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Abstract

Benefiting from prompt tuning, recent years have wit-
nessed the promising performance of pre-trained vision-
language models, e.g., CLIP, on versatile downstream tasks.
In this paper, we focus on a particular setting of learning
adaptive prompts on the fly for each test sample from an un-
seen new domain, which is known as test-time prompt tun-
ing (TPT). Existing TPT methods typically rely on data aug-
mentation and confidence selection. However, conventional
data augmentation techniques, e.g., random resized crops,
suffers from the lack of data diversity, while entropy-based
confidence selection alone is not sufficient to guarantee pre-
diction fidelity. To address these issues, we propose a novel
TPT method, named DiffTPT, which leverages pre-trained
diffusion models to generate diverse and informative new
data. Specifically, we incorporate augmented data by both
conventional method and pre-trained stable diffusion to ex-
ploit their respective merits, improving the model’s ability
to adapt to unknown new test data. Moreover, to ensure
the prediction fidelity of generated data, we introduce a co-
sine similarity-based filtration technique to select the gen-
erated data with higher similarity to the single test sample.
Our experiments on test datasets with distribution shifts and
unseen categories demonstrate that DiffTPT improves the
zero-shot accuracy by an average of 5.13% compared to
the state-of-the-art TPT method.

1. Introduction

Pre-trained vision-language models, such as CLIP [37],
have recently demonstrated promising performance on a va-
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Figure 1: (a) Prior TPT method [46] uses different augmented
views along with confidence selection, resulting in overly simplis-
tic variants in the test data and unconfident yet correct predictions
being discarded. In comparison, (b) our DiffTPT is effective in
generating data with richer visual appearance variation and se-
lecting generated data with higher prediction fidelity.

riety of downstream tasks without the need for task-specific
training data [62, 61, 28, 39].

This is achieved through well-designed prompts, but
both hand- crafted prompts and prompt tuning have limi-
tations as they are restricted to the training data distribution
of the current domain, making it challenging to generalize
to distributions outside the domain, especially in the zero-
shot setting [30]. In this context, test-time prompt tuning
(TPT) [46] has been proposed to learn adaptive prompts on
the fly for each test sample from an unseen new domain,
without any training data or annotations. This setting offers
a more practical approach for dynamic real-world scenarios
where collecting a significant amount of labeled data for an
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unseen target distribution is often challenging.
One initial attempt to tackle TPT is to incorporate confi-

dence selection with entropy minimization for prompt tun-
ing by using various augmented views of each test sam-
ple [46]. However, the data augmentation method employed
in [46] uses simple parametric transformations to alleviate
the scarcity of data (see Fig. 1 (a)). Such simplistic transfor-
mations are limited in generating diverse data to reflect the
rich appearance variation of the test sample [1, 36, 59, 45].
Insufficient diversity in the augmented data can hamper the
generalization ability of the learned prompt leading it to
overfit on a single data mode. Also, entropy-based con-
fidence selection proposed in [46] is not enough to en-
sure prediction fidelity, as an augmented sample with low-
entropy prediction could still be misclassified into a differ-
ent class to the test sample, leading to unrepresentative sam-
ples in the augmented pool.

Recent advancements in image generation have made
it possible to handle the diversity of augmented data bet-
ter. Early image generation methods, including VAEs [25]
and GANs [15], often require a large amount of data for
training. Recently, diffusion models have achieved superior
performance in text-to-image generation with high-quality
photo-realistic details [32, 39, 42, 41]. In comparison to the
data augmentation method adopted in [46], the augmented
data by diffusion model can exhibit much higher diversity,
thereby providing richer visual representations and bene-
fiting the generalization ability of learned prompts. How-
ever, diffusion-based data augmentation is prone to produc-
ing spurious augmentations which are more difficult to be
filtered out by entropy-based confidence selection. Thus,
further research is required to find the right balance be-
tween data diversity and prediction fidelity when applying
diffusion-based data augmentation for TPT.

In this work, we introduce a new TPT method called
DiffTPT, that enhances the data diversity of test samples
through diffusion models while maintaining prediction fi-
delity with cosine similarity-based filtration (see Fig. 1 (b)).
In terms of data diversity, DiffTPT adopts Stable Diffusion
for data augmentation. Stable Diffusion is a text-to-image
generation model which synthesizes an image based on the
CLIP text feature [41]. Instead, we use the CLIP image
feature of the test sample as an alternative to the CLIP text
feature and feed it into Stable Diffusion for data augmenta-
tion. The diffusion-based augmentation is effective in gen-
erating diverse images with richer visual appearance vari-
ation while preserving the key semantics. Furthermore, we
leverage both the augmentation in [46] and diffusion-based
augmentation for improving TPT performance. To ensure
prediction fidelity, we introduce cosine similarity-based fil-
tration to remove spurious augmentations. By incorporating
diffusion-based augmentation with cosine similarity-based
filtration, our DiffTPT can make a fair trade-off between

diversity and fidelity. Moreover, DiffTPT is agnostic to
the training data and can be seamlessly integrated into ar-
bitrary CLIP architectures. Experimental results show that
DiffTPT achieves a notable improvement of zero-shot accu-
racy by an average of 5.13% in comparison to the state-of-
the-art TPT method [46]. To sum up, our contributions are
as follows:

• We present a new test-time prompt tuning method, i.e.,
DiffTPT, that balances the trade-off between data diver-
sity and prediction fidelity.

