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Abstract—With the rapid development of artificial intelligence, 

the application of deep learning models has matured, but it 

requires large datasets to improve accuracy and generalization. 

To reduce reliance on large datasets, this study focuses on few-shot 

learning based on OpenAI's Contrastive Language-Image Pre-

Training (CLIP) model and adapter technology. Unlike traditional 

transfer learning, this method does not require fine-tuning the 

model but instead combines newly learned image features with 

existing model features through adapters. The results demonstrate 

that the proposed method achieved excellent accuracy across 

multiple validation sets, particularly on the Describable Textures 

Dataset (DTD), improving from 67.53% to 75.51%, thereby 

reducing the need for training resources. 

 

Keywords—Few-shot learning; Zero-shot learning; Deep learning; 

Machine learning. 

I. INTRODUCTION  

Artificial intelligence has rapidly advanced in the fields of 
vision, audio, and natural language. However, training practical 
models usually requires large amounts of data, leading to 
challenges with insufficient datasets. Even with powerful 
models, a lack of comprehensive datasets can limit their 
effectiveness. Additionally, fine-tuning large models requires 
substantial computational resources and can lead to overfitting. 
With the development of large models like CLIP [1], Segment 
Anything Model (SAM) [2], and Vision Transformer (ViT) [5] 
models with zero-shot learning capabilities can address many 
downstream tasks. This paper explores the technique of 
combining the CLIP model, used as the backbone network, with 
adapter neural networks for fine-tuning to achieve few-shot 
classification. This approach reduces data requirements and 
training resources, avoids overfitting, and enhances cost-
effectiveness in enterprise applications. 

The remainder of this paper is organized as follows. Section 
II provides a review of related work. Section III describes the 
proposed method. Section IV presents the experimental results. 
Section V concludes the paper. 

II. RELATED WORK 

A. CLIP 

CLIP is a multimodal model developed by OpenAI. This 
model is pre-trained on a large-scale dataset of image-text pairs 
using a contrastive learning method [9], enabling it to process 
both textual and visual data simultaneously. Its main advantage 
lies in its ability to learn general representations for both images 
and text, allowing it to excel in a wide variety of tasks. The 
primary strength of the CLIP model is its powerful zero-shot 

learning capability, which enables efficient classification and 
retrieval even in the absence of labeled data. Additionally, 
CLIP's multimodal nature allows it to establish connections 
between images and text, making it highly valuable for 
application scenarios that require handling multiple data forms 
simultaneously. Typical applications include image 
classification, image-text retrieval, and image generation. 

B. Adapter 

A lightweight neural network structure is typically used to 
add new learning capabilities to pre-trained models. The 
original backbone network is frozen, and only the external 
network is trained, eliminating the need to retrain the entire 
model. This approach allows for the preservation of the pre-
trained model's knowledge while enabling efficient learning 
with limited data. Adapters usually consist of a small fully 
connected layer or MultiLayer Perceptron (MLP) placed 
between specific layers of the pre-trained model. These adapter 
modules receive inputs from the pre-trained model during the 
forward propagation process, generate new features after the 
adapter's computation, and combine these features with the 
original ones. This way, the adapter can learn the feature 
representations needed for new tasks without altering the 
original features of the pre-trained model. Another important 
application of adapters is reducing the risk of overfitting. Since 
the number of parameters in adapters is relatively small, they 
effectively mitigate overfitting issues on small datasets. This 
technique also significantly reduces the model's training time 
and resource requirements, making it particularly suitable for 
resource-constrained applications. Initially applied in Natural 
Language Processing (NLP) [11] domain, it has also been 
proven effective in the computer vision field [10], such as the 
SAM adapter [12]. 

