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Abstract

Large pre-trained Vision-Language Models (VLMs) such
as CLIP have demonstrated excellent zero-shot general-
izability across various downstream tasks. However, re-
cent studies have shown that the inference performance of
CLIP can be greatly degraded by small adversarial pertur-
bations, especially its visual modality, posing significant
safety threats. To mitigate this vulnerability, in this pa-
per, we propose a novel defense method called Test-Time
Adversarial Prompt Tuning (TAPT) to enhance the infer-
ence robustness of CLIP against visual adversarial attacks.
TAPT is a test-time defense method that learns defensive
bimodal (textual and visual) prompts to robustify the in-
ference process of CLIP. Specifically, it is an unsupervised
method that optimizes the defensive prompts for each test
sample by minimizing a multi-view entropy and aligning
adversarial-clean distributions. We evaluate the effective-
ness of TAPT on 11 benchmark datasets, including Ima-
geNet and 10 other zero-shot datasets, demonstrating that
it enhances the zero-shot adversarial robustness of the orig-
inal CLIP by at least 48.9% against AutoAttack (AA), while
largely maintaining performance on clean examples. More-
over, TAPT outperforms existing adversarial prompt tuning
methods across various backbones, achieving an average
robustness improvement of at least 36.6%. Code is avail-
able at https://github.com/xinwong/TAPT.

1. Introduction

Vision-Language Models (VLMs) pre-trained on large-
scale datasets of image-text pairs have emerged as powerful
backbones for numerous applications, including computer
vision [17, 34, 57], medical image analysis [15, 51], and
robotics [3, 18, 39]. Despite these advancements, studies
indicate that even minor adversarial perturbations in input
images can significantly degrade the inference performance
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Figure 1. Inference with different prompts. Top: inference with
hand-crafted prompts fails to recognize the class ‘cat’; Middle:
Inference with fixed prompts tuned by APT methods cannot rec-
ognize all adversarial images; Bottom: Inference with test-time
prompts optimized for each image produces accurate recognitions.

of VLMs [9, 26, 44, 59, 63], thereby posing critical safety
risks across a wide range of downstream applications.

Adversarial training [12, 26, 52, 58] is a general defense
strategy that augments training data with adversarial ex-
amples crafted to mislead the model. While this method
has proven effective [8], it entails costly min-max train-
ing, which restricts its practicality—especially for large
VLMs, where standard training alone can cost millions of
dollars [38]. To address the efficiency limitations of ad-
versarial training, recent research has introduced adversar-
ial prompt tuning (APT) methods [23, 60, 67], which align
learnable text prompts with adversarial image embeddings.
These differentiable prompts [19, 64, 65] provide a more
cost-effective alternative to adversarial training.

Despite its promising results, APT faces three funda-
mental limitations: (1) The distribution-dependent nature
of learnable prompts restricts their generalization to out-of-
distribution scenarios and novel tasks. (2) The requirement
for task-specific annotated data presents significant chal-
lenges for zero-shot applications. (3) While APT meth-
ods improve robustness on specific tasks [42], they of-
ten compromise the model’s overall generalization perfor-
mance [33, 43]. Given that real-world applications in-
volve an unbounded set of potential tasks, evaluating ad-
versarial robustness solely on predefined downstream tasks
proves insufficient. Therefore, achieving zero-shot adver-
sarial robustness—maintaining performance against adver-
sarial attacks on unseen tasks without task-specific train-
ing—remains an open challenge.
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The key to addressing the zero-shot adversarial robust-
ness challenge lies in adaptively identifying a robust prompt
that consistently aligns an adversarial image embedding
with its correct text embedding for each test sample. To this
end, we propose a simple yet effective framework called
Test-Time Adversarial Prompt Tuning (TAPT), which
dynamically tunes a robust prompt on the fly based on only
the provided test sample. Specifically, TAPT learns defen-
sive prompts by minimizing two unsupervised losses: (1)
multi-view entropy, which ensures consistent predictions
across various augmented views of each test sample, and (2)
adversarial-clean embedding alignment, which aligns the
means and variances of test sample embeddings with pre-
computed adversarial-clean embeddings of a public dataset
(e.g., ImageNet) to enhance inference robustness. Notably,
TAPT operates during the inference phase without requiring
any task-specific training set or annotations. The different
inference schemes of training-time defense APT methods
and our test-time defense TAPT are illustrated in Figure 1.

We evaluated TAPT against both white-box and black-
box adversarial attacks across 11 benchmark datasets.
TAPT demonstrated superior performance compared to
vanilla CLIP (using hand-crafted prompts) and existing
APT methods across three different prompt designs: visual-
only prompts, visual-language (V-L) joint prompts, and V-L
independent prompts. By dynamically adapting prompts at
inference time, TAPT opens a new direction for safeguard-
ing the inference process of pre-trained VLMs. Offering a
flexible and efficient solution for zero-shot adversarial ro-
bustness while maintaining performance on clean samples,
our TAPT method bridges the gap between the need for ad-
versarial robustness and the performance challenges posed
by open, real-world environments.

In summary, our main contributions are:
• We propose a novel test-time defense method named

Test-Time Adversarial Prompt Tuning (TAPT) to ro-
bustify the zero-shot inference process of pre-trained
VLMs. TAPT adapts the prompt for each test image
to achieve robust inference without the need for task-
specific tuning for downstream datasets. To the best of
our knowledge, TAPT is the first inference-time adversar-
ial defense method for pre-trained VLMs.