• Diffusion-based data augmentation is proposed to gener-
ate diverse augmented images with richer visual appear-
ance variations while faithfully preserving the key seman-
tics.

• We introduce cosine similarity filtration to remove spuri-
ous augmentations, thereby improving the prediction fi-
delity of augmented images.

• Experimental results show that our DiffTPT significantly
outperforms the state-of-the-art test-time prompt-tuning
method [46].

2. Related Work

Prompt Tuning. Large-scale pre-trained models have im-
proved performance on several tasks in natural language
processing [10, 38] and computer vision [23, 7, 24, 12, 27]
by learning general representations and transferring the
learned knowledge to downstream tasks. For adapting pre-
trained models to downstream tasks, several parameter-
efficient fine-tuning methods, e.g., prompt tuning and
adapters, have been proposed in the recent few years. For
example, CoOp [62] and CoCoOp [61] employ continuous
prompt optimization strategies and instance-wise condition-
alization on prompts to achieve generalization to out-of-
distribution data. CLIP-Adapter [13] and Tip-Adapter [57]
use adapters and non-parametric key-value cache models to
fine-tune the CLIP model, thereby improving its adaptabil-
ity to the target dataset. UPL alleviated CLIP’s reliance on
labeled data and trains a prompt representation ensemble
to improve transfer performance without the label of target
dataset [22]. However, the performance of zero-shot gener-
alization is highly dependent on well-designed prompts.

In another line of work, [46] proposed test-time prompt
tuning (TPT) by generating multiple random augmented
views of a single test sample that is directly applicable to
the zero-shot generalization of the base model [46]. How-
ever, the data augmentation in [46] suffers from overly sim-
plistic variants and the entropy-based confidence selection
is not sufficient to guarantee prediction fidelity. To improve
TPT [46], our work suggests incorporating diffusion-based
data augmentation and cosine similarity-based filtration for
a better trade-off between data diversity and prediction fi-
delity.
Test-time Optimization. Adapting machine learning mod-
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els to test samples is a more challenging and practical
setting where no training data is available during infer-
ence [51, 50, 6, 44]. This setting alleviates the limitation
of inaccessible source data due to privacy concerns and en-
ables training the model once and adapting it to any un-
known test distributions [14]. To design an efficient test-
time objective, one way is to make the objective indepen-
dent of a specific training procedure by minimizing the en-
tropy of the batch prediction probability distribution [51]
or bypassing the requirement of multi-test samples via data
augmentation [56]. Another approach is to explicitly apply
the BN layer at test time to constrain a set of parameters
for optimization and enhance the robustness of the model to
distribution shifts [43].

However, these methods are either limited by the num-
ber of test samples required for the model to output non-
trivial solutions or by the scalability of the model architec-
ture. Subsequent works moved to large-scale, pre-trained
models with parameter-efficient tuning [14, 58]. For exam-
ple, TPT learned target-specific text prompts while freezing
the backbone by generating multiple randomly augmented
views during the test phase and filtering out noise augmen-
tations that may lead to misleading predictions through en-
tropy minimization [46]. However, the entropy-based con-
fidence selection [46] is limited in its ability to filter out a
misclassified augmented sample with low entropy predic-
tion. Given this, we introduce a cosine similarity-based
filtration between augmented and test samples (see Fig.1
(b)) to encourage the augmented samples to preserve con-
sistent class semantics (i.e., prediction fidelity) while bring-
ing more diverse information.

Image Synthesis. Training models with synthetic images
is gaining popularity and undergoing rapid development.
In contrast to standard data augmentation methods, such
as image manipulation [45], image erasing [60], and im-
age mixup [54, 18], image synthesis offer higher flexi-
bility as these methods augment datasets with pre-defined
transformations and cannot provide images with highly di-
verse content. Early image generation methods, includ-
ing VAEs [25] and GANs [15], initially provided promis-
ing generated images [5], and have been widely applied
to various vision tasks. Most recently, diffusion models
have been developed to generate higher-quality images with
more photo-realistic details than the prior image generation
methods [21, 33, 42, 39, 55]. Recent works have shown
the outstanding performance of diffusion generative mod-
els in many applications, e.g., using the latent space of
powerful pretrained autoencoders for high-resolution im-
age synthesis [41], enhancing text-conditional image syn-
thesis [32, 39], learning diffusion-based prior for few-shot
conditional image generation [47], and probabilistic model
for point cloud generation [20]. These works motivate us to
directly augment the test data with the same semantics but

diverse information through the diffusion model, thereby
improving test-time prompt-tuning performance.