C. Embedding learning 

In few-shot classification tasks, one of the methods is 
embedding learning [13], where some samples x from the 
training dataset are passed through a neural network f(x) for 
feature extraction and converted into a vector. This process can 
be seen as transforming an image from a high-dimensional 
space to a low-dimensional space, where the similarity between 
classes is easier to discern. Additionally, another network g() 
can be trained to function similarly to f(), converting high-
dimensional images into low-dimensional vectors. The 
classification is then performed by comparing the similarity 
between this vector and the class vector. 
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D. Transformer 

The Transformer [7] is a neural network architecture based 
on self-attention mechanisms, introduced in 2017 and widely 
adopted in sequence modeling tasks. In the field of NLP [6], the 
introduction of the Transformer model has brought significant 
advancements. Traditionally, Long Short-Term Memory 
networks (LSTM) [4] and Recurrent Neural Networks (RNN) 
[3] were widely used for processing sequential data. However, 
these models have limitations when dealing with long-range 
dependencies. Additionally, autoregressive models have 
important applications in text generation, and the Transformer 
has improved upon these foundations. The self-attention 
mechanism of the Transformer allows for parallel processing of 
entire sequences, overcoming the serial computation limitations 
of RNNs, thereby significantly improving computational 
efficiency and performance. The application range of 
Transformers is extensive, including various NLP tasks such as 
machine translation, text generation [24], semantic analysis 
[25], text summarization [26], and question-answering systems. 
Furthermore, in the field of computer vision, following ResNet 
[8], the Transformer has also demonstrated strong capabilities. 
The ViT applies the Transformer's self-attention mechanism to 
tasks, such as image classification [5], object detection [27], 
and image segmentation [28], achieving remarkable results. 
These applications showcase the flexibility and superiority of 
the Transformer model in handling different data types and 
application scenarios. 

E. Tip-Adapter [21] 

The traditional CLIP-Adapter [20] integrates new 
knowledge with CLIP's pre-trained knowledge by fine-tuning a 
lightweight residual feature [8] adapter connected to the pre-
trained CLIP model. This architecture allows the model to 
combine newly learned features with the existing visual 
representations of CLIP. Specifically, when an image is input, 
CLIP's visual encoder first extracts its features, which are then 
passed through the lightweight adapter to generate updated 
feature representations. These updated features are fused with 
the original CLIP features via residual connections, thus 
effectively combining new knowledge with pre-trained 
knowledge, significantly improving the performance of few-
shot classification. Tip-Adapter is a training-free variant of 
CLIP-Adapter designed to enhance the performance of the 
CLIP model in few-shot classification tasks by using image 
cache. The principle involves constructing an image cache with 
a small number of images, storing the feature vectors of these 
images along with their corresponding labels in the cache. 
During inference, the model does not require additional 
parameter updates but instead makes classification decisions by 
retrieving features from the cache. The advantage of this 
method lies in its ability to quickly adapt to new tasks by 
leveraging the pre-trained knowledge of the CLIP model and 
performing lightweight feature adjustments with a small 
amount of few-shot data. 

III. METHOD 

A. Basical Setup 

This study was conducted using Python 3.11.6 and PyTorch 
2.1.2 for model development, and training was performed on an 

NVIDIA GeForce GTX 1080 Ti GPU. All experiments were 
conducted on the Ubuntu 20.04.1 LTS operating system. 

B. Data Augmentation 

During the adapter training, a series of data augmentation 
techniques were introduced to preprocess the dataset, including 
cropping, rotation, adding various types of noise, etc. These 
methods are common and effective data augmentation 
techniques that enhance the model's generalization ability and 
improve its robustness. After experimentation, the method 
finally chosen in this paper was to increase image contrast, as 
described in (1): 

 𝐼′(𝑥, 𝑦) = 𝛼(𝐼(𝑥, 𝑦) − 𝜇) + 𝜇 () 

In this paper, we use the following variables to describe the 
process of adjusting image contrast. Let 𝐼(𝑥, 𝑦)represent the 
brightness value of the original image at position (𝑥, 𝑦), and 
I′(x,y) represent the brightness value of the image after contrast 
adjustment at position (𝑥, 𝑦). Here, α is the contrast adjustment 
coefficient. When 𝛼 > 1, the contrast increases; μ is the mean 
brightness value, as shown in (2):  

                           𝜇 =
1

𝑀𝑁
∑ ∑ 𝐼(𝑥, 𝑦) 𝑁

𝑦=1
𝑀
𝑥=1                      (2)  

μ is used to maintain the overall brightness of the image, where 
M and N represent the width and height of the image, 
respectively. In this paper, α is set to 2, and the enhanced image 
is shown in Figure 1. Contrast enhancement is a simple and 
effective data augmentation method. Many studies have 
demonstrated that it can significantly improve the model's 
ability to recognize low-contrast images. 

