
Prompt Tuning based Adapter for Vision-Language Model Adaption

Jingchen Sun
University at Buffalo
jsun39@buffalo.edu

Jiayu Qin
University at Buffalo
jiayuqin@buffalo.edu

Zihao Lin
Duke University

zihao.lin@duke.edu

Changyou Chen
University at Buffalo
cchangyou@gmail.com

Abstract

Large pre-trained vision-language (VL) models have
shown significant promise in adapting to various down-
stream tasks. However, fine-tuning the entire network is
challenging due to the massive number of model param-
eters. To address this issue, efficient adaptation methods
such as prompt tuning have been proposed. We explore
the idea of prompt tuning with multi-task pre-trained ini-
tialization and find it can significantly improve model per-
formance. Based on our findings, we introduce a new
model, termed Prompt-Adapter, that combines pre-trained
prompt tunning with an efficient adaptation network. Our
approach beat the state-of-the-art methods in few-shot im-
age classification on the public 11 datasets, especially
in settings with limited data instances such as 1 shot, 2
shots, 4 shots, and 8 shots images. Our proposed method
demonstrates the promise of combining prompt tuning and
parameter-efficient networks for efficient vision-language
model adaptation. The code is publicly available at:
https://github.com/Jingchensun/prompt adapter

1. Introduction

In recent years, there has been a growing interest in de-
veloping Vision-Language (VL) models that can perform
joint reasoning over visual and textual information. Large-
scale VL models, such as CLIP [30] and ALIGN [16],
have shown impressive zero-shot transfer learning ability
on downstream tasks [12, 18], including image classifi-
cation [21, 41, 23] and open-vocabulary object detection
[13, 38, 42, 23]. These models are pre-trained on web-scale
images and text pairs [30] and contain a lot of cross-domain
knowledge. However, adapting these large-scale VL mod-
els to downstream tasks is still quite challenging due to the
size and complexity of the models.

Several methods have been proposed to adapt large pre-
trained VL models. One of the most commonly used meth-
ods is fine-tuning, which involves updating the model’s pa-
rameters on the task-specific dataset. However, fine-tuning
the entire network is computationally expensive and may

lead to overfitting, especially when the target dataset is
small. As an alternative, two methods have been proposed:
prompt tuning [11, 24, 26] and parameter-efficient [22, 15]
tuning. Prompt tuning involves adding an extra set of words
or learnable parameters that are fed into the text encoder,
allowing the model to obtain task-specific outputs. In con-
trast, parameter-efficient tuning involves adding an extra
network or parameters to learn the representation of the
downstream tasks, which reduces the computational cost of
model adaptation.

Prompt learning is a technique used to fine-tune pre-
trained language models for specific downstream tasks. It
involves providing a prompt, which is a natural language
statement or question that constrains the model to generate
a specific output. Prompt learning has shown great promise
in improving the zero-shot transfer learning ability of large-
scale VL models. There are mainly three types of prompt
tuning methods: text prompt tuning, visual prompt tuning,
and unified prompt tuning. The representative work of text
prompt tuning is CoOp [41]. CoOp injects additional text
as input into the text encoder to help guide the model to-
ward the desired output. Visual prompt tuning works, like
VPT [17] and visual prompting [2], by injecting additional
parameters into multiple layers of the vision transformer to
optimize the image features output. Unified prompt tuning
[39] combines text and visual prompts for a better trade-
off between the two. However, prompt-based methods are
highly impacted by the dataset and need longer training time
to achieve optimal results.

Tip-Adapter [40] is a recent method proposed for adapt-
ing the CLIP model to new downstream tasks in a training-
free manner. The approach appends a non-parametric cache
model to the weight-frozen CLIP model, where the cache
model stores few-shot visual features encoded by CLIP and
their ground-truth labels under one-hot encodings. Dur-
ing inference, the cache model is used to retrieve the few-
shot knowledge and incorporate it with CLIP’s pre-trained
knowledge to achieve high performance on downstream
tasks. Tip-Adapter has the advantage of not requiring fine-
tuning or additional training for adapting CLIP to new tasks,
which significantly reduces computational costs. However,
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it has the drawback of relying on manual prompts for the
text encoder, which may not fully capture the knowledge of
the CLIP text encoder.

