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Vision-Language Models (VLMs) exhibit excellent zero-shot and few-shot capabilities in downstream 

tasks by maximizing the similarity between matched image-text pairs. However, the dual-encoder 

structure of VLMs introduces a large number of parameters, which limits their practical deployment. 

Knowledge distillation transfers the knowledge of VLMs to lightweight student models to ensure 

computational efficiency, but the requirement of sufficient high-quality labeled data for knowledge 

distillation is difficult to meet in real-world scenarios. This paper proposes a Multi-level Two-stage few-

shot Knowledge Distillation (MTKD) method. MTKD consists of two stages: in the first stage, a fine-tuned 

VLM is used as the teacher model. Under the few-shot setting, the knowledge of unlabeled data is 

transferred to the student model through multi-level constraints (instance-level, batch-level, and class-

level) to enhance the few-shot knowledge representation. In the second stage, a small amount of labeled 

data is used, the student model from the first stage is frozen, and an adapter implemented by a residual 

structure is inserted at the end of the image encoder for supervised improvement. Ablation experiments 

on 6 commonly used public datasets verify the effectiveness of MTKD, and comparisons with other 

methods demonstrate its competitiveness. MTKD achieves an average performance improvement of 3.2% 

across the six public datasets, with a maximum gain of 8.6% on certain datasets. In addition, experiments 

on 3 medical datasets prove that MTKD also has high applicability in the field of medical image 

recognition, indicating that MTKD can be easily transferred to fields with significant differences from the 

pre-trained data distribution. 

Povzetek: MTKD je metoda dvostopenjskega učenja s prenosom znanja, ki z malo označenimi podatki 

učinkovito prenese znanje velikih vizualno-jezikovnih modelov na manjše modele ter tako izboljša njihovo 

natančnost in uporabnost tudi na medicinskih slikah. 

 

1  Introduction 
Vision-Language Models (VLMs) [1, 36, 37, 53, 55] are 

pre-trained on large-scale web-level matched image-text 

pairs, endowing them with excellent zero-shot and few-

shot capabilities. Instead of relying on traditional discrete 

labels, VLMs utilize text paired with images as category 

descriptions. During training, the cosine similarity 

between the feature representations of images and text in 

positive sample pairs is maximized, thereby achieving 

high alignment between images and text in the feature 

space. Full Fine-Tuning (FFT) adapts pre-trained VLMs 

to downstream tasks by updating all their parameters. 

However, since FFT fails to retain pre-trained parameters, 

it is highly prone to overfitting in few-shot scenarios [49]. 

Additionally, the dual-encoder architecture of VLMs 

results in a large parameter scale, leading to high 

computational costs. Parameter Efficient Fine-Tuning 

(PEFT) [2, 31, 32, 33, 34] enables rapid domain adaptation 

by freezing the pre-trained backbone of VLMs. It 

incorporates learnable prompts [3, 4, 5, 6] into the visual 

and textual inputs or inserts small adapters [7, 8] into the 

end of the backbone, after which only these few additional 

parameters are updated. Although PEFT enables effective  

 

generalization, its large parameter scale still creates a 

bottleneck in inference efficiency for practical 

applications [57, 58]. 

Knowledge Distillation (KD) [9] constrains the 

student model by minimizing the deviation between the 

outputs of the student and teacher models, aligning their 

category prediction probability distributions. This process 

transfers the knowledge of the teacher model to a 

lightweight student model, thereby improving 

computational efficiency and enabling flexible 

deployment in environments with limited computing 

resources [47]. Owing to its superior performance in 

knowledge transfer and model compression, KD has been 

introduced into VLMs to reduce their scale and enhance 

inference efficiency. Existing KD methods for VLMs can 

be categorized into four types: prediction alignment [10, 

11, 14], feature mimicry [10, 12, 13], gradient matching 

[10], and interactive contrastive learning [10, 11]. These 

studies typically use a weighted average of the distillation 

loss and cross-entropy contrastive loss as the total loss 

function to constrain the training of the student model. 

Nevertheless, to enable the student model to acquire rich 

knowledge representations from the teacher model, large-
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scale high-quality labeled data is usually required during 

training, which is difficult to obtain in real-world scenarios 

[38, 39]. 

Unsupervised Knowledge Distillation (UKD) aims to 

reduce reliance on large-scale labeled data. It leverages the 

intrinsic properties of input data or utilizes predictions 

generated by a teacher model for the input data to construct 

pseudo-labels. These pseudo-labels are then used to 

constrain the training of the student model. For example, 

SEED [15] utilizes an identity matrix as pseudo-labels. 

