],
R P represent the original and prompt-adapted image fea-
ture prototypes obtained after confidence selection. We de-

fine the cross-modal distillation logits as L, p € R1*C and
the corresponding self-entropy loss is defined as:
Lyp = H(softmax(Lyp)). 9)

where Lyp = Ly ¢ + Ly + Ligerg, Ly sy = exp (5) :
(25 (Zie) ), Lics = exp(s) - (20, (Z2)" ). and
Lself = exp (S) . (Z:’L“mg(zzext)T>-

By combining Equations (7), (8), and (9), we derive the
final optimization objective:

pt’,py” = arg min L, (10)

Pt,Pv
where L = Lraym + aLen + 8Ly D, and «, [ are hy-
perparameters that balance the influence of Lgy and L/ p,
respectively. The procedural steps of D>TPT are detailed in
Algorithm 1.

Experiments

In this section, we present experimental results to compre-
hensively evaluate the effectiveness of D*TPT.

Experimental Setup

Datasets. Following prior work (Shu et al. 2022), we eval-
uate our method under two key scenarios: (1) Natural
distribution shifts. We use ImageNet (Deng et al. 2009)
and four of its out-of-distribution variants, i.e., ImageNet-
A (Hendrycks et al. 2021b), ImageNet-R (Hendrycks
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et al. 2021a), ImageNet-Sketch (Wang et al. 2019), and
ImageNet-V2 (Recht et al. 2019). (2) Cross-datasets gen-
eralization. We conduct evaluations across ten diverse clas-
sification datasets, including Caltech101 (Fei-Fei, Fergus,
and Perona 2004), OxfordPets (Parkhi et al. 2012), Stan-
fordCars (Krause et al. 2013), Flowers102 (Nilsback and
Zisserman 2008), Food101 (Bossard, Guillaumin, and Gool
2014), Aircraft (Maji et al. 2013), SUN397 (Xiao et al.
2010), DTD (Cimpoi et al. 2014), EuroSAT (Helber et al.
2019), and UCF101 (Soomro, Zamir, and Shah 2012). Ta-
ble 1 presents the detailed statistics of these datasets.

Baselines. We compare our D*TPT against a comprehen-
sive set of baselines, including both zero-shot and test-time
adaptation approaches built upon the CLIP ViT-B/16 (Rad-
ford et al. 2021) backbone. Specifically, we consider the fol-
lowing methods: TPT (Shu et al. 2022), DiffTPT (Feng et al.
2023), PromptAlign (Samadh et al. 2023), TDA (Karmanov
et al. 2024), SCP (Wang et al. 2024), AdaPrompt (Zhang,
Zhou, and Li 2024), C-TPT (Yoon et al. 2024), O-
TPT (Sharifdeen et al. 2025), DynaPrompt (Xiao et al.
2025), and TPS (Sui, Wang, and Yeung-Levy 2025). These
baselines encompass a diverse range of strategies for adapt-
ing VLMs at test time, including prompt tuning, distribution
alignment, and other robust adaptation techniques.

Implementation Details. We set the register capacity
K for each class in the knowledge base to 3. Following
TPT (Shu et al. 2022), each test image is augmented 63 times
via random resized cropping and grouped with the original
into a batch of 64. Among the predictions, we select the top
10% (7 = 0.1) most confident samples and compute the en-
tropy of their averaged probability. The learnable prompts
are then updated for one step by minimizing this entropy us-
ing the AdamW optimizer. All experiments are conducted
on a single NVIDIA GeForce RTX 4090, and results are av-
eraged over three random seeds.