• TAPT introduces an adversarial-clean alignment loss that
aligns the distribution of a test sample with pre-computed
adversarial-clean distributions from a public dataset (Im-
ageNet), thereby improving adversarial robustness while
maintaining accuracy on clean samples. It also leverages
the advantage of APT by using pre-tuned prompts on Ima-
geNet to further enhance zero-shot adversarial robustness.

• We conduct extensive experiments on 11 datasets, includ-
ing ImageNet and 10 other zero-shot datasets. Our results
demonstrate that TAPT significantly outperforms existing
APT baselines against both white-box and black-box at-

tacks. Specifically, TAPT improves zero-shot adversarial
robustness against AutoAttack by 36.6% with ViT-B/16,
and by 38.0% with ViT-B/32, respectively.

2. Related Work

Here, we briefly review related works on adversarial attacks
and defenses for pre-trained VLMs, and test-time adapta-
tion techniques proposed to improve generalization.

Adversarial Attacks on Pre-trained VLMs Adversar-
ial attacks on pre-trained VLMs are broadly categorized
as white-box or black-box attacks according to the threat
model. In white-box attacks, the attacker has full access to
the model parameters and can directly compute adversarial
gradients [25, 26, 59, 68]. Black-box attacks, on the other
hand, restrict the attacker to querying model outputs [10,
13, 24, 47, 54, 55, 62, 63]. Traditional single-modal attacks
designed for vision models, such as PGD [26], DI [54], and
AutoAttack [8], can be used directly to attack the image
encoders of pre-trained VLMs. Several recent multi-modal
attacks have targeted pre-trained VLMs by simultaneously
exploiting vulnerabilities in both their image and text en-
coders. For example, Co-Attack [59] pioneered white-box
multi-modal attacks, perturbing both image and text modal-
ities concurrently. SGA [24] extended Co-Attack to the
black-box setting, improving the transferability of multi-
modal adversarial examples. VLATTACK [55] further gen-
erates adversarial examples by fusing perturbations of im-
ages and texts from both single-modal and multi-modal.

Adversarial Defenses for Pre-trained VLMs Adversarial
training/tuning is a widely used defense strategy for pre-
trained VLMs, with existing methods generally classified
into adversarial contrastive tuning [28, 36, 49, 50, 52, 66]
and adversarial prompt tuning [16, 23, 60, 67]. Adver-
sarial contrastive tuning focuses on enhancing the adver-
sarial robustness of the backbone model. For example,
TeCoA [28] examines the impact of fine-tuning and visual
prompt tuning on the zero-shot adversarial robustness of
VLMs. FARE [36] improves CLIP’s image encoder through
unsupervised adversarial fine-tuning, enhancing adversar-
ial robustness in models like LLaVA and OpenFlamingo
without retraining. PMG-AFT [49] introduces an auxil-
iary branch to boost zero-shot adversarial robustness, while
MMCoA [66] investigates VLM vulnerabilities to multi-
modal attacks. In contrast, AdvPT [60] and APT [23] offer
an efficient approach to bolster the adversarial robustness
of VLMs by tuning only the textual prompts without alter-
ing the model parameters. FAP [67] further refines APT
by balancing cross-modal consistency between benign and
adversarial inputs. While these methods are all training-
time defense methods that need to pre-tune the prompt for a
specific downstream task, in this work we propose a novel
test-time defense method that optimizes the prompt on the
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Figure 2. An illustration of CLIP and different adversarial prompt tuning schemes. (a) The original CLIP [34]; (b) - (d) Adversarial prompt
tuning with three distinctive prompt designs: Visual Prompt (b), V-L Joint Prompt (c), and V-L Independent Prompt (d).

fly during inference and is task-agnostic.

Test-Time Adaptation Test-time adaptation (TTA) meth-
ods enhance the generalization performance of pre-trained
models by adapting to individual test samples or batches,
addressing distribution shifts between training (source) and
testing (target) data. Early TTA methods [29, 37] address
domain shift by updating batch normalization statistics
based on test batch statistics. Building on this, TENT [46]
improves adaptation by updating batch normalization layers
to minimize the entropy of predicted probabilities for each
test batch, while MEMO [61] extends this by minimizing
entropy over multiple augmented input samples. Inspired
by TENT, subsequent TTA methods such as CoTTA [48]
and EATA [31] enable pre-trained models to adapt to con-
tinuously shifting test distributions. More recently, meth-
ods like TPT [40], PromptAlign [1], and MTA [56] have
focused on tuning prompts exclusively at test time to ensure
consistent predictions across various augmented views of a
test sample. Kim et al. [20] finds that combining TTA with
AGL [4] further improves out-of-distribution (OOD) accu-
racy prediction. In contrast to existing TTA methods which
primarily emphasize performance on clean samples, in this
work we introduce TAPT, a test-time defense, that specifi-
cally enhances zero-shot adversarial robustness against po-
tential attacks.

