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Abstract—In dynamic environments, the generalization capa-
bilities of large-scale vision language models tend to decline.
This is attributed to the evolving distribution of target do-
mains over time, leading to misalignment between image and
text pairings, affecting the model’s performance. Addressing
this, Test-Time Adaptation (TTA) has been proposed to adapt
pre-trained source models to these changing target domains
during testing phases. However, traditional TTA approaches,
which are designed for a single changing scenario and mainly
depend on self-training and entropy minimization, are easily
affected by extreme and novel samples in long-term environ-
ments, leading to error accumulation and catastrophic forgetting.
Although previous Continual Test-Time Adaptation (Continual
TTA) methods based on the teacher-student framework can
effectively address long-term adaptation issues, they are not
feasible for large-scale vision language models due to their
high memory requirements. To overcome these challenges, we
introduce a novel approach: Prompt-based memory bank for
Continual Test-Time Adaptation (PCoTTA). PCoTTA uniquely
freezes the CLIP image and text encoders, focusing on updating
and storing trainable prompts, significantly reducing memory
usage. By implementing a stable pseudo-label strategy and high
gradient sensitivity updating, PCoTTA effectively learns new
knowledge. In long-term dynamically changing environments,
PCoTTA demonstrates high stability and accuracy and achieves
a good balance between learning new information and retaining
existing knowledge, significantly enhancing the adaptability and
generalization capabilities of the CLIP model. Through extensive
experimental comparisons, PCoTTA surpasses the current state-
of-the-art methods, achieving an average 2% improvement in
accuracy for both test-time adaptation and continual test-time
adaptation tasks.

Index Terms—Transfer Learning, Vision-Language Model,
Test-Time Domain Adaptation
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I. INTRODUCTION

Large-scale vision-language models [1, 2], such as Con-
trastive Language-Image Pre-training model (CLIP [3]), have
demonstrated superior performance in zero-shot image classi-
fication tasks due to their text-image pairing capabilities [4].
Particularly, the incorporation of prompts into the text en-
coder, like ”a photo of a” enables these large-scale vision-
language models to swiftly adapt to various specific down-
stream tasks [5]. However, in practical testing scenarios,
environments can undergo continual changes, such as in au-
tonomous driving where weather conditions may shift from
clear to rainy or snowy, or increased noise due to sensor
aging over time [6, 7]. These factors can lead to temporal
variations in the distribution of the target domain, which may
in turn cause misalignment between text and image pairings,
impacting the model’s generalization performance [8].

To address this issue, Test-Time Adaptation (TTA) methods
have been developed, aiming to utilize the source pre-trained
model directly during the testing phase to adapt to these
changing target domains [9]. TTA methods are designed to
enhance the model’s generalization performance on zero-
shot tasks without retraining. However, it’s important to note
that traditional TTA approaches, primarily relying on self-
training [10] and entropy minimization [11], are generally
designed for short-term or single-scene adaptations rather than
continuous, long-term adaption. As such, in dynamic, long-
term environments, they often face limitations. They are prone
to pseudo-label instability, which can lead to an accumulation
of errors in extreme samples and catastrophic forgetting of
initial knowledge when learning new samples [12, 13].

To mitigate these long-term adaptation issues, Continual
Test-Time Adaptation (Continual TTA) aims to enable models



to continuously adapt to new data during testing without
accessing the source data, enhancing their performance and
accuracy in dynamic or constantly changing long-term envi-
ronments [12]. Recent methods typically employ a teacher-
student model [12, 13], addressing catastrophic forgetting
and error accumulation through model averaging updates.
However, this approach, requiring the simultaneous loading of
two models, is unsuitable for large-scale language models. It
significantly increases the memory burden, making it imprac-
tical in situations where high resource efficiency is required.

Accordingly, we introduce a novel strategy, Prompt-based
memory bank for Continual Test-Time Adaptation (PCoTTA).
PCoTTA contains two main components: the dynamic prompt-
based memory bank and maximum gradient search. PCoTTA
utilizes a frozen CLIP model and focuses on dynamically
storing both new and old trainable prompts in a memory bank,
reducing the need to load two separate models, such as teacher
and student models, and consequently saving memory usage.
It generates pseudo-labels using more stable entropy values
and employs high gradient sensitivity for prompt updates. This
innovative approach significantly reduces the memory require-
ments typically associated with large-scale vision language
models, especially in scenarios where the test distribution is
continually changing. Given that updates during testing can
utilize pseudo-labels and the model’s inherent capabilities,
employing high gradient sensitivity facilitates rapid learning of
knowledge beneficial for updates. This method is both efficient
and swift in enhancing the model’s generalization capabilities.