This approach constrains the student model's updates by 

maximizing the cosine similarity between feature vectors 

generated by the teacher and student models for the same 

input. UKD-CMH [16] extends UKD to multimodal 

models. It uses the distance between each pair of image 

and text features encoded by the teacher model as pseudo-

labels. This enables the student model to mimic the teacher 

model's predictions regarding the semantic relevance 

between images and texts. PromptKD [17] investigates 

UKD for Vision-Language Models (VLMs). This method 

employs the teacher model to generate pseudo-labels for 

input images to supervise the student model's training. 

Concurrently, text features are precomputed and cached, 

and only the visual prompts of the student model are 

optimized. Although UKD avoids reliance on high-quality 

labels, it is still limited by the availability of large-scale 

data. Furthermore, single instance-level constraints only 

measure differences in probability distributions and fail to 

capture sample features or structural information, 

restricting the sufficient transfer of knowledge. 

Based on the above discussion, this paper argues that 

knowledge distillation for VLMs should be conducted 

under few-shot data conditions to address the challenge of 

insufficient samples in real-world scenarios. To this end, 

this paper proposes a Multi-level Two-stage few-shot 

Knowledge Distillation (MTKD) method, whose overall 

structure is shown in Figure 1. MTKD achieves VLM 

scale compression through unsupervised knowledge 

distillation with a small number of samples and supervised 

performance enhancement with an extremely small 

number of samples. It consists of two stages: Multi-level 

Unsupervised Prompt Distillation (MUPD) and Adapter-

based Supervised Fine-Tuning (ASFT). In the MUPD 

stage, a small amount of few-shot data is used to transfer 

the knowledge of the VLM to the student model under 

unsupervised constraints. Specifically, the category 

predictions generated by the student and teacher models 

are constrained to align at three levels: instance-level, 

batch-level, and class-level. These multi-level constraints 

eliminate the need for high-quality labeled data, 

effectively alleviate the problem of incomplete knowledge 

capture under single instance-level constraints, and 

mitigate the limitations imposed by insufficient training 

samples on knowledge transfer from the teacher to the 

student model [51, 52]. During this stage, the pre-trained 

parameters of the student model are frozen, and only the 

learnable prompt parameters are updated. In the second 

stage (ASFT), all parameters of the student model 

obtained from the first stage are frozen. An adapter with a 

residual structure is inserted at the end of the student 

model, and supervised enhancement training is performed 

using an extremely small number of samples (fewer than 

those used in the first stage) [50]. This design avoids 

reliance on large-scale labeled data and extensive 

computing resources [48]. The synergistic effect of 

MUPD and ASFT significantly enhances the performance 

of MTKD in few-shot scenarios, enabling the student 

model to more effectively extract and absorb knowledge 

from the teacher model. 

The contributions of this paper are as follows: 

A multi-level constraint-based two-stage few-shot 

knowledge distillation method is proposed, which 

achieves effective VLM scale compression through 

unsupervised few-shot knowledge transfer and supervised 

enhancement with an extremely small number of samples. 

Multi-level knowledge distillation (at the instance, 

batch, and class levels) is employed to alleviate the 

limitation of single instance-level constraints, which 

struggle to capture complex features and cross-instance 

correlations under few-shot settings. 

An adapter implemented with a residual structure is 

used to enhance the task-specific prediction capability of 

VLMs obtained through few-shot UKD, using only an 

extremely small number of labeled samples. 

MTKD achieves an average performance 

improvement of 3.2% on 6 public datasets. Furthermore, 

results on 3 medical datasets demonstrate that the 

proposed method is also effective in tasks where the data 

distribution deviates from that of the pre-trained data. 

The rest of this paper is organized as follows: Section 

2 reviews relevant research on the Parameter-Efficient 

Fine-Tuning and Knowledge Distillation for VLMs. 

Section 3 presents a detailed description of the design of 

the MTKD, including the two-stage distillation framework 

and the respective roles of each stage. Section 4 evaluates 

the effectiveness of the proposed method and 

demonstrates its superiority by comparing it with other 

approaches. Finally, Section 5 summarizes the findings of 

this study and future work. 
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(b) First Phase: Using multi-level distillation to align logits of student model to logits of teacher model. 

Taking batch size = 2 and class number = 5 as an example to demonstrate multi-level distillation. 
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Figure 1. Overview of the MTKD method. (a) Pre-train the teacher model, and pre-compute and store text features 

through its text encoder. (b) First stage: Under a small number of unlabeled samples, use multiple temperature 

parameters to align the logits of the student model with those of the teacher model at three levels: instance-level, batch-

level, and class-level. (c) Second stage: Freeze the parameters of the student model from the first stage, insert an adapter 

implemented with a residual structure at the end of its image encoder, and use a tiny number of labeled samples to 

further improve its performance. 