In this research, we present a novel approach that inte-
grates prompt tuning and parameter-efficient networks to
overcome the limitations of each individual method. Specif-
ically, we propose to generalize the manual prompting
of the Tip-Adapter with learnable prompts adapted from
CoOp’s text prompt. We demonstrate the effectiveness of
our approach in few-shot image classification. Our meth-
ods have two variants called Prompt-Adapter and Prompt-
Adapter-F. Prompt-Adapter is a variant that is only based
on the prior knowledge of pre-trained text prompt and cache
model, it does not need training and can outperform the pre-
vious. Furthermore, we extend Prompt-Adapter by utilizing
a multi-task trained prompt to initialize the text prompt and
achieve a further 1.55% improvement in classification ac-
curacy. For another variant of our work Prompt-Adapter-F,
we train the network with 20 epochs and obtain a 0.49% im-
provement in accuracy compared to previous methods, set-
ting a new state-of-the-art on few-shot classification. Our
results suggest that the integration of prompt tuning and
parameter-efficient networks can enhance the efficiency and
performance of VL model adaptation for image classifica-
tion.

In summary, we propose a novel approach that combines
multi-task pre-trained prompt learning with parameter-
efficient networks to achieve efficient few-shot image clas-
sification. Our contributions include 1) showing the ef-
fectiveness of the multi-task pre-trained prompt mecha-
nism in improving single-task prompt recognition accuracy,
2) proposing a new network architecture that incorporates
prompt learning and a parameter-efficient network, and
3) demonstrating the superiority of our approach through
few-shot image classification experiments on 11 datasets.
The results show that our approach outperforms state-of-
the-art models in terms of accuracy, especially in extreme
situations where data are limited available. Our method
highlights the potential of combining prompt learning and
parameter-efficient networks for efficient vision-language
model adaptation.

2. Related Work

Vision Language Model. Vision and language mod-
els have become increasingly popular in recent years and
have shown remarkable success in various computer vision
tasks [41, 13, 38, 42, 12, 18]. These models typically con-
sist of an image encoder and a text encoder, trained using
contrastive loss on large-scale image-text pairs. CLIP [30]
and ALIGN [16] are some of the most prominent models
in this domain. CLIP (Contrastive Language-Image Pre-
training) is a large-scale vision language model trained on
400 million image-text pairs that have demonstrated im-

pressive transferability in cross-domain downstream tasks.
In this context, our work focuses on transferring CLIP into
11 cross-domain image classification tasks. The integration
of prompt learning-based methods and parameter-efficient
methods has also shown significant improvement in few-
shot performance with small computing resources, making
it an area of active research.

Parameter Tuning Large pre-trained vision language
models like CLIP have achieved state-of-the-art perfor-
mance in various downstream tasks, but their high com-
putational requirements make them difficult to deploy in
resource-constrained environments. To address this issue,
several approaches [22, 10, 40] have been proposed to re-
duce the number of parameters and computations required
for inference while maintaining high accuracy. CLIP-
Adapter [10] appends a lightweight two-layer Multi-Layer
Perceptron (MLP) to the pre-trained weight-fixed CLIP
model and optimizes its parameters via stochastic gradi-
ent descent (SGD). Tip Adapter [40] constructs a non-
parametric cache model that stores features of training im-
ages and their labels as a key-value database. By aggre-
gating the information from the cache model with the text
features, Tip-Adapter significantly boosts the classification
accuracy without training over Zero-shot CLIP. However,
Tip-Adapter still uses the manual Prompt as an image clas-
sifier, which can not fully utilize the huge knowledge of the
text encoder of the CLIP model.

Prompt Tuning Prompt engineering [11, 24, 26] has
been widely used in natural language processing (NLP) to
improve the performance of language models on specific
tasks. A prompt is a piece of text that is added to the in-
put to guide the model toward a particular output. Prompts
can be used to provide additional information to the model,
such as a task description or a set of constraints. Prompt
engineering involves designing effective prompts that can
guide the model toward the desired output. For example, by
feeding a manual text prompt ”a photo of a {}” to the text
encoder [30], the CLIP model has shown strong zero-shot
image recognization ability.