Main Results

Natural Distribution Shifts. Table 2 presents a comparison
of top-1 accuracy across various test datasets under natu-
ral distribution shifts. Our proposed method, D*TPT, con-
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CLIP-VIT-B/16 ICML2021 9335 8825 6548 67.44 83.65 23.67 6259 4427 4201 65.13 63.58
TPT NeurIPS2022 94.16 87.79 66.87 68.98 84.67 24.78 6550 47.75 4244 68.04 65.10
DiffTPT ICCV2023 9249 8822 67.01 70.10 87.23 2560 6574 47.00 43.13 68.22 6547
PromptAlign  NeurIPS2023 94.01 9076 68.50 7239 86.65 24.80 67.54 4724 47.86 6947 66.92
TDA CVPR2024 ~ 9424 88.63 6728 7142 86.14 2391 67.62 4740 58.00 70.66 67.53
SCP ACMMM2024 9390 88.60 6590 70.00 87.40 24.80 69.10 43.90 4730 67.80 65.87
AdaPrompt AAAI2024 94.07 89.64 6329 7297 8472 2121 6537 4475 4720 6722 65.04
C-TPT ICLR2024  94.10 8740 6670 69.90 8450 2390 66.00 46.80 4870 66.70 6547
O-TPT CVPR2025 9395 87.95 6453 70.07 84.13 23.64 6423 4568 42.84 64.16 64.12
DynaPrompt  ICLR2025 9432 8828 67.65 69.95 8542 2433 6632 47.96 4228 68.72 65.52
TPS WACV2025 9509 87.35 69.06 71.54 8523 2634 6898 5047 4448 71.00 66.95
D2TPT This Paper 9510 87.55 69.50 7521 84.95 27.00 69.80 52.88 5492 72.40 68.93

Table 3: Comparison of top-1 accuracy (%) with baselines under cross-datasets generalization. Best performances are in bold.

RAM RPO NDS CDG
CWE CMD

X X X 64.57 67.08

v X X 64.82 68.27

v v X 65.02 68.43

v v v 65.25 68.93

Table 4: Ablation study on the effectiveness of each mod-
ule. NDS and CDG are abbreviations for natural distribution
shifts and cross-datasets generalization, respectively.

sistently outperforms all baselines. Specifically, it achieves
the highest average accuracy of 66.57%, outperforming all
competitors and demonstrating superior generalization ca-
pability. In terms of OOD average accuracy, D°TPT reaches
65.25%, surpassing the primary baseline TPS by 1.1%.
These results validate the effectiveness of our D*TPT in han-
dling distribution shifts across diverse visual domains.

Cross-Datasets Generalization. Table 3 reports the top-1
accuracy on 10 diverse datasets for evaluating cross-datasets
generalization. Our method, D?TPT, achieves the highest av-
erage accuracy of 68.93%, outperforming all previous base-
lines. In particular, D*TPT obtains the best results on 7
out of 10 datasets. Compared to the primary baseline TPS,
D?TPT brings a performance gain of 1.98% on average.
These results clearly demonstrate the generalization capa-
bility of D*TPT across diverse visual domains with varying
distributions and label semantics.

Ablation Study. We assess the impact of removing
two modules, i.e., dynamic retrieval-augmented modulation
(RAM) and reliability-aware prompt optimization (RPO),
on model performance. CWE (confidence-based weighted
ensemble) and CMD (cross-modal consistency distillation)
are subcomponents of the RPO module. As shown in Ta-
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Model Entropy Confidence Pred.
CLIP 0.72 0.54 schooner  ©
TPT 0.45 0.84 ketch @
Ours 0.12 0.98 schooner ©
|
Model Entropy Confidence Pred.
CLIP 1.47 0.40 petunia @
TPT 0.50 0.91 garden phlox &)
Ours 0.09 0.98 petunia  ©
Model = Entropy Confidence Pred.
CLIP 2.64 0.30 fibrous ©
TPT 1.38 0.61 porous (@
Ours 0.41 0.91 fibrous  ©

Figure 4: Case study on prediction confidence and correct-
ness. We use pred. to denote the model’s predicted category.

ble 4, the experimental results highlight the individual con-
tributions of each module. Specifically, removing either the
RAM or RPO module leads to a performance drop, while
the model achieves the best performance when both mod-
ules are used jointly. This confirms the effectiveness of each
component in our proposed approach.

Further Analysis

Case Study. Figure 4 presents representative examples
where TPT tends to produce low-entropy yet incorrect pre-
dictions, reflecting overconfident misclassification. In con-
trast, our method effectively suppresses such overconfident
errors, which can be attributed to the design strategy that
modulates the original model predictions during prompt op-
timization. These examples suggest that our approach miti-
gates the prompt optimization bias, enabling more confident
and accurate predictions.