Specifically, we select the prompts most affected by the
maximal gradients induced by new samples in the network.
This selection process prioritizes model updates on samples
that are most likely to disrupt the existing knowledge struc-
ture, effectively preserving old knowledge while acquiring
new information. These updated prompts are retained in the
memory bank for future reuse, thus enhancing the model’s
memory of past knowledge. Additionally, we reduce error
accumulation through a weighted prediction mechanism and
maintain initial prompts to decrease catastrophic forgetting,
ensuring the model’s stability in dynamic environments.

We demonstrate the efficacy of our proposed method in
three image classification tasks of test-time adaptation and
continual test-time adaptation, where PCoTTA outperforms the
state-of-the-art methods by an average of 2% in accuracy. In
these tasks, PCoTTA not only shows significant improvements
in continual test-time adaptation over existing methods but also
effectively mitigates the impact of catastrophic forgetting and
error accumulation.

Our contributions are summarized as follows:
• We introduce a prompt-based memory bank approach

that dynamically manages trainable prompts to efficiently
adapt large-scale vision-language models to changing
environments, effectively reducing memory usage.

• Our strategy employs entropy-based pseudo-labeling and
model sensitivity to gradient when learning new knowl-
edge for robust and targeted updates which mitigate error
accumulation and catastrophic forgetting.

• Our approach is simple and easy to implement. To the
best of our knowledge, we are the first to propose im-
proving the generalization of large-scale vision-language
models in a continuous testing environment.

II. RELATED WORKS

In this section, we introduce previous research on prompt
tuning in vision-language models and continual test-time do-
main adaptation methods.

A. Prompt Tuning in Vision-Language Models

Vision-Language Models (VLMs) are designed to integrate
visual and textual data through extensive pre-training, estab-
lishing cross-modal links [1, 3, 14]. These models typically
consist of image and text encoders, utilizing self-supervised
learning techniques such as contrastive loss to enhance ef-
ficiency. For instance, in VLMs like CLIP, by introducing
text encoders, multimodal image classification methods using
text-image pairs are employed, applicable to various zero-
shot downstream tasks [4, 15–17]. Recent studies have started
employing prompt learning techniques as an alternative to
comprehensive fine-tuning, enabling VLMs to adapt more
effectively to specific applications while reducing the num-
ber of parameters. Prompt learning, originating from Natural
Language Processing (NLP), is an effective method to tailor
large-scale models for specific tasks without retraining model
parameters, using textual prompts [5, 18, 19]. In pre-trained
language models, these prompts typically appear as completion
sentences or masked sentences, such as “This is [MASK]”,
with the model being trained to predict suitable words for the
masked positions [20–22]. In VLMs, these predictions often
involve image classification tasks [3].

To avoid the tedious task of manually setting prompts, cur-
rent research employs learnable prompts, allowing the model
to autonomously learn appropriate prompts. For example, the
COOP [23] method introduced learnable prompts, primarily
focusing on specific tasks, which may lead to model overfit-
ting. Building on this, the CoCoOP [24] method incorporates
meta-learning, enhancing CLIP’s generalization by integrating
image feature biases. However, these methods involve retrain-
ing CLIP, not fully exploiting its zero-shot learning potential.
Therefore, our strategy is to avoid retraining and directly
enhance CLIP’s zero-shot generalization capabilities during
the testing phase.

B. Continual Test-Time Domain Adaptation

Test-time adaptation involves updating the model during the
testing phase without accessing source domain data, setting
it apart from domain adaptation and generalization [9, 25].
Existing test-time adaptation methods include entropy mini-
mization [11, 26, 27] (enhancing model certainty by reducing
test entropy), batch normalization [28] (adjusting normal-
ized data during testing for model stability), and pseudo-
labeling [10, 29] (updating the model by assigning labels to
unlabeled test data). However, these techniques are mainly
suitable for static target domains. When the target domain



Fig. 1. Overview of our PCoTTA framework.

changes dynamically over time, they may bias towards extreme
samples, leading to error accumulation and reduced model
prediction capabilities, or focus excessively on new samples,
causing catastrophic forgetting and model overfitting, decreas-
ing its generalization ability [12, 30].