Meanwhile, prompt tuning aims to learn an optimal
prompt automatically through fine-tuning or meta-learning.
In recent studies, several methods have been proposed to
improve the efficiency and effectiveness of prompt engi-
neering and learning. For example, CoOp [41] introduced
a collaborative optimization method that jointly optimizes
prompts and model parameters. On the other hand, Vi-
sual Prompt Tuning (VPT) [17] uses a visual prompt that
is tailored to the image input, improving the model’s per-
formance on image classification tasks. Unified Prompt
Tuning (UPT) [39] is a recent method that learns a uni-
fied prompt for multiple tasks, which leads to better per-
formance in downstream tasks. These methods have shown
promising results in improving the performance of vision



and language models, and we aim to build upon their suc-
cess in our work.

Few-shot Learning Few-shot learning has been a chal-
lenging research topic in image classification, where the ob-
jective is to recognize novel classes from only a few training
examples [8, 36, 1, 25]. This problem has garnered signif-
icant attention in the computer vision community, as it is
more realistic and practical in many real-world scenarios
where labeled data is scarce or costly to obtain. In recent
years, various methods have been proposed for few-shot im-
age classification.

One of the earliest approaches for few-shot learning was
Siamese neural networks [19], which used a distance metric
to compare images and learn to distinguish between classes.
Later, the idea of meta-learning was introduced [31], which
trains a model to learn how to learn from few examples.
This approach led to the development of popular few-shot
learning algorithms like Matching Networks [4], Prototyp-
ical Networks [33, 7], and Relation Networks [35]. These
methods have shown promising results on various bench-
mark datasets, but they usually rely on simple feature ex-
tractors and do not scale well to large-scale image classifi-
cation problems.

Recently, CLIP’s [30] ability to jointly reason about
text and images has inspired a new line of research on
few-shot learning for vision and language models. Var-
ious adaptation methods, such as CoOp [41], UPT [39],
and Tip-Adapter [40] have been proposed to fine-tune
the CLIP model on few-shot datasets. These methods
have achieved state-of-the-art results on several benchmark
datasets, demonstrating the effectiveness of adapting large-
scale vision and language models to few-shot learning tasks.

3. Method

We first revisit the CLIP, CoOp, and Tip-Adapter in Sec-
tion 3.1, then present the technical details of our proposed
method in Section 3.2.

3.1. Preliminaries

CLIP [30] model is a large-scale neural network model,
which is trained on a diverse set of image-text pairs to learn
the relationship between the visual and textual features. Un-
like traditional vision models, CLIP leverages the massive
amount of textual and visual information available on the
internet to learn more robust and accurate representations.

The CLIP model consists of two encoders: an image en-
coder and a text encoder, which are trained together using
contrastive loss to project images and the corresponding text
descriptions into a common embedding space. CLIP jointly
trains an image encoder  and a text encoder � and uses a
symmetric contrastive loss to match the batch of image-text
pairs. The training objective LCLIP is:

LCLIP = Li2t + Lt2i (1)

with Li2t representing an image-to-text contrastive loss and
Lt2i a text-to-image contrastive loss. The contrastive loss is
calculated as follows:

Li2t = �
X

i✏ß

log
exp (cos (ui, vi)/⌧)P
j✏ß exp (cos (ui, vj)/⌧)

(2)

Lt2i = �
X

j✏ß

log
exp (cos (uj , vj)/⌧)P
j✏ß exp (cos (ui, vj)/⌧)

(3)

where u =  (x) represents the projection of image x to the
final hidden space, v = �(y) indicates the projection of text
y to the final embedding. cos denotes the cosine similarity;
⌧ is a learnable temperature value.

The joint contrastive learning allows the CLIP to learn to
associate textual descriptions with visual features, enabling
it to perform a variety of tasks such as image classification
[21], object detection [42, 13], segmentation [12], etc.

CoOp Context Optimization [41] is a simple approach
that is specifically designed for adapting large-scale vision-
language models for downstream image recognition tasks.
CoOp is built on the principle of optimizing the context,
or prompt, to improve the model’s ability to recognize im-
ages. The method is based on the insight that the context
or prompt can significantly impact the performance of the
model. CoOp aims to find the optimal prompt by iteratively
refining it based on the performance of the model on the
downstream task.