 

2 Related work 

2.1 Parameter-efficient fine-tuning for VLMs 

Building on pre-trained models, Parameter-Efficient Fine-

Tuning (PEFT) [2, 31, 32, 33, 34] optimizes only a small 

set of newly added parameters. This enables efficient 

generalization of VLMs such as CLIP [1] to downstream 

tasks with a small number of samples and relatively few 

training iterations. There are two common PEFT 

approaches for VLMs: Prompt Tuning [31, 32]: This 

method introduces learnable prompt vectors (with the 

same dimension as visual and text embeddings, 

respectively) into the input to guide the model in adapting 

to new tasks. CoOp [3] was the first to replace manually 

designed hard prompts with learnable text prompts. To 

address the limited scalability of fixed text prompts for 

input images of unseen classes, CoCoOp [4] proposes 

adding image features encoded by the model to text 

prompts via a linear layer. This allows the prompts to 

flexibly adapt to input images. However, introducing 

prompts solely in the text encoder fails to enable 

collaboration between the visual and text branches in 

downstream tasks. In response, MaPLe [5] applies both 

visual and text prompts and correlates them through a 

linear projection layer. To retain general knowledge while 

adapting to specific tasks, PromptSRC [6] not only 

enforces constraints based on real labels but also restricts 

the alignment of multi-modal features and prediction 

results with the corresponding outputs of the original pre-

trained VLM. Adapter Tuning [33, 34]: This approach 

inserts lightweight adapters with a small number of 

parameters at the end of the model to achieve 

generalization in specific domains. CLIP-Adapter [7] 

inserts adapters with residual structures (implemented by 

two linear layers) at the ends of the image and text 

encoders. It facilitates the model's adaptation to a single 

downstream task. To enhance cross-task interaction, 

VMT-Adapter [40] trains adapters that share knowledge 

from multiple tasks. It inserts an adapter in parallel with 

the linear layer at the end of the feature encoder. It adds 

the adapter's output to the general features, and feeds the 

combined result into the decoder of each specific task. 

Considering that introducing additional trainable 

parameters increases computational costs, Tip-Adapter [8] 

constructs a cache using key-value pairs composed of 

image features encoded by the pre-trained VLM and the 

real labels of images. This cache is directly added to the 

end of the image encoder as an adapter. Compared with 

Full Fine-Tuning (FFT), PEFT only trains an extremely 

small set of parameters, which significantly reduces the 

risk of overfitting (easily induced under few-shot settings) 

and the demand for computing resources. 
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Although PEFT achieves effective generalization and 

reduces training costs, the excessively large parameter 

scale of VLMs means that deploying PEFT-modified 

VLMs to edge devices requires substantial storage 

resources and leads to inference efficiency issues. To 

address this, this paper proposes a two-stage few-shot 

knowledge distillation method. It realizes VLM 

compression through few-shot knowledge transfer to 

ensure inference efficiency and reduce the demand for 

storage resources. 

2.2 Knowledge distillation 

2.2.1 Knowledge distillation 

Knowledge Distillation (KD) [9, 19, 20, 24] aims to 

transfer knowledge from a teacher model to a lightweight 

student model. While maintaining model performance, it 

reduces storage overhead and improves inference 

efficiency [54, 56]. Common KD methods involve 

aligning the student model with the teacher model in three 

aspects: the Logits of the output layer [20, 21, 22, 23], 

hidden layer features [24, 25, 26], and the relationships 

between predictions generated for different input images 

[18, 19, 27, 28]. KD enables the student model to not only 

learn the teacher model's ability to predict domain-specific 

images but also mimic the teacher model's structural 

features. As a result, the compressed student model can 

achieve performance comparable to that of the teacher 

model. 

2.2.2 Knowledge distillation for VLMs 

Given its ability to compress models while preserving 

performance, knowledge distillation is also applied to the 

lightweighting of VLMs. Existing methods can be 

categorized into four types: Direct Alignment [10, 11, 14]: 

This type of method uses the teacher model's category 

prediction probability distribution to supervise the update 

of the student model. 

Feature Alignment [10, 12, 13]: To address the 

problem of incomplete knowledge representation caused 

by only applying instance-level constraints on the output 

layer, aligning the feature vectors (encoded from images 

and text) of the teacher and student models effectively 

enhances knowledge transfer. 

Gradient Mimicry [10]: Unlike the first two types that 

only align output results, this method aligns the gradients 

of the contrastive loss function (with respect to image and 

text features) between the teacher and student models. 

This ensures that the student model follows the same 

learning trajectory as the teacher model. 

Interactive Contrastive Alignment [11]: Considering 

the interaction between the teacher and student encoders, 

this method uses contrastive loss to constrain the 

alignment of image and text features across the teacher and 

student models. 

However, these methods still rely on large-scale 

labeled data, which is difficult to obtain in practical 

applications. To solve this problem, Unsupervised 

Knowledge Distillation (UKD) [15, 16] proposes using the 

teacher model to generate pseudo-labels for input data to 

constrain the training of the student model, eliminating the 

need for real labels. 