For continual test-time adaptation, CoTTA [12] first intro-
duced a dynamic teacher-student model updating approach.
It generates more reliable pseudo-labels through weighted
teacher model predictions, smoothly updates the teacher model
using student model parameters over a period, and ran-
domly restores weights to the original model. This allows
for continuous adaptation and stability across various environ-
ments. Similarly, NOTE [31] introduced instance-aware batch
normalization to enhance the performance of test samples
and address out-of-distribution sample issues. The RMT [13]
method employs an average teacher-student model for robust
predictions. However, these methods update both models as
teacher and student models, which is not feasible for large-
scale vision-language models due to increased memory usage
and computational complexity. Therefore, we maintain a dy-
namic prompt-based memory bank, ensuring model stability
without increasing memory usage.

III. PRELIMINARIES

In this section, we first introduce the structure of CLIP and
then the concept of learnable prompts.

Contrastive Language-Image Pre-training (CLIP), integrates
an image encoder based on ResNet [32] or ViT [33] and a
text encoder using a transformer architecture [34]. It aligns
images and texts closely using contrastive loss. For specific
image classification tasks, CLIP employs textual prompts, such
as “a photo of a [CLASS],” to guide the text encoder towards
generating semantically relevant representations corresponding
to input images. The inference in CLIP is based on the
probability of an input image belonging to a certain class,
calculated by the similarity between the class embedding and
the image feature. The process can be summarized as:

P (y = i|x) = exp(similarity(wi, f(θ))/τ)∑K
j=1 exp(similarity(wj , f(θ))/τ)

(1)

where wi is class text embedding for class i, f(θ) is the image
feature extracted by the image encoder and K is the total
number of classes.

The CoOp [23] framework, enhancing CLIP, introduces
learnable prompts while keeping other encoder parameters
static. It designs the prompts as a sequence of learnable vectors
t = [V1][V2] . . . [VM ][CLASS], each aligning with the word
embedding dimensionality in CLIP. The text encoder then pro-
cesses these prompts to produce a classification vector, which
is used to compute the likelihood of each class prediction:

P (y = i|x) = exp(similarity(g(ti), f(θ))/τ)∑K
j=1 exp(similarity(g(tj), f(θ))/τ)

(2)

where g(ti) is the text feature of the text encoder when
processing the learnable prompt ti. In this formula, each class-
specific prompt ti is incorporated with the respective word
embedding for the i-th class, facilitating the alignment of text
and image representations.

IV. METHDOLOGY

In this section, we first introduce the problem definition of
continual test-time adaption in CLIP and provide an overview
of PCoTTA. Then, we detail the concepts of maximum gradi-
ent search and the dynamic prompt-based memory bank.

A. Problem Definition

In this study, we focus on the CLIP model for continual test-
time adaptation (continual TTA). In our approach, each text
prompt ti is treated as a set of trainable parameters, optimized
to enhance prediction accuracy for a specific test image x. The
CLIP model M , with its image encoder parameters θ frozen,
computes the feature representation f(x.θ) of the image, while
the embeddings for each trainable text prompt ti are generated
by the model’s frozen text encoder as g(ti).

The core challenge of continual TTA in CLIP involves
adapting a pre-trained model M , equipped with learnable
prompts ti, to continuously incoming streams of unlabeled
data from a target domain (denoted as xT ) without revisiting
the original training data or undergoing extensive retraining.



This target data, derived in batches from the evolving dataset
ST , is processed sequentially (xT

t → xT
t+1), reflecting the

temporal progression of the dataset (ST
t → ST

t+1). At each
time step t, the prompt ti is adapted to make predictions on
the current batch xT , progressively tuning the model to the
nuances of the data stream until it achieves optimal adaptation
to the continually evolving domain.

The overview of our approach is specified in the Figure 1.
Initially, a test data stream with continually changing distri-
butions is sequentially inputted into the CLIP image encoder,
yielding image features. Concurrently, prompts from the mem-
ory bank are used in the text encoder to obtain text features.
These text features, along with the image features, are then
utilized to generate multiple entropy values. Subsequently,
those with entropy values below a threshold α are selected as
pseudo-labels. This process is followed by maximal gradient
selection, where prompts with gradient values over a threshold
γ are chosen to update the prompts, which are then stored
in the memory bank. Finally, the output is derived from a
weighted prediction based on all the prompts through averaged
prediction. Leveraging a memory bank and maximum gradient
search, PCoTTA maintains stability in dynamic environments
and rapidly acquires new knowledge to enhance its general-
ization capabilities.