In addition, Gaussian noise was applied for data 
augmentation. This method perturbs images with zero-mean 
Gaussian noise of standard deviation σ, as formulated in (3).  

                            𝐼′(𝑥, 𝑦) = 𝐼(𝑥, 𝑦) + 𝑁(0, 𝜎2)                    () 

Here, N(0, 𝜎2) represents Gaussian noise with a mean of 0 and 

a variance of 𝜎2 . In this paper, 𝜎2 is set to a random value 

between 25 and 75. By adding Gaussian noise to the images, 

we can simulate more real-world scenarios, further enhancing 

the model's generalization ability and robustness.  
 

 
 

 

 

 

 

 

 
 

Figure 1. Comparison of Contrast Enhancement: Left (Original data from 

Oxfordflower 17  [14]) and Right (Enhanced in this paper).  
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Figure 2. Effect of Gaussian Noise Augmentation, Original Data from 

Oxfordflower 17 [14]. 

The addition of Gaussian noise is illustrated in Figure 2. The 
augmentation effect of Gaussian noise on the image dataset has 
also been widely studied and proven. We will increase the 
number of samples in the training dataset to twice the original 
amount. 

C. Image cache 

Assume the training dataset has N classes. Let 𝐼𝑖𝑗
 represent 

a randomly selected image from the 𝑖𝑡ℎ  class in the training 
dataset, with 𝑖 serving as the key for that image. The selected 
image 𝐼𝑖𝑗

 is then input into our CLIP image encoder, which 

outputs a 512-dimensional vector 𝑓𝑜(𝐼𝑖𝑗
) . Using the output 

vector 𝑓𝑜(𝐼𝑖𝑗
), we construct an image cache according to the 

classes, as shown in Figure 3. After feature extraction, the 
training images are stored as key-value pairs in a database. By 
applying the t-SNE [19] dimensionality reduction technique, 
we can visualize the distribution of different classes in the 
space, as illustrated in Figure 4, using 17 classes of images from 
Oxford Flower 102 to build the image cache. This is the starting 
point of this paper: using these distributions for classification. 
In our experimental design, we observe from the TIP-Adapter 
that the accuracy improves as the number of images increases. 
Therefore, we directly select 16 images per class to construct 
this cache. If there are N classes, the cache can be represented 
as a matrix of size [16×N, 512]. Cache models have been 
applied to improve some issues in NLP field, such as Knn-LMs 
[23], which also demonstrate the power of cache models. This 
approach allows for the initial rapid categorization of targets, 
further enhancing the adaptability and flexibility of the model. 

There are several advantages to using this method within 
our model. Since the dataset contains a limited number of 
samples, a small amount of data can be used to construct this 
cache. Directly using a complex neural network could easily 
lead to overfitting. Therefore, we use the vectors generated by 
the CLIP image encoder, which has strong generalization 
capabilities. Similar vectors tend to cluster in closer regions 
within the space. By leveraging this characteristic, we avoid 
overfitting, reduce the impact of outliers, and decrease the 
number of learnable parameters, thereby increasing training 
speed. 

 

 
Figure 3. Image Cache Example Diagram. 

 
Figure 4. t-SNE Visualization of Oxford17 Data. 

D. Image adapter 

To make the CLIP model more effective in few-shot 
classification, this study introduces an adapter architecture as 
an external framework for the model. Adapters were initially 
used for fine-tuning in the natural language processing (NLP) 
domain and have since been widely applied across various deep 
learning fields. Unlike traditional deep learning neural 
networks, this method significantly reduces the number of 
training parameters and training time. It preserves the 
complexity of the original network while avoiding overfitting, 
which can occur when the amount of data is too small. The 
adapter achieves model fine-tuning by inserting lightweight 
parameter layers into the pre-trained model, without requiring 
extensive parameter updates across the entire network. In this 
paper, the adapter consists of a two-layer fully connected MLP 
with the activation function ReLU. The vectors 𝑓𝑜 , obtained by 
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passing images through the image encoder, are used as training 
data to train the MLP. The parameters of the MLP are 512×128 
and 128×512, respectively, which can be represented as shown 
in (4): 

 𝑓𝑥 = W2𝑅𝑒𝐿𝑈(𝑊1𝑓𝑣 + 𝑏1) + 𝑏2. () 

W1 and W2 are the weight matrices from the input layer to the 
hidden layer and from the hidden layer to the output layer, 
respectively. b1 and b2 are the bias vectors. We only train the 
adapter, freezing all the parameters of the image encoder, which 
reduces our training parameters to just those of the fully 
connected layers. During the training phase, our architecture is 
illustrated in Figure 5, and the following sections will introduce 
the process in sequence. 