3. Proposed Method
3.1. Preliminaries
Threat Model We assume a white-box threat model in
which the adversary has full knowledge of the target
model’s architecture and parameters, allowing direct per-
turbation of test images based on adversarial gradients prior
to inference. The defender, or model owner, can deploy any
defense strategies to protect against potential adversarial at-
tacks. Specifically, we focus on securing CLIP zero-shot
inference, where the defender lacks access to task-specific
training data or annotations of the downstream application.

CLIP We denote the CLIP image encoder as I, parame-
terized by θI , and the text encoder as T , parameterized by
θT . Considering a K-class classification problem, where
each image x is associated with a class label in the for-
mat "a photo of a <class>". For a clean sample
x ∈ [0, 1]d and a target CLIP model comprising {I, T }, a
white-box adversarial attack seeks to generate an adversar-
ial example x′ that maximizes the model loss as follows:

x′ = argmax
∥x′−x∥∞≤ϵ

L(I(x′), T (y)), (1)

where L(·) represents the loss function, x′ is the adversarial
example, and ϵ denotes the perturbation budget.

Adversarial Prompt Tuning (APT) APT applies ad-
versarial training during the prompt tuning process to
enhance adversarial robustness, with recent APT meth-
ods primarily developed to defend the visual component
of CLIP. Rather than relying on hand-crafted prompts
like "a photo of a <class>", APT learns robust
prompts from training data to improve adversarial robust-
ness on downstream tasks. As shown in Figure 2, APT
can be extended to three distinctive prompt designs: (1)
Visual-only (prompts applied solely to the vision branch),
(2) Vision-Language (V-L) joint (shared prompts across
both branches), and (3) V-L independent (separate prompts
for each branch). Specifically, APT optimizes the prompts
P = {Pv,Pt} ∈ RL×D, where Pv and Pt are the visual
and textual prompts, respectively, L denotes the number of
prompt tokens, and D is the embedding dimension.

Given a downstream training dataset Dtrain = {(x, y)},
the learnable visual prompt Pv is appended to the vi-
sual input tokens, forming the sequence {x,Pv} =
{CLS, e1, e2, · · · , eM ,Pv}. Similarly, the textual prompt
Pt is appended to the text input, forming {y,Pt}. APT en-
hances adversarial robustness by aligning the embeddings
of clean text with those of adversarial images through a min-
max optimization. The corresponding optimization prob-
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Figure 3. An overview of our proposed TAPT method: Given an adversarial image, TAPT generates multiple augmented views of the
image and retains only those views with low entropy in their averaged prediction probabilities. During inference, TAPT then optimizes
the prompt by minimizing multi-view entropy across these selected views while aligning their embedding distribution with pre-computed
adversarial-clean statistics from a public dataset (ImageNet).

Algorithm 1 Test-Time Adversarial Prompt Tuning

1: Input: input image x, image encoder I, text encoder
T , augmentation function A, entropy threshold τ , pre-
computed Dpublic statistics {µadv, σadv, µclean, σclean}

2: Output: learnable prompts P
3: 1. Initialize adversarial prompts:
4: P ← APT(Dpublic, ϵ; I, T )
5: 2. Multi-view entropy-based sample selection:
6: Select the top τ entropy from A(x) to formHτ (x)
7: 3. Compute multi-view entropy loss:

8: Lentropy = −
K∑
i=1

p̃(yi|Hτ (x),P ) log p̃(yi|Hτ (x),P )

9: 4. Compute current embedding statistics:
10: for each layer l in I do
11: µl = mean(Il(x̂,P )) for x̂ inHτ (x)
12: σ2

l = std(Il(x̂,P )) for x̂ inHτ (x)
13: end for
14: 5. Adversarial-clean embedding alignment:

15: Ladv =
1

L

L∑
l=1

(
∥µl − µadv,l∥1 +

∥∥∥σ2
l − σ2

adv,l

∥∥∥
1

)
16: Lclean =

1

L

L∑
l=1

(
∥µl − µclean,l∥1 +

∥∥∥σ2
l − σ2

clean,l

∥∥∥
1

)
17: 6. Optimize prompts:
18: LTAPT = Lentropy + αLadv + (1− α)Lclean
19: Optimize P ←Minimize LTAPT

lem can be formulated as:

argmin
P

EDtrain max
∥x′−x∥∞≤ϵ

L(I(x
′
,Pv), T (y,Pt)), (2)

where I(x′
,Pv) and T (y,Pt) denote the adversarial image

embedding and text embedding, respectively. APT methods
tune the prompts on the training dataset of each downstream
task. At test time, the tuned prompts are fixed to perform
inference for different test images.

3.2. Test-Time Adversarial Prompt Tuning (TAPT)
Framework Overview As illustrated in Figure 3, TAPT
comprises two main modules: (1) multi-view entropy-
based sample selection, and (2) adversarial-clean embed-
ding alignment. The defense procedure of TAPT op-
erates as follows. Given a test image x ∈ Dtest,
TAPT begins by generating M randomly augmented views
{A1(x),A2(x), . . . ,AM (x)} through random augmenta-
tions A. The multi-view entropy-based sample selection
module then chooses the top-K views with the lowest en-
tropy in their averaged prediction probabilities. Using
these selected views, TAPT optimizes the prompt P dur-
ing inference by minimizing multi-view entropy and en-
forcing adversarial-clean alignment. The prompt is reset
to its initial state before processing each new test sample
or batch. The complete procedure of TAPT is outlined in
Algorithm 1.
Multi-View Entropy-Based Sample Selection Following
prior works [1, 40], we first discard ineffective augmented
views A(x) (e.g., when a random crop removes essential
image content) by applying a selection filter with a thresh-
old τ . This filter retains only augmented views with low
prediction entropy (high-confidence predictions). Specif-
ically, we define the set of selected augmented views as
Hτ (x) = {Aj(x)|1 ≤ j ≤ M,H(Aj(x)) ≤ Hτ}, where
Hτ is the entropy threshold corresponding to the top τ low-
est entropy values among all M augmentations. TAPT then
optimizes prompts by minimizing the multi-view entropy
of the averaged prediction probability over these selected
views:

Lentropy = −
K∑
i=1

p̃(yi|Hτ (x),P ) log p̃(yi|Hτ (x),P ), (3)

where p̃(yi|Hτ (x),P) = 1
|Hτ (x)|

∑
x̂∈Hτ (x)

p(yi|x̂,P) de-
notes the average predicted probability for class yi over the
selected augmented views Hτ (x) when using prompt P .
This optimization encourages the model to achieve consis-
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tent predictions by adjusting the prompt specifically for the
given instance.
Adversarial-Clean Embedding Alignment An adversarial
test image x can shift the image embeddings produced by
the image encoder I(x,P ) compared to those from clean
images, potentially misleading the model. To mitigate this
vulnerability, we align the mean and variance of the test
image embedding with pre-computed statistics from a pub-
lic dataset Dpublic. Ideally, this public dataset would orig-
inate from the original CLIP pre-training data. However,
since this data is unavailable, we use ImageNet as a proxy,
given CLIP’s strong zero-shot performance on ImageNet
with standard prompt tuning [5]. Specifically, we compute
the mean and variance of the current embeddings for align-
ment as follows:

µl(Hτ (x);P ) =
1

|Hτ (x)|
∑

x̂∈Hτ (x)

Il(x̂,P ), (4)

σ2
l (Hτ (x);P ) =

∑
x̂∈Hτ (x)

(Il(x̂,P )− µl(Hτ (x);P ))2

|Hτ (x)| − 1
(5)

where Il(x̂,P ) represents the embedding vector at layer
l for the augmented input x̂ ∈ Hτ (x) given prompt P .
Here, µl(Hτ (x);P ) and σ2

l (Hτ (x);P ) denote the mean
and variance of the test sample embeddings at layer l, re-
spectively. We similarly pre-compute the mean and vari-
ance of embeddings from the public dataset using the robust
prompt Padv (obtained via APT on the public data) and
clean prompt Pclean (obtained via standard prompt tuning
on the public data). These offline statistics are represented
by µadv, σ2

adv, µclean, and σ2
clean, respectively. We then align

the mean and variance of the current embeddings with these
pre-computed statistics as follows:

Ladv =
1

L

L∑
l=1

(∥µl − µadv,l∥1 + ∥σ2
l − σ2

adv,l∥1), (6)

Lclean =
1

L

L∑
l=1

(∥µl − µclean,l∥1 + ∥σ2
l − σ2

clean,l∥1),

(7)

LTAPT = Lentropy + αLadv + (1− α)Lclean, (8)

where α is a hyperparameter. Setting α = 0 aligns the
prompt with the clean distribution, which may reduce ad-
versarial robustness, while setting α = 1 aligns the prompt
with the robust distribution, which may impact performance
on clean samples. Our final objective combines the multi-
view entropy loss with the adversarial-clean alignment to
optimize the prompt during inference for a given test sam-
ple. This approach enhances adversarial robustness while
preserving accuracy on clean samples. Note that, to ensure
inference efficiency, TAPT performs only a single step of
prompt tuning for each inference.

4. Experiments

4.1. Experimental Setup

Datasets and Models We experiment on 11 benchmark
datasets (ImageNet val set and 10 other zero-shot test
datasets): ImageNet [35], Caltech101 [11], DTD [7], Eu-
roSAT [14], Pets [32], Aircraft [27], Food101 [6], Flow-
ers [30], Cars [22], SUN397 [53], and UCF101 [41]. Our
experiments focus on the CLIP model, specifically utiliz-
ing the ViT-B/16 and ViT-B/32 architectures. Following
standard CLIP usage, we used hand-crafted prompts as tex-
tual inputs. For example, the prompt "a photo of a
<class>, a type of pet" was applied for the Pets
dataset. A summary of these datasets and their correspond-
ing hand-crafted prompts are provided in the Appendix.

Attack Configuration We evaluate the zero-shot adversar-
ial robustness of CLIP against both white-box and black-
box attacks. Specifically, we employ PGD-100 [26] for
white-box attacks, DI [54] for black-box attacks, and the
more powerful AutoAttack [8]. The hyperparameters for
PGD-100 and DI were configured based on the TorchAt-
tacks library [21]. Consistent with [28], we use perturbation
budgets of ϵ = 1/255, 2/255, and 4/255 for both attacks.

Defense Configuration For existing APT methods, we use
the original configurations of APT methods [23, 60] and
generate adversarial examples using the PGD-2 attack with
step size α = 1/255. We then develop more robust versions
of APT methods with different prompt designs, including
(1) adversarial visual prompt tuning (APT-V), (2) adversar-
ial V-L joint prompt tuning (APT-VLJ), and (3) adversarial
V-L independent prompt tuning (APT-VLI).