Next, we will detail the maximum gradient search and the
dynamic prompt-based memory bank. The maximum gradient
search serves to make the model learn new samples that
are more distinct from old knowledge, quickly adapting to
new distribution changes. The dynamic prompt-based memory
bank is designed to maintain both old and new prompts,
enabling the model to mitigate catastrophic forgetting and the
accumulation of errors.

B. Maximum Gradient Search

In online continual learning, there is a method aimed at
utilizing past task samples stored in a memory bank to reduce
catastrophic forgetting. Inspired by this, to save memory usage,
instead of storing samples, we store prompts. Additionally, Gu
et al. [35] has shown that samples which generate gradients
in the network that are most likely to be interfered with by
incoming new samples are beneficial for updating the neural
network based on backpropagation of gradients. Therefore,
in our prompt-based memory bank, in order to obtain the
new knowledge effectively, we select prompts with the largest
gradients for prediction.

We first filter the entropy values below the threshold as
pseudo-labels for simulated updates. For each prompt ti in
the memory bank T = {t1, t2, . . . , tN}, the CLIP model
predicts the conditional probability for each category i using
the similarity between the text prompt embedding and the
image feature representation. This process is formulated:

P = {P (y = i|x)}i∈{1,...,N} (3)

Subsequently, the entropy of the prediction distribution for
each prompt ti is calculated, and the prompt prediction yield-

ing an entropy lower than the threshold is chosen as the
pseudo-label:

t̂ = argmin
i

H(P (y|x, ti)) < α (4)

where H denotes the entropy function, and α is the predefined
entropy threshold.

For each text prompt ti, we use an cross-entropy loss func-
tion L that measures the discrepancy between the predictions
and the pseudo-label, and calculate the gradient of the loss
with respect to the embedding vector of ti, Gti :

Gti = ∇tiL(p(y = i|x), ypseudo) (5)

We select the text prompt ti that causes the maximum gradient
change, and update ti using gradient ascent:

t̂ = ti | i = argmax
i
∥Gti∥2 (6)

ti ← ti + η ·Gtî
(7)

where Gtî
is the gradient corresponding to the selected text

prompt t̂, and η is the learning rate. This approach allows us
to update the text prompts directly to maximize the gradient
response of the model output, enhancing the predictive perfor-
mance for specific tasks. By doing so, we can adjust the text
prompts to better align with the image features, thus improving
classification accuracy.

The final prediction Pfinal is then determined by combining
the predictions from all prompts in the memory bank:

Pfinal =

N∑
i=1

wi ·Pi (8)

The final prediction is a synthesized outcome that combines
diverse viewpoints and prioritizes them based on their assessed
confidence. This methodology enhances the robustness and
accuracy of the prediction by leveraging the collective intelli-
gence embedded in the memory bank’s prompts.

C. Dynamic Prompt-based Memory Bank

In order to make the prompt-based memory bank learn new
knowledge while preserving old knowledge, we fix the initial
prompt and dynamically update the memory bank for later
prompts. We rank all prompts according to the L2 norm of
their gradients ∥Gti∥2 to identify the prompts that pose the
greatest challenge to the model’s current parameters. Based
on the gradient magnitudes, we select the top K prompts with
the largest ∥Gti∥2. We set a threshold γ, such that a prompt
ti remains in the bank only if ∥Gti∥2 > γ. This process can
be formalized as follows:

Tupdated = {ti|ti ∈ T, ∥Gti∥2 > γ}top K (9)

After each adaption, we replace the existing memory bank
with the newly selected set of prompts Tupdated. This ensures
that the memory bank always contains prompts that can
guide the model to learn and adapt. Through this method of
dynamically maintaining the memory bank, we ensure that the
model is continually presented with new challenges, and by



Algorithm 1 Prompt-based Memory Bank for Continual Test-
Time Domain Adaptation
Input: Memory bank T of text prompts {t1, t2, . . . , tN}, CLIP
model M , image feature representation function f(·), text
prompt embedding function g(·), threshold entropy α, gradient
norm threshold γ.