 
Figure 5. The proposed system architecture. 

During the training phase, through the image cache, we 
construct the cache from other data in the training dataset, 
which is divided into two paths. One path passes through the 
MLP adapter for training, while the other remains unprocessed. 
The vector 𝑓𝑥 output by the adapter is then added to the vector 
𝑓𝑜, which bypassed the adapter, as shown in (5): 

 𝑓𝑐 = 𝑓𝑥 + 𝑓𝑜 (5) 

The vector fc is compared with the image cache database 
using dot product similarity. The similarities for the same 
category are summed to obtain the classification score for that 
category, as shown in (6): 

 𝑖 ∈ 𝑙𝑎𝑏𝑒𝑙 , 𝑦𝑖 = ∑ 𝑓𝑐 ∙ 𝑖𝑚𝑎𝑔𝑒_𝑐𝑎𝑐ℎ𝑒𝑖  (6) 

The similarity for each category obtained by this method is 
then passed through a Softmax function to produce the 
classification result for the image, as shown in (7): 

 𝑦𝑖̂ =
𝑒𝑦𝑖

∑ 𝑒
𝑦𝑗

𝑗
 (7) 

Compared to traditional single-point key-value lookups, our 
approach can better avoid the occurrence of extreme values 
within the image cache, thereby reducing classification errors. 
Our loss function is the cross-entropy loss function, as shown 
in (8): 

 ℒ(𝜃) = −
1

𝑁
∑ ∑ 𝑦𝑖

(𝑛)𝐾
𝑖=1

𝑁
𝑛=1 log (𝑦𝑖̂

(𝑛)) () 

where N represents the total number of samples, K represents 

the number of classes, 𝑦𝑖
(𝑛)denotes the true label of the 𝑛 𝑡ℎ 

sample, and 𝑦𝑖̂
(𝑛)

represents the predicted probability of the 𝑛 𝑡ℎ 
sample after applying the Softmax function. 

IV. EXPERIMENTS 

A. Experiment result 

To validate the effectiveness of our method, we conducted 
a series of experiments. First, we trained different adapters on 
multiple datasets, including Flowers102 [29], Caltech-101 [16], 
OxfordPets [18], FGVCAircraft [17], and DTD [15]. We 
randomly selected a fixed number (16) of images from each 
class in the dataset to construct the image cache. The remaining 
data was then augmented and used for training, where each 
class has at most 40 images. Next, we trained the model. The 
pre-trained weights for the CLIP image encoder were ViT-B/32, 
which is the most commonly used weight. During training, we 
used the Adam optimizer and cross-entropy loss function, with 
an initial learning rate set at 0.001. To better adapt to changes 
during the training process, we reduced the learning rate to 80% 
of its original value every 10 epochs, for a total of 30 epochs. 
The batch size was set to 32. We kept the output vector 
dimension of the CLIP image encoder fixed, and our model 
achieved good accuracy on various few-shot test sets, as shown 
in Table I, outperforming other benchmark models in this field. 
These results demonstrate the excellent classification ability of 
our method and prove its effectiveness. In the following 
sections, we will provide a more detailed analysis of our 
experimental results. 

To ensure stable performance of the model, we conducted 
tests and validations on several datasets and compared the 
results with previously proposed models, as shown. We 
imported the ViT-B/32 weights into the CLIP model and tested 
the model's performance according to the experimental setup 
described in Section IV.A. We also compared it with CLIP-
Adapter and Tip-Adapter, both of which are benchmark models 
that use CLIP for classification tasks. 
 