Implementation Details For our TAPT method, we initial-
ize the defensive prompt using APT on ImageNet, training
for 100 epochs with a batch size of 32 and a learning rate
of 0.035. To generate augmented views for test-time fine-
tuning, we create 63 variations of each test sample using
random resized crops and horizontal flips, resulting in 64
images per sample, including the original. From these 64
images, we select the top 10% most confident predictions
(with the lowest entropy) and compute the average entropy
of their predicted probabilities. For adversarial-clean align-
ment, we pre-compute embedding statistics from the pub-
lic dataset (ImageNet) using APT and standard PT, respec-
tively. We then optimize the defensive prompts by minimiz-
ing a combined loss of multi-view entropy and adversarial-
clean alignment using the AdamW optimizer, with a learn-
ing rate of 5× 10−4 and an adversarial-clean scale factor of
α = 0.5, on a single NVIDIA A100 GPU.

4.2. Main Results

Zero-Shot Adversarial Robustness We compare our
TAPT method with existing APT methods across three
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ImageNet Caltech101 DTD EuroSAT Pets Aircraft Food101 Flowers Cars SUN397 UCF101 Avg.

C
L

IP

Vanilla

ViT-B/16
PGD 1.4 21.3 1.4 6.0 5.0 0.0 9.8 1.6 0.7 0.8 1.8 4.5
DI 6.1 25.8 8.7 0.3 11.1 0.5 9.5 3.0 3.4 4.9 4.7 7.1
AA 0.0 0.0 0.0 0.1 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.1

ViT-B/32
PGD 1.3 22.9 5.0 0.0 2.6 0.0 3.6 1.5 0.2 1.1 1.7 3.6
DI 6.4 37.2 11.1 0.7 9.9 0.1 7.5 9.3 3.9 8.6 5.8 9.1
AA 0.0 0.0 0.0 0.1 0.0 0.1 0.0 0.1 0.1 0.0 0.1 0.1

V
is

ua
lO

nl
y

APT-V

ViT-B/16
PGD 19.4 61.2 18.5 8.0 37.4 3.9 12.1 25.1 9.8 17.2 16.4 20.8
DI 29.2 67.5 23.5 12.3 47.1 5.0 21.8 30.2 18.1 27.1 22.0 27.6
AA 14.8 55.9 15.2 2.3 31.3 2.3 8.3 18.0 5.8 12.4 12.7 16.3

ViT-B/32
PGD 18.9 63.8 20.2 0.6 36.1 2.7 15.0 23.1 9.4 19.1 18.4 20.7
DI 26.9 68.6 22.0 5.1 46.0 4.8 23.7 26.5 13.9 26.4 24.6 26.2
AA 8.3 44.9 12.7 0.1 16.4 0.5 5.5 9.0 2.7 7.5 7.8 10.5

TAPT-V

ViT-B/16
PGD 40.1 (20.7↑) 69.7 (8.5↑) 28.1 (9.6↑) 23.9 (15.9↑) 49.2 (11.8↑) 11.5 (7.6↑) 54.5 (42.4↑) 41.1 (16.0↑) 28.6 (18.8↑) 40.3 (23.1↑) 36.5 (20.1↑) 38.5 (17.7↑)
DI 46.7 (17.5↑) 75.8 (8.3↑) 33.2 (9.7↑) 33.0 (20.7↑) 56.7 (9.6↑) 12.7 (7.7↑) 61.5 (39.7↑) 46.2 (16.0↑) 35.7 (17.6↑) 45.5 (18.4↑) 40.1 (18.1↑) 44.3 (16.7↑)
AA 49.2 (34.4↑) 75.7 (19.8↑) 36.6 (21.4↑) 36.9 (34.6↑) 57.1 (25.8↑) 19.4 (17.1↑) 68.8 (60.5↑) 52.9 (34.9↑) 44.0 (38.2↑) 48.9 (36.5↑) 48.1 (35.4↑) 48.9 (32.6↑)

ViT-B/32
PGD 42.2 (23.3↑) 79.4 (15.6↑) 32.2 (12.0↑) 24.4 (23.8↑) 62.4 (26.3↑) 12.1 (9.4↑) 53.2 (38.2↑) 47.1 (24.0↑) 33.5 (24.1↑) 44.1 (25.0↑) 44.5 (26.1↑) 43.2 (22.5↑)
DI 46.5 (19.6↑) 81.5 (12.9↑) 33.6 (11.6↑) 24.8 (19.7↑) 66.0 (20.0↑) 13.3 (8.5↑) 57.7 (34.0↑) 48.7 (22.2↑) 37.5 (23.6↑) 47.3 (20.9↑) 47.7 (23.1↑) 45.9 (19.7↑)
AA 44.1 (35.8↑) 76.3 (31.4↑) 33.5 (20.8↑) 31.4 (31.3↑) 54.9 (38.5↑) 16.4 (15.9↑) 53.6 (48.1↑) 47.3 (38.3↑) 42.4 (39.7↑) 45.6 (38.1↑) 45.0 (37.2↑) 44.6 (34.1↑)