In the context of VLMs, PromptKD [17] activates 

only prompt vectors as the medium for distillation and 

shares the text features computed by the teacher model 

with the student model. This reduces computational 

overhead and simplifies the distillation process. 

While UKD avoids reliance on data labels, it still 

requires a large amount of training data for support. To 

address this limitation, the MTKD method proposed in this 

paper enables the student model to acquire rich knowledge 

representations from the teacher model through multi-

level constraints under unlabeled few-shot data conditions. 

This effectively reduces the reliance of VLM knowledge 

distillation on large-scale datasets. 

Table 1 compares the MTKD method proposed in this 

paper with representative methods in related work. Among 

the related methods, CoOp and CoCoOp only use text 

prompts for fine-tuning. MaPLe and PromptSRC 

simultaneously leverage both text prompts and visual 

prompts. CLIP-Adapter, on the other hand, inserts 

adapters with residual structures at the end of the encoders. 

All the above methods are evaluated under a 16-shot 

setting. PromptKD uses prompts for knowledge 

distillation. It employs only a single instance-level 

constraint for distillation. Its experiments are conducted 

with full training samples, relying on a large amount of 

data. Our method proposed in this paper is a two-stage 

distillation framework. In the first stage, instance-level, 

batch-level, and class-level constraints are introduced in 

few-shot unsupervised distillation. It enables the student 

model to effectively learn knowledge representations with 

a small number of samples. In the second stage, an adapter 

is employed for supervised fine-tuning with a minimal 

number of samples. It aims to correct potential prediction 

biases of the teacher model when dealing with limited 

samples. This method requires only a 5-shot setting, 

significantly reducing the demand for training data 

compared to existing methods. Through multi-level 

constraints and two-stage optimization, MTKD achieves 

efficient knowledge transfer with extremely few samples. 

Table 1: Comparison of design differences with related methods 

Method Use Text 

Prompt 

Use Visual 

Prompt 

Use Adapter Shot Knowledge Distillation 

Use or not Constraints 

CoOp √ × × 16 × \ 

CoCoOp √ × × 16 × \ 

MaPLe √ √ × 16 × \ 

PromptSRC √ √ × 16 × \ 

CLIP-Adapter × × √ 16 × \ 

PromptKD × √ × full √ Instance 

Ours × √ √ 5 √ Instance & Batch & Class 
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3 Method 

3.1 KD in VLM 

VLMs [1, 36] replace discrete labels with natural language 

texts that describe image categories. They are trained on 

large-scale matched image-text pairs and possess excellent 

zero-shot and few-shot reasoning capabilities. Since this 

paper uses CLIP to implement MTKD, we first review 

CLIP and introduce its basic KD process. 

CLIP consists of an image encoder fI  and a text 

encoder fT . For a labeled 

dataset D= {{image
n
,labeln}

n=1

N
,{classc}

c=1

C } , each 

image image
n
 corresponds to a category label labeln, and 

each category has a text description classc . The 

set {image
n
}

n=1

N
 is encoded by fI  to obtain normalized 

image features {In}n=1
N , 

where In=fI(image
n
)/||fI(image

n
)||∈Rd , and d  is the 

feature dimension. The set  {classc}c=1
C uses the template"a 

photo of a {classc} " to generate text 

descriptions {textc}c=1
C . fT  encodes {textc}c=1

C  into 

normalized text features {Tc}c=1
C , 

where Tc=fT(textc)/||fT(textc)||∈Rd. 

During training, a batch of matched image-text 

pairs {image
b
,textb}

b=1

B
 is selected each time, and the 

training is constrained using the cross-entropy contrastive 

loss: 

LCLIP=-
1

2
(∑ log

exp(Ib∙Tb)

∑ exp(Ib∙Tt)
B
t=1

+ ∑ log
exp(Ib∙Tb)

∑ exp(It∙Tb)B
t=1

B

b=1

B

b=1

) (1) 

Where, {Ib}b=1
B and {Tb}b=1

B  are the image and text 

features (encoded from the batch of images and texts, 

respectively). CLIP maximizes the cosine similarity 

between the image and text features of positive sample 

pairs, thereby aligning the multi-modal feature space and 

ensuring that input images are correctly matched with their 

corresponding text descriptions. The category prediction 

probability distribution generated by the model for an 

input image is obtained using the softmax function: 

p
γ
=softmax(I∙Tγ)=

exp(I∙Tγ)

∑ exp(I∙Tc)C
c=1

,γ∈{1,2,…,C}  (2)  

where I is the encoded feature of the input 

image, and {Tc}c=1
C  ) are the text features 

of  C categories. 
Knowledge distillation aims to extract knowledge 

from a large-scale teacher model to a lightweight student 

model by minimizing the deviation between the outputs 

generated by the teacher and student models. This reduces 

storage overhead and improves inference efficiency, 

allowing the student model to be flexibly deployed in 

resource-constrained application environments. 