3. Methodology

3.1. Test-time Prompt Tuning

The pre-trained vision-language models, e.g., CLIP, con-
sist of two encoders, i.e., image encoder f(·) and the text
encoder g(·), providing rich knowledge for various down-
stream tasks. For zero-shot classification, we can obtain the
predication probability by

p(yi | x) =
exp (cos (wi, e) /τ)∑K
j=1 exp (cos (wj , e) /τ)

, (1)

where e is the image features extracted by f(·) for the im-
age x that together with their paired text feature wi are used
to compute cosine similarity cos(wi, e) for class i. And τ
is the temperature parameter.

However, the performance of CLIP towards zero-shot
generalization needs to be improved because the foundation
model is often desired to generalize to out-of-distribution
samples. Here, we consider test-time prompt tuning since
it can modify the context of class names to adapt to new
test-time data samples. Specifically, this means that only a
test sample is available, and no other labeled training data
is available for adaptation. Therefore, we need to optimize
prompts based on a single test sample xtest ∈ RC×H×W

during the testing phase. Formally, we have

v∗ = argmin
v

L (F ,v,xtest) , (2)

where F is the CLIP model consist of an image encoder
f(·) and a text encoder g(·), v∗ denotes the learnable
prompts of each class name yi, which together form the
category-specific text inputs {v∗; yi}. For the classification
task, L indicates the cross-entropy loss.

To enforce the effectiveness of TPT, Shu et al. [46] use
multiple (i.e., N ) augmented views along with the confi-
dence selection mechanism , which can be expressed as:

v∗= argmin
v

−
K∑
i=1

p̃v (yi |xtest) log p̃v (yi |xtest) , (3)

p̃v =
1

ρHN

N∑
n=1

1[H (pn) ≤ τ ]pn (y |An (xtest)) , (4)

where K denotes the number of classes.
pp (yi | Ai (xtest)) represents the class probabilities
for the n-th augmented view and prompt v, τ is the confi-
dence selection threshold resulting in a ρH percentage on
the total N augmented views, H calculates the self-entropy
of the prediction on an augmented view.
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Figure 2: Overview of our proposed DiffTPT. We first (a) use the pre-trained stable diffusion to generate data with richer visual appear-
ance variation, then (b) uses a cosine similarity based filtration with the single test sample to remove spurious augmentations, making our
method a trade-off between diversity and fidelity.

3.2. Approach Overview

While the augmentation method in [46] has achieved
considerable success in TPT, it is obvious that the solu-
tion depends heavily on the diversity of augmented images.
Since the augmented views generally have the same ob-
ject and background appearance content, the model suffers
from overly simplistic variants in the test data, which can
cause prompt overfitting. Moreover, Shu et al. [46] use an
entropy-based confidence selection mechanism to discard
augmented images with high entropy prediction. That is,
most of the retained augmented images are cropped variants
of the objects in the original test image (see the augmented
views of Fig. 1 (a)). As a result, the augmentation method
in [46] will result in trivial variations in augmented images,
thereby limiting the generalization ability of the learned text
prompt [2].

In this work, we circumvent this problem by leveraging a
diffusion model on each test sample to generate diverse new
images that capture natural variations in appearance while
preserving the key semantics. Thus, diffusion-based data
augmentation not only increases the number of original test
samples but also achieves semantic consistency in distribu-
tion variations. While simply applying diffusion to test-time
prompt tuning allows for performance improvements (see
Table 1 in Sec. 4.2), it may introduce spurious augmenta-
tions and can lead to wrong predictions. Furthermore, we
address this issue by introducing a cosine similarity-based
filteration. In the following, we will introduce diffusion-
based data augmentation and cosine similarity-based filter-
ation in more detail.

3.3. Diffusion-based Diverse Data Augmentation

Diffusion-based data augmentation is presented to gener-
ate diverse and informative augmented images. As shown in
Fig. 2 (a), from a given single test image xtest, we first ex-
tract its latent features z0 from the pre-trained CLIP encoder
f(xtest), and then use the stable diffusion as the decoder to

generate augmented images. In specific, we employ Stable
Diffusion-V2 as the generative model, which can generate
new image G(g(t),n) from the natural language descrip-
tions t. Here, n ∼ N (0, I) denotes the sampled noise.
Because the labels are not available during test time tuning,
we use the image encoder of CLIP model f(xtest) as an
alternative of g(t). Thus, the augmented image can then be
generated with

Dn(xtest) = G(f(xtest),nn), (5)

where Dn(xtest) denotes the n-th augmented image.
Thanks to the ability of CLIP in aligning image and text,
diffusion-based data augmentation is effective in generat-
ing diverse augmented images. Please refer to the Suppl.
for visualizations of our diverse and informative augmenta-
tions.