1: Initialize the memory bank T with a set of text prompts.
2: for each batch of target domain images xT

t do
3: for each text prompt ti ∈ T do
4: Compute the conditional probabilities pi using

f(x.θ) and g(ti).
5: Calculate entropy H(pi) for each prompt.
6: if H(pi) < α then
7: Select ti as pseudo-label t̂. eq.(4)
8: Compute the gradient Gti with respect to ti. eq.(5)
9: end if

10: end for
11: Select top K prompts with the largest gradient norms

that exceed γ. Replace existing T with the updated set
of prompts Tupdated. eq.(9)

12: Combine all prompt predictions Pi to obtain the final
prediction Pfinal. eq.(8)

13: end for

learning from these challenges, it enhances its generalization
capabilities and adaptability. This process helps the model
perform well not only on the current task but also better
transfer to new tasks. We provide a detailed pseudo-code of
PCoTTA in Algorithm 1.

V. EXPERIMENTS AND RESULTS

In this section, we first introduce the experimental settings,
which includes detailed descriptions of benchmarks, baselines,
datasets, and implementation details. This is followed by an
analysis of the experimental results and ablation studies.

A. Experiment Settings

Benchmarks. We conduct the assessments across three
benchmarks: test-time adaptation [9], continual test-time adap-
tation [12], and long-term adaptation [12]. In all benchmarks,
we update the model only during the testing phase without
retraining or accessing source data. For the test-time adaptation
setting, we evaluate each model on each individual distribution
separately, resetting after each evaluation without involving
continuing. For the continual test-time adaptation setting, we
continuously test across 15 scenarios from the first Gaussian
to the last Pixel, without resets, continuously adapting to the
entire distribution. For the long-term adaptation, we continu-
ously test 3 conditions for 5 rounds. Additionally, we present
results from ablation studies that analyze the impact of each
component on the model.

Baselines. We compare the PCoTTA against classic test-
time adaptation methods in test-time adaptation, continual
test-time adaptation and long-term adaptation settings. The

methods include TENT [9], which employs test entropy min-
imization. Pseudo-Label [10], which updates the model using
generated pseudo-labels. and TPT [8], the first method to inte-
grate CLIP prompt tuning for test-time adaptation, minimizing
marginal entropy through image augmentation. Each method is
followed by the notation “Cont. TTA” to denote the continual
test-time adaptation benchmark, while those without it refer
to the standard TTA benchmark. The methodologies for TTA
and Cont. TTA are consistent, differing only in whether the
adaptation is continuous. TPT, due to its reset after adapting to
each image, cannot be compared in the Continual TTA setting.
This comparison allows us to observe potential catastrophic
forgetting or error accumulation during continual test-time
adaptation. This also helps to confirm that PCoTTA, in the
process of long-term adaptation, not only effectively reduces
these issues, but also achieves significant improvement through
the preserving of both new and old knowledge.

Datasets. In the context of test time adaptation and its
continuous variant, CIFAR10-C [6], CIFAR100-C [12] and
ImageNet-C [7] serve as the primary datasets for TTA and
Continual TTA, particularly for assessing corruption robust-
ness [9, 12, 26]. CIFAR10-C and CIFAR100-C each comprise
10,000 test images spanning 10 and 100 categories respec-
tively, while ImageNet-C encompasses 50,000 test images
across 1,000 categories. These datasets feature 15 types of
corruptions, categorized into noise (like gaussian, shot, im-
pulse), blur (including defocus, glass, motion, zoom), weather
(such as snow, frost, fog), and digital (covering brightness,
contrast, elastic trans, pixelate, jpeg). Our evaluation employs
these datasets at damage level 1.

Implementation Details. In our experiments, we adhere to
the settings of TTA and Continual TTA and the implemen-
tation details of CLIP, TENT, Pseudo-label, and TPT for the
evaluation of these baselines. For our method, PCoTTA, we
initiate with the 4-token prompt ”a photo of a” and selected
samples with entropy less than 0.2 for pseudo-label, setting
γ = 10. The batch size is set to 100. The length of memory
bank is 5 prompts. Results are evaluated on CLIP with ViT-
B/16. And in the final prediction we use the average prediction
with the same weights. The learning rate is 0.0025.