V-
L

Jo
in

t

APT-VLJ

ViT-B/16
PGD 23.9 61.7 18.7 9.7 41.4 3.2 14.1 23.4 12.2 17.7 15.5 22.0
DI 34.9 72.0 25.0 10.5 52.8 4.2 24.6 32.9 18.9 28.5 24.8 29.9
AA 16.5 53.2 12.6 5.6 31.3 1.7 8.0 16.0 4.9 11.1 11.1 15.6

ViT-B/32
PGD 21.4 64.3 14.7 10.4 37.7 2.0 16.5 21.0 8.9 17.5 18.0 21.1
DI 30.4 69.5 17.0 11.9 47.9 2.9 26.7 26.1 17.3 26.5 26.4 27.5
AA 10.3 46.2 10.0 3.0 18.5 0.6 6.7 9.5 1.7 7.4 7.2 11.1

TAPT-VLJ

ViT-B/16
PGD 50.2 (26.3↑) 81.0 (19.3↑) 29.5 (10.8↑) 13.5 (3.8↑) 68.7 (27.3↑) 5.6 (2.4↑) 41.7 (27.6↑) 39.3 (15.9↑) 28.1 (15.9↑) 39.8 (22.1↑) 41.5 (26.0↑) 39.9 (17.9↑)
DI 51.7 (16.8↑) 82.3 (10.3↑) 30.4 (5.4↑) 14.5 (4.0↑) 69.5 (16.7↑) 5.8 (1.6↑) 43.2 (18.6↑) 40.2 (7.3↑) 30.2 (11.3↑) 41.3 (12.8↑) 42.2 (17.4↑) 41.0 (11.1↑)
AA 52.4 (35.9↑) 81.5 (28.3↑) 30.2 (17.6↑) 15.4 (9.8↑) 69.1 (37.8↑) 5.8 (4.1↑) 44.8 (36.8↑) 40.0 (24.0↑) 31.0 (26.1↑) 42.1 (31.0↑) 44.3 (33.2↑) 41.5 (25.9↑)

ViT-B/32
PGD 52.1 (30.7↑) 80.6 (16.3↑) 27.1 (12.4↑) 13.4 (3.0↑) 72.0 (34.3↑) 7.6 (5.6↑) 52.5 (36.0↑) 39.9 (18.0↑) 32.3 (23.4↑) 44.6 (27.1↑) 45.3 (27.1↑) 42.4 (21.3↑)
DI 52.4 (22.0↑) 80.5 (11.0↑) 27.1 (10.1↑) 13.6 (1.7↑) 71.6 (23.7↑) 7.7 (4.8↑) 52.0 (25.3↑) 40.0 (13.9↑) 33.4 (16.1↑) 44.6 (18.1↑) 45.5 (19.1↑) 42.6 (15.1↑)
AA 52.4 (42.1↑) 78.6 (32.4↑) 27.4 (17.4↑) 13.1 (10.1↑) 70.0 (51.5↑) 8.6 (8.0↑) 53.0 (46.3↑) 40.5 (31.0↑) 34.7 (33.0↑) 44.9 (37.5↑) 44.8 (37.6↑) 42.5 (31.4↑)

V-
L

In
de

pe
nd

en
t APT-VLI

ViT-B/16
PGD 24.3 65.3 18.9 10.0 43.6 3.1 14.3 23.6 10.5 18.2 17.4 22.7
DI 35.1 67.7 19.3 10.6 49.8 4.3 23.6 27.7 16.2 26.4 21.5 27.5
AA 17.2 57.1 14.4 8.2 35.3 1.5 8.9 16.6 5.1 11.9 12.5 17.2

ViT-B/32
PGD 21.2 63.2 15.8 10.4 37.6 1.5 16.1 20.2 8.3 16.9 17.6 20.8
DI 28.9 69.5 20.3 10.9 47.0 2.8 24.8 24.3 14.8 23.8 23.6 26.4
AA 9.7 45.6 10.6 6.8 17.3 0.4 6.0 8.7 2.0 6.8 6.9 11.0

TAPT-VLI

ViT-B/16
PGD 50.0 (25.7↑) 79.0 (13.7↑) 32.4 (13.5↑) 36.2 (26.2↑) 67.5 (51.4↑) 13.1 (10.0↑) 65.7 (51.4↑) 49.8 (26.2↑) 39.6 (29.1↑) 48.3 (30.1↑) 47.5 (30.1↑) 48.1 (25.4↑)
DI 53.8 (18.7↑) 80.5 (12.8↑) 32.3 (13.0↑) 39.6 (29.0↑) 69.4 (19.6↑) 13.3 (9.0↑) 70.6 (47.0↑) 51.1 (23.4↑) 42.5 (26.3↑) 50.3 (23.9↑) 48.2 (26.7↑) 50.1 (22.6↑)
AA 55.1 (37.9↑) 80.3 (23.2↑) 35.7 (21.3↑) 44.4 (36.2↑) 70.2 (34.9↑) 16.0 (14.5↑) 76.2 (67.3↑) 55.1 (38.5↑) 50.5 (45.4↑) 53.6 (41.7↑) 54.5 (42.0↑) 53.8 (36.6↑)