CoOp utilized a number of unified contexts to model
context words with continuous vectors for downstream im-
age recognition. It is the first prompt-based network used
in the CLIP model adapting. They designed the unified
context vectors in the text encoder of the CLIP model and
shares the same context with all classes. The prompt given
to the text encoder g (·) is designed with the following form,

t = [V]1[V]2...[V]M [Class] (4)

where each [V]1[V]2...[V]M is a vector with the same
dimension as word embeddings (i.e., 512 for CLIP), and
M is a hyperparameter determining the number of con-
text tokens. The CoOp approach has demonstrated impres-
sive results in adapting CLIP-like vision-language models
for downstream image recognition through its use of text
prompt learning vectors. Despite this, one of the major
drawbacks of CoOp is its relatively long training time, typ-
ically requiring 200 epochs to achieve optimal performance
compared to other methods. Therefore, there is a need for
further research to explore ways to reduce the training time
of CoOp while maintaining its effectiveness in adapting
large vision-language models.
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Figure 1. An illustration of our method Prompt Adapter. The learned prompt and the class name are sent to the frozen CLIP text encoder.
While the test images are sent to the frozen CLIP image encoder. The Gclip is obtained by calculating the cosine similarity between text
embeddings and image features. Further, the Gcache is obtained by the cache model. The Final logit Gfinal is a linear combination of Gcache

and Gclip. The Gfinal is used to classify the images.

Tip-Adapter [40] is a recent parameter-efficient ap-
proach for adapting CLIP-like vision-language models
to downstream image recognition tasks. Unlike tradi-
tional fine-tuning methods, Tip-Adapter constructs a non-
parametric cache model that stores the features of train-
ing images and their corresponding labels as a key-value
database. Given K-shot images with N -class training sam-
ples, we use IK to represent the image features of K-shot
images and LN to represent their labels. The key in Tip-
Adapter is the pre-trained N ⇤ K image feature Ftrain ex-
tracted by the CLIP image encoder, while the value is an
N -dimensional one-hot vector Ltrain, which represents the
ground truth label. The Ftrain and Ltrain are represented by:

Ftrain = VisualEncoder(IK) (5)

Ltrain = OneHot(LN ) (6)

After constructing the cache model, the adaption of CLIP
can be simply achieved by two matrix-vector multiplica-
tions ftestFtrain. The term ftestFT

train is equivalent to the co-
sine similarities between test feature ftest and all few-shot
training features Ftrain. Then, the prediction for the cache
model can be obtained via a linear combination of cached
values weighted ALtrain and the original CLIP logits. The A
is calculated as:

A = exp (��(1� ftestFT
train)) (7)

and the final output logits of the test image by Tip-
Adapter are then calculated as:

Logits = ↵(A)Ltrain + ftestW
T
c (8)

By aggregating the information from the cache model
with the text features, Tip-Adapter can significantly boost

classification accuracy without the need for further train-
ing on the CLIP model. This approach leverages the prior
knowledge encoded in CLIP by feature retrieval and can in-
corporate new knowledge from the few-shot training set.

When given more shots, Tip-Adapter lags behind the
training-required methods without training. Thus the author
proposed an augmented version called Tip-Adapter-F [40],
which treats the keys in the cache model as learnable param-
eters, and fine-tunes them via SGD. Tip-Adapter-F achieves
state-of-the-art performance on the few-shot adapting of the
CLIP model. However, Tip-Adapter still relies on man-
ual prompts as image classifiers, limiting its ability to fully
utilize the vast knowledge of the text encoder of the CLIP
model.

3.2. Our Method

Tip-Adapter represents the state-of-the-art few-shot
learning approach for CLIP-based vision-language models.
However, it still relies on manual prompts for image clas-
sification and is limited in its ability to fully utilize the
vast knowledge of the CLIP text encoder. Our proposed
Prompt-Adapter overcomes this limitation by incorporating
text prompt learning with Tip-Adapter, which can achieve
better few-shot learning performance. As shown in Figure
1, our Prompt-Adapter adopts a similar network structure
as Tip-Adapter but replaces the original manual prompt ”a
photo of a ” with learnable vectors [V]1[V]2...[V]M . By do-
ing so, our approach can optimize the text prompt to better
capture the essential features of the few-shot training set and
improve classification accuracy.