B. Results

All tests are conducted using the ViT-B/16 model. To
facilitate the observation of catastrophic forgetting and error
accumulation, we place the results of TTA and continual TTA
in the same Table I. Here, “(Cont. TTA)” represents the contin-
ual adaptation from Gaussian to Pixelate. All methods, except
for CLIP and TPT, have been compared for both continual and
non-continual scenarios. If the accuracy of continual TTA falls
more than 2% below that of TTA, it is considered indicative of
potential catastrophic forgetting or error accumulation, and is
marked with an asterisk (*). Since previous methods could not
self-correct for error accumulation or catastrophic forgetting,
if the accuracy of continual TTA drops below 2%, we reset the
model and continue with continual adaptation, denoted with
two asterisks (**).



TABLE I
ACCURACY(%) FOR THREE STANDARD ONLINE CONTINUAL TEST-TIME ADAPTATION TASKS WHICH ARE CIFAR10-C,CIFAR100-C,IMAGENET-C.

EACH METHOD IS EVALUATED ON BOTH TTA AND CONTINUAL TTA TESTING. THE BOLD NUMBER INDICATES BEST RESULT.

t−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−− →

Dataset Method Continual? Gauss. Shot Impul. Defo. Glass Motion Zoom Snow Frost Fog Bright. Contr. Elas. Jpeg Pixel. Average

C
IF

A
R

10
-C

CLIP ✗ 70.3 72.1 68.5 74.1 48.1 68.2 66.3 71.8 72.7 72.8 75.3 73.1 65.2 76.4 71.1 69.7

TPT ✗ 69.7 71.7 69.4 71.1 47.7 62.2 60.7 71.1 70.3 70.6 72.7 69.8 62.7 74.6 70.3 67.6

TENT ✗ 69.9 71.8 68.2 73.5 48 67.8 65.2 71.4 71.9 72.4 74.9 72.5 64.7 75.9 70.4 69.2

TENT (Cont. TTA) ✓ 69.9 70.1* 67.6 72.9 46.8 65.7* 64.4 69.9* 70.9 71.1 74 70.8* 64.7 75.3 70 68.3

Pseudolabel ✗ 70.4 72.1 68 73.8 48 68.4 65.7 71.5 72.2 72.7 75.2 72.8 65.1 76.1 70.8 69.5

Pseudolabel (Cont. TTA) ✓ 70.4 70.7* 67.9 73 46.1* 68 64.8 71.4 72 71.9 75 71.5 64.5 75.6 70 68.9

PCoTTA ✗ 71.8 73.3 70.2 74.4 48.3 69.1 66.2 72.2 72.8 73.3 76.2 73.5 65.7 77.3 71.5 70.4

PCoTTA (Cont. TTA) ✓ 71.9 74.7 71.5 75.7 49.1 71.2 68.2 73 73.6 73.9 77.1 73.9 66.3 78.8 72.3 71.4

C
IF

A
R

10
0-

C

CLIP ✗ 43 44.8 40.2 46 24.3 40.6 39.5 43.3 44.5 44.8 47.7 44.1 37.4 48.9 43.6 42.2

TPT ✗ 41.3 42.8 39.4 42.3 22.3 37.1 35.7 41.8 41.8 42.6 43.7 40.9 37.4 45.1 41.5 39.7

TENT ✗ 43.4 45 40.8 46.4 24.2 40.9 39.8 43.8 45 45 48.2 44.1 37.5 49.4 43.9 42.5

TENT (Cont. TTA) ✓ 43.4 41.8* 37.9* 40.4* 14.6* 29.9* 39.8** 40.2 41.6 36.6 25.5 44.1** 34.2 45.7 36.9 36.8

Pseudolabel ✗ 43.3 45.1 40.6 46.5 24.6 40.9 39.8 43.6 44.9 45.1 48.1 44.4 37.7 49.3 44.1 42.5

Pseudolabel (Cont. TTA) ✓ 43.3 39.8* 36* 41.3* 20.3* 37* 36.1* 39.3 40.9 41.5 44.9 41.2 34.9 45.9 40.8 38.9

PCoTTA ✗ 43.6 45.5 41.2 46.6 24.7 41 40.3 44.1 45.5 45.2 48.6 44.4 37.7 49.9 44.3 42.8

PCoTTA (Cont. TTA) ✓ 44 45.8 41.5 47.3 25.4 41.3 40.4 44.6 45.8 45.2 49.1 45 38.1 50.4 44.5 43.2