Taking the augmented images {Dn(xtest)} into ac-
count, the test-time prompt tuning in Eq. (4) can be mod-
ified as,

p̃v =
1

ρHN

N∑
n=1

1[H (pi) ≤ τ ] pn (y |Dn (xtest)) . (6)

Moreover, we incorporate augmented data by both the
method in [46] and diffusion-based one to take advantage of
their complementary merits. Then, we can still use Eq. (3)
to learn the adaptive prompt for the test sample x.

3.4. Filtration with Cosine Similarity

Albeit diffusion-based data augmentation is effective in
generating diverse augmented images, some spurious aug-
mentations may be introduced (see Fig. 3), resulting in
low data fidelity and collapsing prompt tuning performance.
Thus, it is necessary to balance the data diversity and pre-
diction fidelity of the augmented images.

To tackle this issue, we introduce a cosine similarity
based filteration approach. In specific, we calculate the co-
sine similarity between the test sample xtest and each aug-
mented image Dn(xtest). Then, we introduce a mask M to
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Figure 3: Visualization of the diverse and informative diffusion-
based augmented images and the filtered image by cosine similar-
ity.

identify the augmented images with higher similarity than
ε, i.e., Mn = (cos (Dn (xtest) ,xtest)) > ε. We note
that ε is the threshold parameter resulting a ρC percentage
on the augmented images. Taking both diffusion-based data
augmentation and cosine similarity-based filteration into ac-
count, the test-time prompt tuning in Eq. (4) can be further
modified as,

p̃v =
1

ρHρCN

N∑
i=1

1[H (pi) ≤ τ ]·1[Mn]pn (y |Dn (xtest)) ,

(7)
Thus, we can obtain a large number of augmented sam-
ples with richer visual appearance variation while preserv-
ing key semantics to optimize the prompt during test-time.

4. Experiments
4.1. Experimental Setup

Implementation Details. Our method is implemented on
one NVIDIA Tesla V100 GPU and 32GB of memory. Fol-
lowing [46], the initialized prompt is set to a hand-crafted
default form, “a photo of a”, and the corresponding 4 to-
kens are optimized based on a single test image. We aug-
ment each test image to produce 63 new images by Stable
Diffusion-V2 in addition to the original one, and 64 new
images by different augment views [46]. The prompt is op-
timized with 4 steps during test phase, where Adam is the
optimizer. The hyper-parameter of initial learning rate, ρH ,
and ρC , are set to 0.005, 0.3, and 0.8, respectively.
Datasets. We evaluate our method in two Scenarios,
i.e., S1: Natural Distribution Shifts and
S2: Cross-Datasets Generalization. Follow-
ing [46], for S1, we use four datasets which are the
out-of-distribution (OOD) data for ImageNet [9], i.e.,
ImageNet-V2 [40], ImageNet-A [19], ImageNet-R [17],
and ImageNet-Sketch [52] to investigate the robustness of
our method to natural distribution shifts as these datasets

differ in image style, data domains, etc. For S2, 10 datasets
various in different species of plants or animals, scenes,
textures, food, transportation, human actions, satellite im-
ages, and general objects are adopted in our experiments,
i.e., Flower102 [34], OxfordPets [35], SUN397 [53],
DTD [8], Food101 [4], StanfordCars [26], Aircraft [29],
UCF101 [49], EuroSAT [16], and Caltech101 [11]. In par-
ticular, to investigate the effectiveness of our method with
regard to cross-datasets generalization, ImageNet is used as
a comprehensive source dataset, and the other 10 datasets
are used as target datasets for evaluation. In our experi-
ments, we note that 1,000 test images are randomly selected
from all the classes to evaluate all the methods.
Baselines. To evaluate our proposed method, we adopt three
groups of methods, a) TPT [46], a state-of-the-art test-
time prompt tuning method that is optimized upon multiple
augmented views, b) the classical few-shot prompt tuning
methods for CLIP, i.e., CoOp [62], a few-shot prompt tun-
ing baseline that tunes a fixed prompt on each downstream
dataset, and CoCoOp [61], a improved few-shot prompt
tuning baseline that generate input-conditional prompts by
lightweight neural network, as well as c) two kinds of zero-
shot CLIP, one with the ensemble of 80 specially created
prompts [37]. and the other with the default prompt “a pic-
ture of a.” Following these works [62, 61, 46], all the base-
lines are trained on ImageNet with 16-shot and 4 learnable
prompt tokens, and finally tested on OOD benchmarks.