Our Prompt-Adapter has two variants. One is the
training-free variant, denoted as Prompt-Adapter; and the
other is the learnable variant, denoted as Prompt-Adapter-F.

In Prompt-Adapter, we do not need the training phase,



and only rely on the cache model and fixed prompt. We first
construct the cache model with the few-shot train images
and the one-hot ground truth label. And then we directly
use the learned prompt from CoOp.

When testing the model, the learned prompt and class
names are sent to the text encoder to obtain the text em-
beddings ftext. And in the image branch, the test images are
sent to the CLIP image encoder and obtained image features
fimage test. Then we calculate the clip logits Gclip, which is
the cosine similarity between ftext and fimage test, given by:

Gclip = ftext · fimage test (9)

The clip logits Gclip can be used to select the most matched
image and label pairs for classification. In practice, we do
not only rely on the clip logits to classify images. Thus, we
further calculate the cache logits Gcache, which is the cosine
similarity between the test image features and the cached
image features. The cache logits is given by:

Gcache = exp (��(1� fimage test · FT
image train))Ltrain (10)

where Fimage train and Ltrain represent the train images and the
one-hot labels in the cache model. And fimage test ·Fimage train
represent the cosine similarity between test image features
and trained image features; an exponential function is ap-
plied to convert similarities into positive values; and �
stands for a modulating hyperparameter to control the de-
gree of sharpness [40]. The final logits are a linear combi-
nation of cache logits and clip logits, given by:

Gfinal = ↵ ·Gcache +Gclip (11)

where ↵ is the weight coefficient to balance the information
from the training data and the prior knowledge of the CLIP
model [40]. The final Logits can be used to select the most
matched image and text pairs. Thus we can use the final
Logits to realize image classification.

In Prompt-Adapter-F , the image features in the cache
model are learnable. There are training phases and test
phases in the method. In the training phase, training im-
ages are sent to the image encoder, and the output of the
image encoder is denoted as fimage train. The cache logits is
adapted to:

Gcache = exp (��(1� fimage train · FT
✓ ))Ltrain (12)

where F✓ represents the learned parameters of cache fea-
tures. The final logits of the Prompt Adapter F are the
same as equation 11. Thus, the learned parameters can be
optimized by the cross-entropy loss, here GTarget refers to
ground truth label logits:

Lprompt adapter = CE(Gfinal, GTarget) (13)

where CE represents the cross entropy loss function. When
training Prompt-Adapter-F, two learnable parameters are

present in the network: the text prompt [V]1[V]2...[V]M and
the cache features F✓. To optimize these parameters, we
employ two different strategies: the separately optimized
strategy and the joint optimization strategy. In the sepa-
rately optimized strategy, we first optimize the text prompt.
Specifically, the learnable vectors [V]1[V]2...[V]M are opti-
mized by the cross entropy loss function between clip logits
and ground truth labels. The loss function Lprompt is given
by:

Lprompt = CE(Gclip, GTarget) (14)

After we trained the prompt, we froze the parameters of
the text prompt, and then optimize F✓ until we obtain the
best performance. On the other hand, the joint optimiza-
tion strategy directly optimizes the final output logits Gfinal.
Because Gfinal is a linear combination with the clip logits
Gclip and the cache logits Gcache. When we use the cross-
entropy function to optimize the final output logits, the op-
timizer will automatically update the parameter in the text
prompt and the cache features at the same time. Results
from our ablation study will show that the separately opti-
mized strategy performs better than the joint optimization
strategy. Hence, we use the separately optimized strategy
as the default strategy in our experiment.

Multi-task Initialization An important phenomenon we
found is that the prompt initialization method has a signif-
icant impact on the performance of the model. Our default
initialization approach involves randomly initializing the
text prompt and using few-shot images and labels to train
the prompt. To improve model performance, inspired by
previous works [32], we first use 11 datasets as the source
tasks, we train the shareable prompt among the 11 datasets.
And then we use the shareable prompt as initialization and
adapt the network to a single task. For the single-task
prompt learning, we directly optimize the prompt with the
cross-entropy loss function of each task. Once the sign-task
prompt is learned, the single-task prompt will be used as the
final text prompt in our network.