NDS CDG
D?TPT vs. TPS 0.046 0.032
D?TPT vs. DynaPrompt 0.033 0.021
D?TPT vs. O-TPT 0.016 0.003

Table 5: The p-value for Student’s z-test across two settings.

. CLIP PromptAlign Ours

Caltech101 32.95%

Flowers102 33.62% 33.04%

OxfordPets EERE 32.94%

33.70%

DTD 32.87%

Figure 5: Comparison of normalized cross-modal feature
distances across different models.

Significance Test. To verify that the observed perfor-
mance improvements are not attributable to random chance,
a Student’s t-test (Mendenhall, Beaver, and Beaver 2020) is
conducted between the baseline models and the proposed
D?TPT. A p-value below 0.05 is considered statistically
significant. As reported in Table 5, all p-values across the
two task settings, i.e., natural distribution shifts and cross-
datasets generalization, fall below this threshold. Specifi-
cally, the comparisons between TPS and D?TPT yield p-
values of 0.046 and 0.032, respectively. These results indi-
cate that D?>TPT achieves statistically significant improve-
ments over the baselines, further validating the effectiveness
of the proposed method.

Computational Complexity. To further assess the trade-
off between accuracy and computational efficiency, we con-
duct a complexity analysis under the cross-datasets gener-
alization setting, with results summarized in Table 6. On
the Flowers102 dataset, DTPT achieves a Top-1 accuracy
of 75.21% with 52736 trainable parameters and an infer-
ence throughput of 5.71 FPS. These results are comparable
to those of the baseline models. Although D>TPT exhibits
a slightly lower inference throughput, its relatively low pa-
rameter count results in only a minimal increase in compu-
tational complexity, demonstrating that the improvements in
accuracy come with negligible computational overhead.

Cross-Modal Alignment Evaluation. We compute the
L2 distances between image and text features to further as-
sess the effectiveness of our method in aligning visual and
textual modalities. To facilitate clearer comparisons among
models within each dataset, the distances are normalized
as proportions. The normalized results are shown in Fig-
ure 5, where smaller proportions indicate shorter distances
and thus better cross-modal alignment. We observe that our
method consistently achieves the lowest proportion of fea-
ture distance, outperforming both CLIP and PromptAlign,
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Method Top-1 Accuracy  Params  FPS
TPT 68.98 2048 6.37
PromptAlign 72.39 1185024 7.41
TPS 71.54 52224  6.02
D*TPT 75.21 52736 5.71

Table 6: Complexity comparison of D?TPT and baselines on
the Flowers102 dataset.

=N
i
o

Accuracy(%)
(=N
(=2}
o
D
(=)
S

=N
o
2

Accuracy(%)

=N
N
%)

le-0 le-1 le-2

«

le-3 le-1 le-2 le-3

B

le-4

Figure 6: Influence of « and /3 on model accuracy.

which indicates a stronger alignment between modalities.

Hyperparameter Analysis. To systematically investigate
the impact of the hyperparameters « and 5 on model per-
formance, we conduct an empirical study under the cross-
datasets generalization setting. Specifically, we search for
the optimal value of « from the set {1e°, le~ !, 1e72 173}
and 3 from {le~!, 1e=2,1e73, 1e~*}, using four represen-
tative datasets: Caltech101, Flowers102, UCF101, and Air-
craft. Figure 6 presents the average performance across the
four datasets under different settings of the two hyperpa-
rameters. Based on the results, we select & = le~! and
B = 1le™3 as the final configuration for our model.

Conclusion

In this work, we propose Doubly Debiased Test-Time
Prompt Tuning (D?>TPT) to mitigate prompt optimization
bias from both model and data perspectives. By incorporat-
ing a dynamic retrieval-augmented modulation module and
a reliability-aware prompt optimization module, D*TPT en-
ables more confident and accurate predictions, along with
stronger alignment between visual and textual modalities.
These improvements jointly alleviate prompt optimization
bias and enhance the performance of test-time prompt tun-
ing. Extensive experiments demonstrate that D?°TPT consis-
tently outperforms existing baselines on benchmarks involv-
ing natural distribution shifts and cross-datasets generaliza-
tion, validating its effectiveness and robustness.
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