4.2. Comparison with State-of-the-arts
Natural Distribution Shifts. Table 1 summarizes the eval-
uation of competing methods under Scenario 1 and differ-
ent backbones, i.e., ResNet-50 and ViT-B/16, where en-
semble refers to zero-shot CLIP performance under an en-
semble of 80 hand-crafted prompts and CLIP refers to the
zero-shot CLIP performance by default prompt “a photo
of a”. “—&CoOp” and “—&CoCoOp” indicate apply-
ing the test-time prompt tuning method to the CoOp [62]
or CoCoOp [61], which are fine-tuned with 16 shot train-
ing data per category on ImageNet. As can be seen from
this table, DiffTPT outperforms all the other methods on
the five datasets. Applying DiffTPT to prompts learned
by CoOp [62] or CoCoOp [61] can both improve the ac-
curacy of their in-domain ImageNet data as well as their
generalization ability to OOD data, i.e., based on a ResNet-
50, the average of in-domain ImageNet data is improved
from 47.12 to 50.87 and 46.71 to 49.61, respectively, and
the average for OOD generation is improved from 43.08 to
47.42 and 43.01 to 46.14, respectively. Similar improve-
ments of our method are also obtained on ViT-B/16, i.e.,
61.27 → 64.12, and 61.01 → 61.57 on ResNet-50, 58.51
→ 61.97, and 58.41 → 59.64 on ViT-B/16. Compared with
TPT, TPT&CoOp, and TPT&CoCoOp, our proposed meth-
ods, DiffTPT, DiffTPT&CoOp, and DiffTPT&CoCoOp, in-
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Table 1: Top 1 accuracy % of state-of-the-art baselines under S1, where ImageNet-Sk. indicates the ImageNet-Sketch
dataset, OOD Avg. indicates the OOD average results. bs. indicates the baseline of each group, i.e., CLIP-RN50 / CLIP-
ViT-B-16, CoOp, and CoCoOp. The arrow ↑ and ↓ indicate improvements and decrements compared with bs.. Detailed
analyses are provided in Sec. 4.2.

Method ImageNet ImageNet-A ImageNet-V2 ImageNet-R ImageNet-Sk. Average OOD Avg.

CLIP-RN50 58.10(bs.) ↓ 22.81(bs.) ↓ 53.00(bs.) ↓ 53.90(bs.) ↓ 33.50(bs.) ↓ 42.26(bs.) ↓ 40.80(bs.) ↓
Ensemble 59.90(1.80) ↑ 24.12(1.31) ↑ 53.50(0.50) ↑ 58.00(4.10) ↑ 35.20(1.70) ↑ 46.14(3.88) ↑ 42.70(1.90) ↑
TPT 59.40(1.30) ↑ 27.34(4.53) ↑ 55.20(2.20) ↑ 56.80(2.90) ↑ 34.50(1.00) ↑ 46.65(4.39) ↑ 43.46(2.66) ↑
DiffTPT 60.80(2.70) ↑ 31.06(8.25) ↑ 55.80(2.80) ↑ 58.80(4.90) ↑ 37.10(3.60) ↑ 48.71(6.45) ↑ 45.69(4.89) ↑
CoOp 63.30(bs.) ↓ 24.52(bs.) ↓ 57.90(bs.) ↓ 55.10(bs.) ↓ 34.80(bs.) ↓ 47.12(bs.) ↓ 43.08(bs.) ↓
TPT&CoOp 63.70(0.40) ↑ 29.75(5.23) ↑ 60.90(3.00) ↑ 57.80(2.70) ↑ 36.50(1.70) ↑ 49.73(2.61) ↑ 46.24(3.16) ↑
DiffTPT&CoOp 64.70(1.40) ↑ 32.96(8.44) ↑ 61.70(3.80) ↑ 58.20(3.10) ↑ 36.80(2.00) ↑ 50.87(3.75) ↑ 47.42(4.34) ↑
CoCoOp 61.50(bs.) ↓ 25.73(bs.) ↓ 54.80(bs.) ↓ 56.00(bs.) ↓ 35.50(bs.) ↓ 46.71(bs.) ↓ 43.01(bs.) ↓
TPT&CoCoOp 62.40(0.90) ↑ 26.43(0.70) ↑ 56.10(1.30) ↑ 56.50(0.50) ↑ 35.60(0.10) ↑ 47.41(0.70) ↑ 43.66(0.65) ↑
DiffTPT&CoCoOp 63.50(2.00) ↑ 30.45(0.72) ↑ 57.70(2.90) ↑ 58.50(2.50) ↑ 37.90(2.40) ↑ 49.61(2.90) ↑ 46.14(3.13) ↑