4. Experiment

To comprehensively compare our methods with other
works, we first conducted detailed experiments for 20-shot
image classification, where there are only 20 labeled exam-
ples available for each class. Then, we extended the exper-
iment set to include results for 1, 2, 4, 8, and 16 shots. Fi-
nally, we performed an ablation study to investigate the ef-
fects of different initialization methods and training strate-
gies on the performance of the network.

4.1. Few Shot Image Classfication

Datasets. Following previous works such as CoOp [41]
and Tip-Adapter [40], we use 11 publicly available im-



age classification datasets. These datasets include Ima-
geNet [6], Caltech101 [9], OxfordPets [29], StanfordCars
[20], Flowers102 [28], Food101 [3], FGVCAircraft [27],
SUN397 [37], DTD [5], EuroSAT [14], and UCF101 [14].
By selecting a diverse range of datasets, we aimed to ensure
that the evaluation was comprehensive and our methods can
generalize across different domains.

ImageNet [6] is a massive dataset containing over 14
million images with more than 20,000 object categories.
Caltech101 [9] is a smaller dataset consisting of 101 object
categories, containing about 9,000 images. The OxfordPets
[29] dataset includes over 7,000 images of pets in various
categories, such as cats, dogs, and birds. StanfordCars [20]
is a dataset of cars consisting of over 16,000 images of 196
car models. Flowers102 [28] is a dataset with over 8,000
flower images in 102 categories. Food101 [3] is a dataset
consisting of 101 food categories, including pizza, sushi,
and burgers. FGVCAircraft [27] is a dataset containing over
10,000 images of aircraft, including commercial and mili-
tary planes. SUN397 [37] is a scene recognition dataset
that includes over 130,000 images of indoor and outdoor
scenes. DTD (Descriptive Textures) [5] is a dataset with 47
texture categories, including fabrics, tiles, and plants. Eu-
roSAT [14] is a dataset with 27,000 satellite images of ten
land-use classes. Finally, UCF101 [34] is a dataset with
13,000 videos in 101 action categories, such as playing bas-
ketball or brushing teeth. Table 1 is the statistics of these 11
datasets.

Table 1. The statistics of these 11 image classification datasets.
classes train val test

Oxford Pets 37 2,944 736 3,669
Flowers102 102 4,093 1,633 2,463
Fgvc Aircraft 100 3,334 3,333 3,333
Describable Textures 47 2,820 1,128 1,692
Eurosat 10 13,500 5,400 8,100
Stanford Cars 196 6,509 1,635 8,041
Food101 101 50,500 20,200 30,300
Sun397 397 15,880 3,970 19,850
Caltech101 100 4,128 1,649 2,465
Ucf101 101 7,639 1,898 3,783
ImageNet 1,000 1.28M N/A 50,000

Training Details. When training the learned prompt
[V]1[V]2...[V]M , the maximum training epoch of the Ima-
geNet dataset is fixed at 50. While for the other 10 datasets,
the maximum training epoch is set to 200 epochs for 16/8
shots, 100 epochs for 4/2 shots, and 50 epochs for 1 shot.
The optimizer is SGD and the learning rate is 0.002 with
batch size 32. And the learning rate is scheduled by the
cosine annealing rule. We follow all other settings as the
default settings in CoOp [41] for fairly comparing.

While training for the cache features F✓, we follow
the default settings on Tip-Adapter [40] and set 100-epoch

training for the EuroSAT dataset and only 20-epoch training
for the other 10 datasets. All the experiments are done on
1, 2, 4, 8, 16, and 20 shots training sets, and test on the full
test sets. The initial learning rate is 0.001 with a batch size
of 256, and the AdamW optimizer with a cosine scheduler.