Im
ag

eN
et

-C

CLIP ✗ 57.6 57.2 51.2 61.6 53.9 60.2 48.9 53.4 55.3 58.7 64.5 61.7 58.5 57.6 59 57.3

TPT ✗ 57.3 57.1 51.7 56.5 54.5 60.5 49.4 55.2 56.8 59 65.3 62.3 59.8 58.8 60.1 57.6

TENT ✗ 58.6 58.2 51.7 41.2 54.7 61.1 49.2 54.5 56.2 34.1 65.7 42.1 59.3 59.1 60.1 53.7

TENT (Cont. TTA) ✓ 58.6 58.7 37* 42.1** 52.4 60.5 24.2* 50.1* 37.8* 34.1** 63.9 42.1 42.3* 58.8 38.7* 46.8

Pseudolabel ✗ 58 57.4 51.4 61.9 54.2 60.5 49.1 53.9 55.5 58.9 64.8 61.9 58.9 58 59.4 57.6

Pseudolabell (Cont. TTA) ✓ 58 53.7* 49.1 59.8* 52.5* 59.2 48.4 53.5 55.5 57.8 63.9 60.6 57.1* 57.4 58.1 56.3

PCoTTA ✗ 58.8 58.4 52.1 62.4 54.6 61.4 49.4 54.9 56.5 59.2 66 62.4 59.6 59.3 60.5 58.4

PCoTTA (Cont. TTA) ✓ 59.1 59.4 52.6 63.1 55.7 61.8 50.7 55.7 57.9 60.1 66.9 63.1 60.6 60.5 61.4 59.2

* indicates that a difference in accuracy > 2% may lead to catastrophic forgetting or error accumulation

** indicates that the accuracy < 2% and resets the model to re-adapt continuously

As shown in Table I, starting with the CIFAR10-C dataset,
TPT shows poor generalization performance. This may be due
to its inability to utilize inter-image relational information,
as each reset is akin to starting anew without accumulating
knowledge from previous scenarios. The TENT method, em-
ploying entropy minimization strategy, already exhibits error
accumulation during single TTA tests, leading to reduced
accuracy. This accumulation effect is more pronounced in
Continual TTA testing, particularly in scenarios like shot and
motion, where accuracy drops by more than 2%. This could
be due to entropy minimization causing the model to be
overly confident in its current predictions, which may lead to
ignoring the true labels and accumulating more errors when
faced with continuously changing scenarios. The Pseudo-
labeling method, while stable in TTA testing, encounters error
accumulation issues in Continual TTA as well. For example,
in the glass scenario of CIFAR10-C, the accuracy for pseudo-
labeling is 48%, but it drops to 46.1% in Continual TTA
testing, suggesting that the model’s reliance on its predictions
may lead to accumulating errors. In contrast, our PCoTTA
method exhibits higher robustness and stability.

On the more complex CIFAR100-C dataset, TENT ex-

periences more severe error accumulation and catastrophic
forgetting, with accuracy dropping to less than 2% in the
zoom scenario, indicating serious catastrophic forgetting. This
may be due to the increased vulnerability of the entropy
minimization strategy without proper regularization measures
as the types of disturbances increase, leading the model to
discard knowledge of old scenes when adapting to new ones.
Moreover, the negative impact of error accumulation is more
pronounced due to the larger number of categories.

On the most challenging ImageNet-C dataset, despite TPT’s
ability to handle more complex situations through image en-
hancement techniques, the performance of TENT and pseudo-
labeling methods further declines due to accumulated errors
in continual adaptation. This underscores the importance of
continual adaptation ability when dealing with large-scale and
complex data. In contrast, our PCoTTA method maintains
a high accuracy of 59.2% in the Continual TTA testing of
ImageNet-C, showing high stability and robustness.

Long-Term Adaptation In Table II, we conducted five
continual rounds of testing for the three conditions of weather
(snow,frost,fog), in order to simulate continuous prolonged
adaptation in realistic scenarios. The results show that the



TABLE II
WE PERFORM FIVE ROUNDS CONTINUAL EVALUATIONS OF THREE TEST CONDITIONS FOR WEATHER IN IMAGENET-C TO EVALUATE LONG-TERM

ADAPTIVE PERFORMANCE. NUMBERS ARE ACCUARCY(%). THE BOLD NUMBER INDICATES BEST RESULT.

t−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−− →

Round 1 2 3 4 5
Mean

Condition Snow Frost Fog Snow Frost Fog Snow Fog Frost Snow Frost Fog Snow Frost Fog