CLIP-ViT-B/16 67.30(bs.) ↓ 47.14(bs.) ↓ 59.90(bs.) ↓ 71.20(bs.) ↓ 43.00(bs.) ↓ 57.71(bs.) ↓ 55.31(bs.) ↓
Ensemble 68.50(1.20) ↑ 48.44(1.30) ↑ 62.70(2.80) ↑ 73.50(2.30) ↑ 45.50(2.20) ↑ 59.73(2.02) ↑ 57.53(2.22) ↑
TPT 69.70(2.40) ↑ 53.67(6.53) ↑ 64.30(4.40) ↑ 73.90(2.70) ↑ 46.40(3.40) ↑ 61.59(3.88) ↑ 59.57(4.26) ↑
DiffTPT 70.30(3.00) ↑ 55.68(8.54) ↑ 65.10(5.20) ↑ 75.00(3.80) ↑ 46.80(3.80) ↑ 62.28(4.57) ↑ 60.52(5.21) ↑
CoOp 72.30(bs.) ↓ 49.25(bs.) ↓ 65.70(bs.) ↓ 71.50(bs.) ↓ 47.60(bs.) ↓ 61.27(bs.) ↓ 58.51(bs.) ↓
TPT&CoOp 73.30(1.00) ↑ 56.88(7.63) ↑ 66.60(0.90) ↑ 73.80(2.30) ↑ 49.40(1.80) ↑ 64.00(2.73) ↑ 61.67(3.16) ↑
DiffTPT&CoOp 75.00(2.70) ↑ 58.09(8.84) ↑ 66.80(1.10) ↑ 73.90(2.40) ↑ 49.50(1.90) ↑ 64.12(2.85) ↑ 61.97(3.46) ↑
CoCoOp 71.40(bs.) ↓ 50.05(bs.) ↓ 63.80(bs.) ↓ 73.10(bs.) ↓ 46.70(bs.) ↓ 61.01(bs.) ↓ 58.41(bs.) ↓
TPT&CoCoOp 67.30(4.10) ↓ 50.25(0.20) ↑ 62.30(1.50) ↓ 73.90(0.80) ↑ 47.10(0.40) ↑ 60.17(0.84) ↓ 58.39(0.02) ↓
DiffTPT&CoCoOp 69.30(2.10) ↓ 52.56(2.51) ↑ 63.20(0.60) ↓ 75.30(2.20) ↑ 47.50(0.80) ↑ 61.57(0.56) ↑ 59.64(1.23) ↑

crease classification accuracy in-domain ImageNet data
from 46.65, 49.73, 47.41 to 48.71, 50.87, 49.61, respec-
tively. Since the TPT-based method uses random resized
crops to augment test image, making it limited in gener-
alization ability. In particular, we discover that DiffTPT
significantly improves the generalization test of OOD data.
This supports our conclusion that DiffTPT increases the
data diversity of the test samples while maintaining seman-
tic consistency (i.e., prediction fidelity), resulting in bet-
ter robustness. On the contrary, the performance of the
few-shot prompt tuning method differs significantly across
the five datasets; e.g., the accuracy gains are prominent on
the ImageNet validation set and ImageNet-V2, while on
the datasets with more significant distribution shift, even
prompt tuning methods become brittle compared to hand-
crafted prompts.

Naturally, CLIP yields the lowest results, and testing di-
rectly on the new dataset will be significantly affected by
domain shift. Despite the fact that they benefit from the
learnable prompts and the complement of TPT, CoOp [62]
and CoCoOp [61] perform better against CLIP; however,
these methods require the training set and are not test-time
prompt tuning methods. That is, they did not consider the
zero-shot generalization in real world scenarios, resulting in
less effective performance. The results support our primal
hypothesis that augmenting test data with diverse synthetic
data can improve zero-shot generalization performance.

Cross-Datasets Generalization. To investigate how our
proposed method and baselines generalize from ImageNet
to the 10 fine-grained datasets, we record the quantitative
performance of various baselines of S2 in Table 2. TPT [46]
works in a zero-shot manner, while CoOp [62] and Co-
CoOp [61] are tuned on ImageNet using 16-shot training
data per category. From this table, since the distribution
of these fine-grained datasets varies widely, these methods
perform differently on each dataset. However, our method
still achieves the best performance, i.e., increasing the Avg.
accuracy from 55.12 to 59.85, and from 63.03 to 65.47. It is
worth noting that our method still achieves 5.1% and 2.3%
performance gain against TPT [46] on the backbone of both
ResNet50 and Vit-B/16. This indicates that among all com-
peting methods, even without training data, our method is
robust to natural distributional variations and significantly
outperforms those few-shot prompt-tuning methods, i.e.,
CoOp [62] and CoCoOp [61].

4.3. Ablation Studies

Balancing Synthetic Data vs. Standard Augmenta-
tion. Since our method absorbs the complementary mer-
its of both standard augmentation [46] and diffusion-based
one, it is necessary to investigate how these two methods
help train classifiers. To this end, we evaluate the aver-
age performance of ResNet50 in the two scenarios, i.e., S1

and S2. For better visualization, we plot the mixed com-
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Table 2: Top 1 accuracy % of state-of-the-art baselines under S2, where Avg. indicates average accuracies of the
Cross-Datasets Generalization. The arrow ↑ and ↓ indicate improvements and decrements of our method
against the CLIP method, i.e., CLIP-RN50 and CLIP-ViT-B/16. Detailed analyses are provided in Sec. 4.2.