For VLMs, a common KD method uses the Kullback-

Leibler (KL) divergence to align the category prediction 

probability distributions p
tea

 and p
stu

 of the teacher and 

student models. The loss function is given by the following 

formula: 

LKD=(1-λ)∙CE(p
stu

,labels)+λ∙DKL(p
tea
∥p

stu
) (3) 

where λ is the weight of the distillation loss, labels are 

the labels of the input images, CE(∙) is the cross-entropy 

loss function, and DKL(∙) is the KL divergence function. 

Knowledge distillation achieves effective knowledge 

transfer from the teacher model to the student model. 

3.2 Overall architecture 

The MTKD method proposed in this paper consists of two 

stages: MUPD and ASFT. The teacher model is obtained 

through few-shot supervised fine-tuning. Specifically, the 

text encoder fT
tea

 of the trained teacher model pre-computes 

and stores normalized text features Ttea∈RC×dtea  for 

category description texts. Here, C is the number of 

categories, and dtea  is the dimension of the encoded 

features of the teacher model. As shown in Figure 

1(a), Ttea is shared between the teacher and the student. 

In the first stage, a small amount of unlabeled data is 

used to align the probability distribution generated by the 

student model for input images with that of the teacher 

model at three levels: instance-level, batch-level, and 

class-level. Details are shown in Figure 1(b). 

In the second stage, the parameters of the student 

model from the first stage are frozen. An adapter with a 

residual structure is inserted at the end of the student 

model, and supervised fine-tuning is performed with a tiny 

number of samples, as shown in Figure 1(c). 

Sections 3.3 and 3.4 will introduce the two stages of 

MTKD in detail, respectively. 

3.3 Multi-level unsupervised prompt 

distillation (MUPD) 

Unlike the large amount of labeled 

data D= {{image
n
,labeln}

n=1

N
,{classc}

c=1

C } used in previous 

vision-language models, this stage aims to utilize a few-

shot unlabeled dataset Du={image
m

}
m=1

M
, where M≪N. To 

transfer the knowledge of the large-scale teacher model to 

the lightweight student model under the constraint of few-

shot data, MUPD makes full use of the Logits of the 

teacher and student models. It generates multiple 

probability distributions, and aligns them at three levels 

(instance-level, batch-level, and class-level) one by one. 

Compared with aligning only a single probability 

distribution generated by the student and teacher models 

under instance-level constraints, MUPD, through multi-

level constraints, enables the student model to 

comprehensively learn the knowledge representation of 

the teacher model using few-shot data. 

Since the pre-stored text features Ttea  are shared 

between the teacher and the student, the student model 

only updates the visual prompts, thus significantly 

reducing the computational overhead during training. A 

projection layer proj needs to be inserted at the end of the 

image encoder to align the differences in feature 

dimensions between the teacher and the student. 

Specifically, the image encoder fI
stu

 of the student model 

is frozen, and only the visual prompts and the projection 

layer are activated as the distillation medium. 
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For each batch of input images {image
b
}

b=1

B
, 

normalized image features fI
tea

 and fI
stu

 are obtained by 

passing through the image encoders Itea  and Istu  of the 

teacher model and the student model, respectively. Ttea is 

used to compute prediction Logits for the input images: 

ztea=Itea×Ttea
T (4) 

zstu=Istu×Ttea
T (5) 

here ztea , zstu∈RB×C , and B  is the batch 

size. 
Subsequently, K  temperature parameters {τk}k=1

K  are 

used to pass ztea  and zstu  through the softmax function, 

respectively, to obtain K category prediction probability 

distributions {p
tea
(k)}

k=1

K
与{p

stu
(k)}

k=1

K
. Among them: 

p
tea
(k)[i,j]=softmax(ztea[i,j]/τk)=

exp(ztea[i,j] τk⁄ )

∑ exp(ztea[i,c] τk⁄ )C
c=1

  (6)  

p
stu
(k)[i,j]=softmax(zstu[i,j]/τk)=

exp(zstu[i,j] τk⁄ )

∑ exp(zstu[i,c] τk⁄ )C
c=1

   (7)  

Let z∈RB×C denote Logits, 

where z[i,j]= max
1≤c≤C

z[i,c] , τα  and τβ are 

temperature parameters, and τα<τβ. Then 

e
z[i,j]

τα

∑ e
z[i,c]

τα
C
c=1

=
e

z[i,j]
τα ∙e

z[i,j]∙(
1
τβ

-
1
τα

)

∑ e
z[i,c]