Baseline. We compare our method with various exist-
ing methods to evaluate its effectiveness. In particular, we
use the following five methods as baselines for comparison
purposes: 1) Zero-shot CLIP [30]: This baseline method re-
lies solely on the CLIP model without any parameter fine-
tuning. The hand-crafted text prompt template ”a photo of
a {}” is used as the text encoder input. 2) Linear-probe
CLIP [30]: This method involves adding an additional lin-
ear classifier on top of the feature extraction layer of the
frozen CLIP model. The classifier is trained on a few-shot
training set to learn the corresponding labels. 3) CoOp [41]:
This method aims to optimize the learnable vectors as the
text prompt. Specifically, it employs a context optimization
technique to improve the performance of the CLIP model.
4) UPT [39]: This method presents a unified text and vi-
sual prompt tuning approach. It employs a lightweight self-
attention network to generate the prompt for CLIP’s text and
visual encoders. 5) Tip-Adapter [40]: This method is based
on a key-value cache model that stores and retrieves knowl-
edge. It is a training-free adaptation method that enables
parameter-efficient adaptation of large vision and language
models.

For fair comparisons, we use the same backbone with
ViT-B16, and data preprocessing with CLIP. We report the
average results of three random seed-running experiments
to reduce variance and increase result robustness. In addi-
tion, we adopt the default settings for each baseline method
as described in the original papers.

Few-shot Learning Results We first report results
on the 20-shot image setting for the Prompt-Adapter net-
work. After training, we freeze the prompt and fine-
tune the learnable cache features. We also use 20-shot
images to train other baseline methods. The evaluation
results are presented in Table 2, which shows that our
Prompt Adapter achieves an average classification accuracy
of 78.44%, which is 1.1% higher than the Tip-Adapter’s
(77.35%) accuracy. This improvement can be attributed
to the pre-trained prompt that contains rich text knowl-
edge. Furthermore, when finetuning the learnable cache
features with Prompt-Adapter-F, the classification accuracy
reaches 81.52%, which is 0.06% higher than Tip-Adapter-
F’s (81.46%) and Unified Prompt Learning’s (81.44%) ac-
curacy. Remarkably, our Prompt-Adapter-F outperforms
the current state-of-the-art methods even when trained on
20-shot images.

For experiments with 1, 2, 4, and 8, 16 shot settings, we
plot out the learning curves for different methods in Figure
2. By looking at the average results over 11 datasets, we



Table 2. Few-shots image classification for different methods.
Oxford pets Flowers102 FGVCAircraft DTD EuroSAT StanfordCars Food101 SUN397 caltech101 ucf101 ImageNet Average

Zero-Shot Clip 89.13 70.65 24.87 44.03 48.26 65.55 85.88 62.58 93.27 67.70 68.79 65.52
CoCp 91.53 96.40 40.30 69.47 84.00 79.20 85.00 74.43 95.70 82.40 71.60 79.09
Tip-Adapter 91.88 94.60 39.96 66.08 78.01 75.39 86.45 71.94 95.09 78.51 70.32 77.11
Prompt-Adapter 88.12 96.55 43.08 70.33 82.86 79.49 83.76 72.91 94.93 80.23 70.63 78.44

Tip-Adapter-F 93.08 96.31 45.45 71.93 87.43 83.82 87.38 76.30 95.94 85.01 73.45 81.46
Unifed Prompt Tunning 92.95 97.11 46.80 70.65 90.51 84.33 85.00 75.92 95.94 84.03 72.63 81.44
Prompt-Adapter-F 92.40 98.05 49.08 71.45 87.56 83.39 86.96 75.81 95.66 83.95 72.36 81.52

Figure 2. Few-shot image classification of 11 datasets.



Table 3. Ablation study of different initialization ways for prompt learning.
Oxford Pets Flowers102 FGVCAircraft DTD EuroSAT StanfordCars Food101 SUN397 Caltech101 UCF101 ImageNet Average

Handcrafted prompt 89.21 71.34 24.72 44.39 47.60 65.32 86.06 62.50 92.94 66.75 66.73 65.23
Random initialization 92.53 96.47 42.91 68.50 80.87 83.09 87.21 75.29 95.77 82.24 71.92 79.71
Mannul initialization 91.53 96.40 40.30 69.47 84.00 79.20 85.00 74.43 95.70 82.40 71.60 79.09
Pretrained initization 91.74 97.20 44.91 70.21 86.02 82.20 87.37 75.78 95.98 83.45 72.23 80.64