Method Flower [34] DTD [8] Pets [35] Cars [26] UCF101 [49]

CLIP-RN50 62.45(bs.) ↓ 39.65(bs.) ↓ 80.50(bs.) ↓ 57.48(bs.) ↓ 56.73(bs.) ↓
Ensemble 63.14 41.68 80.79 58.33 55.74
CoOp2022 [62] 62.25 37.33 86.00 56.29 59.01
CoCoOp2022 [61] 63.53 38.49 86.29 55.70 60.40
TPT2022 [46] 62.25(0.20) ↓ 40.04(0.39) ↑ 82.82(2.32) ↑ 60.54(3.06) ↑ 60.79(4.06) ↑
DiffTPT 63.53(1.08) ↑ 40.72(1.07) ↑ 83.40(3.35) ↑ 60.71(3.23) ↑ 62.67(5.94) ↑

Method Caltech11 [11] Food101 [4] SUN397 [53] Aircraft [29] EuroSAT [16] Avg.

CLIP-RN50 81.58(bs.) ↓ 74.85(bs.) ↓ 57.43(bs.) ↓ 16.20(bs.) ↓ 24.30(bs.) ↓ 55.12(bs.) ↓
Ensemble 83.68 74.95 59.53 17.40 27.69 56.29
CoOp2022 [62] 82.38 78.81 57.18 15.40 26.99 56.16
CoCoOp2022 [61] 83.38 77.43 59.28 15.70 27.39 56.76
TPT2022 [46] 84.58(3.00) ↑ 77.23(2.38) ↑ 61.80(4.37) ↑ 17.50(1.30) ↑ 22.21(2.09) ↓ 56.98(1.86) ↑
DiffTPT 86.89(5.31) ↑ 79.21(4.36) ↑ 62.72(5.29) ↑ 17.60(1.40) ↑ 41.04(16.74) ↑ 59.85(4.68) ↑

Method Flower [34] DTD [8] Pets [35] Cars [26] UCF101 [49]

CLIP-ViT-B/16 67.94(bs.) ↓ 44.10(bs.) ↓ 85.71(bs.) ↓ 66.58(bs.) ↓ 63.37(bs.) ↓
Ensemble 67.65 44.87 86.20 67.60 64.36
CoOp2022 [62] 66.08 42.17 89.00 63.44 66.04
CoCoOp2022 [61] 70.88 44.78 88.71 65.22 68.42
TPT2022 [46] 69.31(1.37) ↑ 46.23(2.13) ↑ 86.49(0.78) ↑ 66.50(0.08) ↓ 66.44(3.07) ↑
DiffTPT 70.10(2.16) ↑ 47.00(2.90) ↑ 88.22(2.51) ↑ 67.01(0.43) ↑ 68.22(4.85) ↑

Method Caltech11 [11] Food101 [4] SUN397 [53] Aircraft [29] EuroSAT [16] Avg.

CLIP-ViT-B/16 90.29(bs.) ↓ 85.05(bs.) ↓ 61.88(bs.) ↓ 24.70(bs.) ↓ 40.64(bs.) ↓ 63.03(bs.) ↓
Ensemble 90.89 85.35 64.65 24.40 47.01 64.30
CoOp2022 [62] 91.69 85.15 61.54 18.00 35.36 61.85
CoCoOp2022 [61] 92.49 86.53 64.65 24.20 46.22 65.21
TPT2022 [46] 92.49(2.20) ↑ 86.93(1.88) ↑ 63.48(1.60) ↑ 24.90(0.20) ↑ 37.15(3.49) ↓ 63.99(0.96) ↑
DiffTPT 92.49(2.20) ↑ 87.23(2.18) ↑ 65.74(3.86) ↑ 25.60(0.90) ↑ 43.13(3.49) ↑ 65.47(2.44) ↑

binations of various ratios in Fig. 4, where the abscissa
and ordinate represent the proportions of synthetic data ob-
tained by diffusion-based augmentation and data obtained
by standard augmentation, respectively. In the matrix of
this figure, each element Mij represents the classification
performance of DiffTPT on i% of synthetic data and j%
of standard augmented data. As shown in Fig. 4 (a), one
can observe an improvement in accuracy of the Natural
Distribution Shifts as the size of the standard aug-
mented data grows, while maintaining a constant amount of
synthetic data. However, similar results are more obvious
when the proportion of synthetic data is increased while
keeping the proportion of standard augmented data fixed.
Overall, increasing the amount of synthetic data leads to an
improved performance in S1. In Fig. 4 (b), we show the per-
formance of the classifier for S2, i.e., Cross-Datasets
Generalization. We observe that, while keeping the
amount of synthetic data fixed, the effectiveness of the clas-