ViT-B/32
PGD 48.2 (27.0↑) 82.1 (18.9↑) 30.7 (14.9↑) 31.6 (21.2↑) 68.1 (30.5↑) 4.5 (3.0↑) 64.7 (48.6↑) 44.6 (24.4↑) 41.3 (33.0↑) 47.6 (30.7↑) 49.1 (31.5↑) 46.6 (25.8↑)
DI 50.0 (21.1↑) 82.7 (13.2↑) 31.5 (11.2↑) 32.7 (21.8↑) 69.4 (22.4↑) 4.4 (1.6↑) 65.6 (40.8↑) 45.1 (20.8↑) 42.8 (28.0↑) 49.1 (25.3↑) 49.9 (26.3↑) 47.6 (21.2↑)
AA 49.7 (40.0↑) 80.6 (35.0↑) 33.3 (22.7↑) 38.1 (31.3↑) 68.4 (51.1↑) 5.0 (4.6↑) 67.5 (61.5↑) 47.1 (38.4↑) 48.1 (46.1↑) 50.3 (43.5↑) 50.4 (43.5↑) 49.0 (38.0↑)

Table 1. Zero-shot adversarial robustness (%) of different defense methods from ImageNet to downstream datasets, evaluated against
PGD [26], DI [54], and AutoAttack (AA) [8] under perturbation budget ϵ = 1/255. The baseline APT methods (APT-V, APT-VLJ, and
APT-VLI) were tuned on ImageNet under a 16-shot setting and then assessed on the other 10 datasets. The green upward arrows (↑)
highlight the performance improvement of our TAPT over the baselines.
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APT-V 60.6 89.7 36.9 26.7 84.8 16.8 63.2 55.7 52.1 58.2 54.4 54.5
TAPT-V 66.9 92.8 44.6 41.0 88.5 23.8 85.7 67.4 65.7 62.9 65.5 64.1

APT-VLJ 64.0 88.5 34.8 16.0 81.1 8.1 62.6 53.3 47.0 53.0 52.8 51.0
TAPT-VLJ 66.5 88.5 36.7 16.7 80.6 7.4 64.6 50.4 48.7 54.7 55.4 51.8

APT-VLI 63.8 88.6 34.1 17.2 80.7 11.6 61.1 51.8 45.9 53.5 52.7 51.0
TAPT-VLI 65.8 90.4 39.2 48.3 82.5 16.3 85.8 60.3 62.5 60.0 64.4 61.4

Table 2. Zero-shot clean accuracy (%) of different defense meth-
ods from ImageNet to downstream datasets, including APT base-
lines (APT-V, APT-VLJ, and APT-VLI) and our TAPT. The back-
bone is ViT-B/16. The best results are boldfaced.

prompt designs: visual-only (V), V-L joint (VLJ), and V-
L independent (VLI). Table 1 presents the zero-shot adver-
sarial robustness results under PGD-100, DI, and AutoAt-
tack attacks, with the ‘Vanilla’ showing results without any

defense. It is clear that both white-box and black-box at-
tacks can drastically reduce accuracy (nearly 0%) in the
absence of defenses, using only imperceptible noise with
ϵ = 1/255. AutoAttack emerges as the most effective at-
tack, achieving a nearly 100% attack success rate on aver-
age across all datasets. For defense, our TAPT method con-
sistently achieves the best average performance under Au-
toAttack across all prompt designs (visual-only, V-L joint,
and V-L independent) and ViT architectures (ViT-B/16 and
ViT-B/32). With ViT-B/16, TAPT enhances robustness by
32.6% (visual-only), 25.9% (V-L joint), and 36.6% (V-L
independent), respectively. Similar improvements are ob-
served with ViT-B/32, where TAPT yields gains of 34.1%,
31.4%, and 38.0% for the respective prompt designs. TAPT
also demonstrates superior performance against both PGD-
100 and DI attacks.

Furthermore, TAPT with the V-L independent prompt
design achieves the highest average zero-shot adversar-
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Figure 4. Adversarial robustness (%) of our TAPT method under different test-time adaptation steps (i.e., {0, 1, 2, 4}). The results are
reported against the PGD-100 attack on ViT-B/16 and ViT-B/32 architectures.

ial robustness, surpassing both visual-only and V-L joint
prompt designs. To summarize, our experiments reveal that:
(1) incorporating textual prompts generally improves zero-
shot adversarial robustness across various datasets; (2) the
V-L joint prompt enhances robustness on the source domain
(ImageNet) more effectively than other prompt designs; and
(3) the V-L independent prompt design is more effective
in enhancing zero-shot adversarial robustness than the V-L
joint prompt design, likely due to the challenges in optimiz-
ing the interplay between visual and textual prompts.

Zero-Shot Clean Accuracy Table 2 presents the zero-shot
clean accuracy of different defense methods from ImageNet
to downstream datasets, comparing APT baselines (APT-
V, APT-VLJ, and APT-VLI) with our TAPT method on
the ViT-B/16 architecture. Note that the APT baselines
were trained on ImageNet and subsequently tested on 10
downstream datasets, while for our TAPT, only the ro-
bust statistics were computed based on ImageNet. The

zero-shot clean accuracy should be compared on all 10
datasets. As shown, TAPT consistently achieves superior
clean performance across all 11 datasets, demonstrating
significantly stronger generalization capabilities. While a
slight performance decrease is observed with TAPT’s V-L
joint prompt design on Pets, Aircraft, and Flowers, it re-
mains competitive. Overall, TAPT outperforms APT across
all three prompt designs (visual-only, V-L joint, and V-L in-
dependent), with average improvements of 9.6%, 0.8%, and
10.4%, respectively. These results underscore TAPT’s abil-
ity to improve adversarial robustness without compromising
too much clean accuracy.