TABLE I. ACCURACY OF CLASSIFICATION MODELS ON DIFFERENT 

DATASETS 

Method/ 

Dataset 
CLIP 

CLIP 

adapter[20] 

Tip 

adapter[

21] 

Ours 

Oxfordflower 102 [14] 66.35% 93.90% 94.80% 95.14% 

OxfordPet [18]   85.98% 87.84% 89.70% 92.84% 

DTD [15] 42.27% 65.96% 67.53% 75.51% 

Caltech-101 [16] 86.01% 92.49% 92.86% 94.53% 

FGVCA [17] 17.89% 32.10% 35.55% 39.85% 

 

B. Efficacy 

Since CLIP uses the similarity between text and images, we 
selected the category with the highest similarity as the predicted 
result. However, similar textual phrases can also affect 
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accuracy. For example, in the Oxford Flower 102 dataset, 
which contains 102 types of flowers, phrases like "a type of," 
"a type of flower on the ground," or "the picture shows a type 
of flower" could lead to variations in accuracy. Therefore, we 
standardized the input format, comparing the similarity using 
the English phrase "This is a photo of [specific flower]." For 
instance, for a sunflower, the input would be "This is a photo of 
sunflower." 

 According to our experimental data, all datasets showed a 
significant improvement compared to the original CLIP. Our 
model also showed a notable improvement on the DTD texture 
dataset, with accuracy increasing from 67.53% to 75.51%, 
outperforming Tip-Adapter. The other datasets also showed 
slight improvements. These results demonstrate the 
effectiveness and robustness of our model across these datasets. 

C. Training parameters 

In the field of few-shot classification, the ability to apply the 
model in scenarios such as data engineering has undeniable 
value, as it allows classification with a small amount of data. In 
data engineering, obtaining the first-hand manually labeled data 
often requires a significant amount of time. If we can reduce 
training time, we can save considerable time in the initial 
stages. As shown in Table II, only the corresponding adapters 
need to be trained, so there is less concern about the equipment 
being unable to handle the training. Additionally, with only 30 
epochs per dataset, the training time can be compressed into just 
a few hours, significantly reducing the overall development 
process. 

D. Ablation experiment 

In this section, we conduct an ablation study to gain a deeper 
understanding of the contributions of various parts of the 
model, including the generalization ability of the original CLIP 
and the impact of the image cache combined with adapters. As 
shown in the results in Table III, there is a significant difference 
in accuracy across different datasets when using or not using 
the adapter strategy. Adding the adapter clearly demonstrates 
that this approach can indeed improve the model's accuracy. 
When only using CLIP, we still need to calculate the similarity 
with text vectors, but it is sometimes challenging to fully 
capture the features of an image with a textual description, 
particularly in datasets like DTD textures, where the accuracy 
is not high. Therefore, we also designed a method to compare 
each input image with every vector in the image cache, using 
the label of the most similar vector as the output. The results 
show that this paper effectively leverages CLIP's image 
encoder, making it more accurate in classification. 
 

TABLE II. TRAINING PARAMETERS OF COMMON 

FEW-SHOT MODELS 

 

 

 

TABLE III. ACCURACY ON DIFFERENT TEST SETS UNDER 

VARIOUS CONDITIONS 

 one point Image cache 

sum 

Image cache 

sum+adapter 
DTD [15] 51.00% 56.87% 75.51% 

FGVCA [17] 25.55% 27.52% 47.88% 

Caltech-101 [16] 87.25% 84.80% 94.53% 

OxfordPet [18] 62.52 % 68.87 % 92.84% 

Oxfordflower102 [29] 64.55% 87.32% 95.14% 

 

V. CONCLUSION 

This study explored the few-shot learning capabilities of 
large models for classification tasks by designing a model based 
on CLIP’s image encoder with adapters. Experimental results 
across multiple datasets demonstrate the effectiveness of the 
proposed method. Owing to the CLIP backbone, our model 
exhibits strong generalization ability. Although frozen 
parameters are still required during inference, the model 
maintains relatively low parameter and computational costs, 
making it feasible for edge deployment. Despite promising 
results, further improvements remain possible. 
      While our results are promising, several improvements 
remain possible: 

1. Dataset Diversification: Future studies could use more 

obscure datasets to better validate generalization, as CLIP 

may have encountered commonly used datasets. 

2. Enhanced Data Augmentation: Beyond contrast and 

Gaussian noise, more effective augmentation methods 

could be explored. 

3. Architecture Enhancement: Since only CLIP’s image 

encoder was used, future work could leverage its text 

encoder or explore alternative architectures to improve 

performance and generalization. 
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