CLIP 53.4 55.3 58.7 53.4 55.3 58.7 53.4 58.7 55.3 53.4 55.3 58.7 53.4 55.3 58.7 55.8
TENT (Cont. TTA) 54.5 55.2 58.2 52.4 54.4 56 48.8 53.5 54.4 44.5 47.4 49.6 32.3 42.5 45.4 49.9

Pseudolabel (Cont. TTA) 53.9 52.6 56.2 52.5 55 57.7 49.5 54.1 55 45.6 47.7 49.8 35.5 43.4 49.8 50.6
TPT 55.2 56.8 59 55.2 56.8 59 55.2 59 56.8 55.2 56.8 59 55.2 56.8 59 57

PCoTTA (Cont. TTA) 54.9 56.9 60.1 55.9 57.1 60.4 56.1 57.4 60.8 56.1 57.5 61 56.3 58 61.4 58

TABLE III
EFFECTS OF THE PCOTTA COMPONENTS. RESULTS ARE AVERAGED OVER

THREE DATASETS

Method CIFAR10-C CIFAR100-C ImageNet-C Average

CLIP 69.7 42.2 57.3 56.4

+Maximum Gradient Search (MGS) 70.1 42.6 58.1 56.9

+Prompt Memory Bank (PMB) 70.8 42.8 58.5 57.4

+MGS +PMB 71.4 43.2 59.2 57.9

Fig. 2. Evaluation of PCoTTA selecting hyperparameters which includes
entropy thershold α, gradient thershold γ and prompt-based memory bank
length on ImageNet-C. Numbers are accuarcy(%)

TENT and pseudo-labeling methods can be stable initially, but
at the beginning of 3 rounds, the prolonged adaptation leads to
the accumulation of errors and reduces the accuracy. Instead,
PCoTTA learns new knowledge during long time adaptation.

Overall, our PCoTTA method enhances CLIP’s general-
ization capabilities across multiple scenarios and maintains
stability during continual adaptation. By utilizing a memory
bank for averaging predictions, PCoTTA retains knowledge
from previous scenarios and accumulates new knowledge
while adapting to new ones, avoiding catastrophic forgetting.

C. Ablation Study

In Table III, we compare the effects of Maximum Gradient
Search (MGS) and Prompt Memory Bank (PMB) within the
PCoTTA framework. The MGS likely enhances the model’s
focus on critical features that are essential during distribu-
tion shifts, while the PMB diversifies the model’s memory,
enabling adaptation to evolving data patterns. Together, they
significantly increase the model’s robustness to the challenges
of continual distribution shifts.

Fig. 3. Ablation experiment for prompt length of 1, 2, 3, 4, 8, 10, 12, 16
on three datasets CIFAR10-C, CIFAR100C and ImageNet-C. Numbers are
accuarcy(%)

In our ablation study illustrated in Figure 2, we investigate
the impact of various hyperparameters. These parameters
include the entropy threshold α, the gradient threshold γ, and
the length of the prompt-based memory bank. In the heatmap,
the accuracy of the model peaks when the γ value is 10, with
a prompt-based memory bank length of 5 and an entropy of
0.2. However, when the length of the prompt-based memory
bank is increased to 20, the accuracy decreases significantly,
suggesting that an increase in memory span does not imply
an increase in performance. Increasing the γ to 100 slightly
decreases the overall accuracy, demonstrating that the gradient
threshold has an impact on performance.

The line graph in Figure 3 compares the effect of prompt
length, with the highest accuracy when prompt length = 4,
while longer prompt lengths instead decrease performance,
suggesting the potential for overfitting when extending the
length of the memory bank.

VI. CONCLUSION AND FUTURE WORK

In this study, we introduce a new Prompt-based Memory
Bank method (PCoTTA) that requires no additional memory,
specifically designed for large-scale vision-language models.
The primary goal is to enhance the model’s robustness against
catastrophic forgetting and error accumulation during contin-
ual test-time updates, especially when dealing with changes
in data distribution. This memory bank approach allows for
smooth updates without the need to load complex teacher-
student models and can rapidly learn new knowledge through
maximized gradient searching. Our PCoTTA method signif-
icantly improves the CLIP model’s zero-shot generalization
performance in the face of real-world distribution shifts and



effectively mitigates issues of catastrophic forgetting and error
accumulation. However, the current research is only focused
on independent distribution shifts. In the future, we plan to
explore the effects of continuous distribution changes and
mixed distributions to further enhance and stabilize CLIP’s
zero-shot generalization capabilities.
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