Table 4. Ablation study of training strategies.
Oxford Pets Flowers102 FGVCAircraft DTD EuroSAT StanfordCars Food101 SUN397 Caltech101 UCF101 Average

Joint Training Prompt-Adapter-F 76.25 84.37 33.61 62.40 76.68 55.42 60.73 63.90 84.13 75.53 67.30
Separate Training Prompt-Adapter-F 91.66 97.89 48.39 71.28 85.37 82.91 86.35 75.56 95.74 84.43 81.96

find that our method Prompt-Adapter-F achieves the high-
est accuracy among all the few-shot settings. Specifically,
our method outperforms CoOp [41], UPT [39], and Tip-
Adapter-F [40] in the 1-shot, 2 shots, 4 shots, and 8 shots
experiments. These results indicate that our method can ef-
fectively handle scenarios with extremely limited data avail-
ability. Notably, our method has demonstrated superior per-
formance compared to UPT [39]. Because UPT needs 200
epochs of training time to achieve such performance while
our method only needs 20 epochs of training time. This phe-
nomenon further highlighting the efficacy of our approach.
These findings support the claim that our Prompt Adapter
approach is a promising technique for few-shot image clas-
sification tasks.

In addition to achieving high accuracy on the average
classification accuracy across 11 datasets, our method also
outperforms other state-of-the-art methods on individual
datasets. Specifically, on datasets such as Flowers102 [28],
FGVCAircraft [27], DTD [5], StanfordCars [20], Food101
[3], SUN397 [37], Caltech101 [9], and UCF101 [34], the
proposed Prompt-Adapter-F demonstrates superior perfor-
mance compared to other methods by significant margins.
Only on some datasets like EuroSAT [14] and OxfordPets
[29] our method has some slight decreases in accuracy com-
pared with other methods. We claim the reason may be
these two datasets have high intra-class visual feature vari-
ance [39], making text prompt adaption difficult.

In summary, the experimental results demonstrate that
our Prompt-Adapter approach is effective and robust for
few-shot image classification tasks. The pre-trained prompt
and learnable cache features synergistically contribute to
the superior performance of our method.

4.2. Ablation Study

In this study, we investigate the effect of initialization
and training strategies on the performance of a neural net-
work designed for language generation tasks. Specifically,
we evaluate three different initialization methods and two
training strategies for the network.

Regarding the initialized way of the prompt, we test three
methods, including random initialization, manual initializa-
tion, and pre-trained prompt initialization. Manual initial-

ization means using the embeddings of “a photo of a” to ini-
tialize the context vectors [41]. Both random initialization
and manual initialization are single-task initialization ways.
And we select the handcraftd prompt as a baseline to com-
pare with. Our results in Table 3 indicate that pre-trained
prompt initialization achieves 80.64% accuracy, and outper-
form the other methods on all three settings. This method
involves first training the prompt on multiple datasets to
learn the joint representation of the prompt and then adapt-
ing it to single-task training. The superiority of this method
suggests that pre-training the prompt can effectively cap-
ture the underlying features of the language and enhance
the model’s performance.

In terms of the training strategy of the network, we em-
ploy two approaches, namely joint training and separate
training. Our results in Tabel 4 reveal that separate train-
ing achieved 81.96% accuracy on average, better than joint
training on the tested datasets. This finding can be attributed
to the fact that joint training tends to balance the learnable
prompt and learnable cache features, which may lead to a
degradation in prompt learning. On the other hand, separate
training can better capture the prompt features and enhance
the model’s ability to generate high-quality language.

Overall, our study provides insights into the impact of
initialization and training strategies on the performance of
neural networks for language generation tasks. The results
highlight the importance of pre-training the prompt and sep-
arate training strategy.

5. Conclusion

Based on the results of our study, we conclude that the
proposed prompt-based adaptation method is an effective
approach for efficiently adapting large vision and language
models to downstream tasks. By leveraging the strong fea-
ture prior knowledge from the cache model and learned
text prompt, our method outperforms state-of-the-art ap-
proaches on 11 few shots image classification tasks. We
believe that our findings can contribute to the community’s
ongoing efforts to improve the efficiency and effectiveness
of vision and language models for a wide range of down-
stream tasks.
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