τα ∙C
c=1 e

z[i,j]∙(
1
τβ

-
1
τα

)
=

e

z[i,j]
τβ

∑ e

z[i,c]
τα

+
z[i,j]

τβ
-
z[i,j]

ταC
c=1

=
e

z[i,j]
τβ

∑ e

z[i,c]
τα

+
z[i,j]

τβ
-
z[i,j]

τα
-
z[i,c]

τβ
+

z[i,c]
τβC

c=1

=
e

z[i,j]
τβ

∑ e
(z[i,j]-z[i,c])∙(

1
τβ

-
1
τα

)+
z[i,c]

τβC
c=1

>
e

z[i,j]
τβ

∑ e

z[i,c]
τβC

c=1

 

 
It can thus be seen that with a lower temperature 

parameter, the probability distribution has a larger 

maximum probability value, which results in a sharper 

probability distribution. This distinctly reflects the model's 

decision-making and reduces the interference from 

secondary categories. With a higher temperature 

parameter, the probability distribution has a smaller 

maximum probability value. This can generate a smoother 

probability distribution. It enables the student model to 

learn richer semantic information such as the relative 

relationships between categories. This helps to enhance its 

generalization ability. Multiple temperature parameters 

expand the Logits into multiple category prediction 

probability distributions with different degrees of 

sharpness. It allows the student model to obtain rich 

knowledge representations from the Logits of the teacher 

model, so as to achieve comprehensive and sufficient 

knowledge transfer. 

Then, for each temperature parameter τk(k∈
{1,2,...,K}), the probability distribution p

stu
(k) of the student 

model and the probability distribution p
tea
(k) of the teacher 

model are aligned at the following three levels: 

Instance-level: The KL divergence loss is used to 

align the probability distributions generated by the student 

and the teacher: 

Lins
(k)

=DKL(p
tea
(k)∥

p
stu
(k))=

1

B
∑ ∑ p

tea
(k)[i,j]∙log (

p
tea
(k)[i,j]

p
stu
(k)[i,j]

)

C

j=1

B

i=1

 (8) 

For the convex function f(x)=-log x, according to Jensen's 

inequality: 

f (∑ λixi

i

) ≤ ∑ λif(xi)
i

 

We get 

0=- log 1 =f(1)=f (∑ p
stu
(k)[i,j]

C

j=1

) =f (∑ p
tea
(k)[i,j]∙

p
stu
(k)[i,j]

p
tea

(k)[i,j]

C

j=1

) ≤ ∑ p
tea
(k)[i,j]

C

j=1

∙f (
p

stu
(k)[i,j]

p
tea

(k)[i,j]
)

= ∑ p
tea
(k)[i,j]

C

j=1

∙ (- log (
p

stu
(k)[i,j]

p
tea

(k)[i,j]
)) = ∑ p

tea
(k)[i,j]

C

j=1

∙ log (
p

tea
(k)[i,j]

p
stu

(k)[i,j]
)

 

 

Thus, Lins

(k)
≥ 0. If and only if p

tea
(k)=p

stu
(k)  , Lins

(k)
=0 . 

Therefore, minimizing the instance-level loss Lins

(k)
 can 

approximate the probability distributions generated by the 

student and teacher models, thereby enabling the student 

model to learn the teacher model's ability to predict 

domain-specific images. Under multiple temperature 

parameters, the student model can simultaneously learn 

the deterministic decisions of the teacher model from the 

multiple probability distributions generated by the teacher 

model, as well as the associations between the input image 

and other secondary categories. 

Batch-level: Multiply the probability distribution 

generated by the model by its own transpose to compute 

the Gram matrix: 

Gtea
(k)

=p
tea
(k)×p

tea
(k)T

 (9) 

Gstu
(k)

=p
stu
(k)×p

stu
(k)T

(10)  

Gtea
(k)

, Gstu
(k)
∈RB×B, where B is the batch size. Among them 

Gtea
(k)[i,j]= ∑ p

tea
(k)[i,c]∙p

tea
(k)[j,c]

C

c=1

(11) 

Gstu
(k)[i,j]= ∑ p

stu
(k)[i,c]∙p

stu
(k)[j,c]

C

c=1

(12) 

From (11) and (12), it can be seen 

that Gtea
(k)[i,j] and Gstu

(k)[i,j] are the similarities between the 

probability distributions generated by the teacher model 

and the student model for the i-th image and the j-th 

image, respectively. Therefore, the Gram 

matrices Gtea
(k)

 and Gstu
(k)

 store the degrees of association 

between the predictions of the teacher and the student for 

any two input images. The input correlation between the 

student and the teacher is aligned using the following loss 

function: 

Lbatch

(k)
=

1

B
||Gtea

(k)
-Gstu

(k)
||

2

=
1

B
∑ ∑(Gtea

(k)
[i,j]-Gstu

(k)
[i,j])

2
B

j=1

B

i=1

   (13) 

The batch-level loss enables the student model to 

extract rich high-level semantic information from the 

teacher model by imitating the teacher model's prediction 

of input correlation. 