4.3. Ablation Studies

Number of TAPT Steps We first examine the effect of the
number of test-time adaptation steps on the robust accuracy
of TAPT. Figure 4 shows TAPT’s robustness performance
with varying steps (0, 1, 2, and 4) under the PGD-100 at-
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tack. Notably, step = 0 represents the baseline perfor-
mance without TAPT, reflecting the adversarial robustness
achieved solely through APT. A clear trend emerges, show-
ing that robust accuracy increases with additional TAPT
steps across most datasets and prompt designs. While ro-
bustness gains generally stabilize after a few TAPT steps,
the improvement from 0 to 1 step is consistently substantial,
highlighting the effectiveness of even a single adaptation
step. However, datasets vary in sensitivity to the number
of TAPT steps; for example, performance stabilizes quickly
on datasets like EuroSAT, whereas for datasets such as Im-
ageNet and DTD, further improvements are observed with
additional steps. The figure also illustrates that TAPT’s ben-
efits are consistent across different prompt designs. We fur-
ther analyzed the per-sample time overhead of TAPT, find-
ing that the additional inference time per image is 0.095s
(visual-only), 0.166s (V-L joint), and 0.165s (V-L indepen-
dent), respectively. This demonstrates that TAPT not only
consistently enhances robust accuracy but also maintains a
relatively low time cost.

Different Perturbation Budgets We further assess TAPT’s
robustness under varying attack strengths, defined by the
perturbation budget ϵ. Figure 5 displays zero-shot adver-
sarial robustness across 11 datasets with ϵ values of 1/255,
2/255, and 4/255, and TAPT steps of 1, 2, and 4. As ex-
pected, robust accuracy decreases as ϵ increases, indicating
stronger attacks. Nonetheless, TAPT consistently enhances
robust accuracy across all datasets and ϵ values.
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Figure 5. Zero-shot adversarial robustness (y-axis) ofs TAPT un-
der varying perturbation budgets ϵ (1/255, 2/255, and 4/255) and
TAPT steps (1, 2, and 4).

TAPT Reset Intervals Our TAPT method resets the prompt
to its initial state before processing each test sample, ensur-
ing that each test sample is handled independently. How-
ever, we also explored alternative strategies with varied re-
set intervals. As shown in Table 3, we experimented with
reset intervals ranging from 1 to 32, as well as a strat-
egy with no reset during the entire inference process (i.e.,
“reset=all”). Our findings indicate that continuous prompt
adaptation without frequent resets can further improve ro-
bust accuracy, suggesting that accumulating information
across multiple inputs can be beneficial. However, this con-

tinuous strategy introduces a vulnerability to potential poi-
soning attacks. To mitigate this risk and ensure reliable test-
time defense, we recommend the per-sample reset strategy
(“reset=1”), which prioritizes robustness against potential
attacks over marginal gains from continued TAPT.

Reset Interval ImageNet 10 Zero-Shot Datasets Avg.

reset=1 49.92 47.85
reset=2 50.20 47.91
reset=4 50.69 47.91
reset=8 51.14 47.53
reset=16 51.49 46.39
reset=32 51.62 44.50
reset=all 0.48 3.79

Table 3. Zero-shot adversarial robustness (%) of TAPT with vary-
ing reset intervals on ImageNet and 10 other zero-shot datasets.
“reset = N” means the prompt is reset after every N test samples.

5. Limitation
As a test-time defense method, TAPT has certain limita-
tions that warrant further research. Our method primar-
ily addresses attacks in the image modality by aligning ad-
versarial image embeddings with pre-computed public data
statistics on a public dataset. Future work could explore
additional modality alignment and acceleration techniques
to facilitate TAPT’s deployment in industrial applications.
Moreover, our current focus is limited to image recogni-
tion tasks. Extending TAPT to a broader range of tasks,
such as visual reasoning and visual question answering in
advanced models like GPT-4V [2] and Gemini [45], repre-
sents a promising direction for future research.

6. Conclusion
In this paper, we introduced a novel test-time defense
method, Test-Time Adversarial Prompt Tuning (TAPT), to
enhance the inference robustness of pre-trained VLMs, such
as CLIP. TAPT tunes defensive bimodal (textual and vi-
sual) prompts for each test sample by leveraging multi-view
entropy minimization and adversarial-clean alignment, ef-
fectively safeguarding CLIP’s zero-shot inference. It also
utilizes pre-computed statistics from a public dataset (Ima-
geNet) to defend a wide range of downstream tasks. Com-
prehensive evaluation across 11 benchmark datasets demon-
strates that TAPT effectively enhances zero-shot adversar-
ial robustness against both white-box and black-box at-
tacks, while largely preserving clean accuracy. Compared
to training-time adversarial prompt tuning (APT) methods,
TAPT offers several advantages: (1) it is unsupervised, (2)
enables sample-wise prompt adaptation, (3) delivers supe-
rior zero-shot adversarial robustness and clean accuracy, (4)
is independent of downstream tasks, and (5) is lightweight.
Future research could explore the scalability of test-time de-
fense across different modalities.
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