sifier increases significantly as the proportion of standard
augmented data increases. These conclusions are supported
by the results of most datasets, see the Suppl. for more
details.
Analysis of Ratio ρH and ρC . As mentioned in Sec. 3.4,
ρH and ρC filter out the less informative “noisy” augmented
view in standard augmentation by entropy and spurious aug-
mentations in diffusion-based augmentation by cosine sim-
ilarity. We examine the classification accuracy for various
values of ρH and ρC for the two scenarios in Fig. 5 to eval-
uate the diverse information that a good test augmentation
should retain. It can be seen from Fig. 5 (a) that as the value
of ρC increases, the classification accuracy gradually im-
proves. This is because a high threshold will result in too
much effective information being filtered out and reduce the
effect of test set augmentation. However, from Fig. 5 (b),
we find that when ρH > 0.5, it will lead to a decrease
in classification accuracy. In summary, when the value of
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Figure 4: Variation of the top 1 accuracy versus the varied proportion of the standard augmented views and the diffusion-based augmented
images under (a) S1 and (b) S2.
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Figure 5: Top-1 accuracy analysis of the ratios ρH and ρC with
regard to S1 and S2.

ρH is too large and ρC is too small, the model goes to
an extreme of overemphasizing the augmented data, giving
rise to unsatisfactory performance. To sum up, our method
achieves the highest results on ρH = 0.3 and ρC = 0.8.
This means that only a small amount of data is filtered
out, indicating the high fidelity of the synthetic data by
diffusion-based augmentation.

Effect of the Generated Dataset Size. The results on a va-
riety of datasets in both two scenarios demonstrate that our
approach is effective for all images regardless of their cate-
gory and content (see Table 1 and 2). Considering the effect
of augmented data on model performance, we recorded the
classification accuracy of different numbers of augmented
samples in two scenarios in Fig. 6. It can be seen that as the
number of augmented views increases, the accuracy grad-
ually increases until reaching a plateau around N = 64.
Additionally, even under the more complex scenario, i.e.,
S2, our method can still preserve similar results. Notably,
even when N = 8, DiffTPT still brings more than 3.5% and
4.6% accuracy gain for zero-shot CLIP, respectively. When
N = 128, the performance of DiffTPT did not appear to
be degraded in accuracy due to overemphasizing synthetic
data. These positive experimental results support that our
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Figure 6: Ablation studies on the size of augmented images with
regard to S1 and S2.
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Figure 7: Ablation studies on the steps of prompt updating under
S1 and S2.

cosine similarity filteration is effective in preserving pre-
diction fidelity between synthetic and original data.
Steps of Prompt Updating. To assess the effect of prompt
updating, we record the accuracy of different optimization
steps under the two scenarios in Fig. 7. As can be seen
from the figure, the accuracy can be improved from 56.6 to
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58.8 by increasing the number of optimization steps from
1 to 4 on S2, while the performance will decrease slightly
when the optimization is continued (i.e., optimization steps
greater than 5). This shows that more optimization steps
cannot bring gains to the classifier; on the contrary, a few
updates can make the prompt learn more information about
the test samples. For TPT [46], more update steps did not
make the classifier optimize better, while step = 1 achieved
the best performance. Nevertheless, our method always out-
performs TPT [46] in terms of the classification accuracies
on the two scenarios. Additionally, since more update steps
will increase the inference time, we set optimization step to
4 as the default setting in our experiments.
Inference cost. Albeit the original SD is time-consuming,
e.g., it takes 6s to inference 10 test images for TPT and with
standard SD it is 36min, with the advancements in this field,
faster SD models have emerged, e.g., ToMe [3], two-stage
distillation [31], and Consistency Model [48]. The later
only need 0.5s for generating 10 images, while the origi-
nal SD needs 70s. Additionally, there are a few strategies
to boost the SD efficiency, e.g., TensorRT and Memory Ef-
ficient Attention1. These approaches lead to a further 25%
and 100% gains in inference speed.

5. Conclusion
This work proposed a simple but effective test-time

prompt tuning method, based on a pre-trained diffusion
model, DiffTPT, by incorporating diffusion-based augmen-
tation with cosine similarity-based filteration. In specific,
with the pre-trained diffusion model, diffusion-based aug-
mentation can generate diverse but semantically consistent
augmented images. And cosine similarity-based filteration
can enforce the prediction fidelity of the generated sam-
ples. Extensive experiments demonstrated the effective-
ness of DiffTPT in various zero-shot generalization tasks,
e.g., DiffTPT improves zero-shot accuracy by an average
of 5.13% in comparison to the state-of-the-art test-time
prompt-tuning method, TPT.
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