Class-level: Multiply the transpose of the probability 

distribution generated by the model by itself to obtain the 

Class Affinity matrix: 

Atea
(k)

=p
tea
(k)T

×p
tea
(k) (14) 

Astu
(k)

=p
stu
(k)T

×p
stu
(k) (15) 
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Atea
(k)

, Astu
(k)∈RC×C , where C  is the number of 

categories. Among them 

Atea
(k)[i,j]= ∑ p

tea
(k)[b,i]∙p

tea
(k)[b,j]

B

b=1

(16) 

Astu
(k)[i,j]= ∑ p

stu
(k)[b,i]∙p

stu
(k)[b,j]

B

b=1

(17) 

From (16) and (17), it can be seen that Atea
(k)

[i,j] 

and Astu
(k)

[i,j] are the similarities between the predictions of 

the teacher model and the student model for the i-th 

category and the j-th category, respectively. Therefore, the 

class affinity matrices Atea
(k)

 and Astu
(k)

 store the degrees of 

association between the predictions of the teacher and the 

student for any two categories, respectively. The class 

correlation between the student and the teacher is aligned 

using the following loss function: 

Lclass

(k)
=

1

C
||Atea

(k)
-Astu

(k)
||

2

=
1

C
∑ ∑(Atea

(k)
[i,j]-Astu

(k)
[i,j])

2
C

j=1

C

i=1

   (18)  

The class-level loss enables the student model to learn 

the structured features of the teacher model from a macro 

perspective by imitating the teacher model's prediction of 

class correlation. Finally, the loss function LMUPD of the 

first stage is obtained by the following formula: 

LMUPD= ∑(Lins
(k)

+Lbatch

(k)
+Lclass

(k)
)

K

k=1

(19) 

Each of these loss terms is non-negative, and all losses 

vanish simultaneously if and only if 𝒑𝒔𝒕𝒖
(𝒌)

= 𝒑𝒕𝒆𝒂
(𝒌)

. 

Therefore, minimizing 𝓛𝑴𝑼𝑷𝑫  means requiring the 

student model to fully imitate not only the predictive 

distributions but also the structural characteristics of the 

teacher model under each temperature parameter. 

According to formula (19), the student model imitates the 

teacher model in three aspects: instance-level prediction, 

input correlation, and class correlation. Thus, it captures 

the rich knowledge representation in the teacher model 

under the few-shot setting. 

3.4 Adapter-based supervised fine-tuning 

(ASFT) 

Unsupervised knowledge distillation does not rely on data 

labels at all, so the performance of the student model is 

limited by the prediction accuracy of the teacher model. 

Different from the few-shot unlabeled 

dataset Du={image
m

}
m=1

M
 used in MUPD, this stage uses a 

tiny labeled dataset Dl={image
m',labelm'}

m'=1

M'

 to further 

fine-tune the student model, where M'<M. ASFT aims to 

further improve the prediction ability of the student model 

through real data labels, targeting the situation where the 

teacher model has a few inaccurate predictions. A direct 

approach is to fine-tune the learnable parameters in the 

first stage. However, this method is prone to overfitting the 

training data under few-shot settings, and the learnable 

prompts located at the input layer bring high 

computational overhead. 

In this stage, the visual prompts and projection layer 

of the student model trained by MUPD are frozen. An 

adapter with a residual 

structure adapter(∙)=fup(fdown(∙)) is inserted at the end of 

the image encoder of the student model for fine-tuning. 

The adapter consists of a downsampling linear 

layer fdown and an upsampling linear layer fup. It retains the 

learnable prompts and parameters in the projection layer 

obtained from MUPD distillation, thereby reducing the 

risk of overfitting; the activated adapter is located at the 

output end, resulting in low gradient calculation 

complexity. For the image feature Istu  encoded by the 

student model in the first stage, after passing through the 

adapter, Istu
'  is obtained: 

𝐼𝑠𝑡𝑢
′ = 𝑎𝑑𝑎𝑝𝑡𝑒𝑟(𝐼𝑠𝑡𝑢) = (1 − 𝛼) ∙ 𝐼𝑠𝑡𝑢 + 𝛼 ∙ 𝑓𝑢𝑝(𝑓𝑑𝑜𝑤𝑛(𝐼𝑠𝑡𝑢))   (20)  

Among them, 𝛼 ∈ (0, 1) is the residual ratio. The value 

of the residual ratio 𝜶 has a significant impact on model 

performance. When 𝜶  is relatively high, the adapter 

dominates feature transformation, which helps the model 

learn task-specific feature representations more 

thoroughly from a small number of labeled samples. 

However, an excessively high α also leads to issues. Since 

the adapter weights lack pre‑training initialization, the 

adapter is highly prone to overfitting the training data 

when only very few labeled samples are available. When 

𝜶  is relatively low, the original features are largely 

preserved, which reduces the risk of overfitting and retains 

the knowledge acquired in the first stage. Yet, an overly 

low 𝜶  also restricts the adapter’s ability to correct 

prediction biases from the teacher model, preventing the 

model from making full use of the supervisory 

information. Therefore, choosing an appropriate 𝜶 

requires a balance between preserving the acquired 

knowledge and adapting to the new task. 

The Logits 𝑧𝑠𝑡𝑢
′  are still calculated using the pre-

stored 𝑇𝑡𝑒𝑎. 

𝑧𝑠𝑡𝑢
′ = 𝐼𝑠𝑡𝑢

′ × 𝑇𝑡𝑒𝑎
T #(21) 

Align the prediction results of the student model with 

the ground-truth labels of input images using cross-

entropy loss: 

ℒ𝐴𝑆𝐹𝑇 = CE(𝑧𝑠𝑡𝑢
′ ,  𝑙𝑎𝑏𝑒𝑙1…𝐵) = − ∑ log(softmax(𝑧𝑠𝑡𝑢

′ [𝑏, 𝑐𝑙𝑠𝑏]))

𝐵

𝑏=1

= − ∑ log (
exp (𝑧𝑠𝑡𝑢

′ [𝑏, 𝑐𝑙𝑠𝑏])

∑ exp (𝑧𝑠𝑡𝑢
′ [𝑏, 𝑐])𝐶

𝑐=1

)

𝐵

𝑏=1

   (22) 

where denotes the class index corresponding to the -

th input image in the respective batch. Finally, the image 

encoder of the student model consists of pre-trained 

weights, visual prompts, a projection layer, and an adapter 

module. Together with the text encoder of the teacher 

model, it serves as the compressed Vision-Language 

Model (VLM). 

4 Experiments 

4.1 Datasets 

This paper evaluates the performance of the MTKD 

method on 6 natural image datasets and 3 medical image 

datasets. Specifically, the natural image datasets include 

DTD [41] for texture classification, OxfordPets [42], 

Flowers102 [43], and FGVC-Aircraft [44] for fine-grained 

classification, Caltech101 [45] for general object 

classification, and EuroSAT [46] for satellite image 
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recognition. The medical image datasets are used to test 

the effectiveness of this method in tasks deviating from the 

pre-trained data, including the breast cancer dataset 

BACH, the brain tumor dataset Brain, and the diabetic 

retinopathy dataset EyeDR. The selection of the above 

datasets is not only highly diverse in terms of task types 

but also challenging in terms of image characteristics and 

classification difficulty. In choosing these datasets, this 

paper has balanced breadth, complexity, and domain 

diversity, aiming to comprehensively validate the 

applicability and generalization potential of MTKD. 

4.2 Experimental settings 

4.2.1 Base-to-novel 

Following previous works [3, 4, 5, 6, 17], the experiments 

partition each dataset into base classes and novel classes. 

The training set contains only data of base classes, while 

the test set includes data of both base and novel classes. 

In the first-stage experiments of this paper, models are 

trained under 1-shot, 3-shot, and 5-shot settings 

respectively, to evaluate the improvement effect of the 

proposed MUPD method in low-resource scenarios. 

Subsequently, the model trained under the 5-shot setting 

in the first stage is adopted, its parameters are frozen, and 

the performance improvement brought by the second stage 

is evaluated under 1-shot, 3-shot, and 5-shot conditions. 

The evaluation metrics for both stages are the 

performances of models on base class and novel class data 

under different shots, and the harmonic mean (HM) of the 

prediction accuracies of the model on base class and novel 

class data is calculated. 

4.2.2 Implementation details 

The hardware and software configurations for the 

experiments are as follows: Model training and evaluation 

were conducted using the PyTorch 2.5.1 deep learning 

framework, with Python 3.12 as the programming 

language, Ubuntu 22.04 as the operating system, and 

CUDA 12.4 as the parallel computing platform. For the 

experiments, ViT-L/14 is used as the teacher model, and 

ViT-B/16 is used as the student model. The teacher model 

is trained using the PromptSRC [6] method. For learnable 

prompts, this method adopts the same settings as [6, 17], 

setting the depth of prompts for both the visual branch and 

the text branch to 9, and the length of prompts to 4. The 

input of the text encoder is constructed using"a photo of a 

{class}". The model is trained for 20 epochs, and the 

learning rate is decayed using the cosine annealing 

method. By adjusting the learning rate periodically, the 

model can both fine-tune parameters and get out of local 

optima during training. The length of the Warm-up stage 

is one epoch, and the value of its learning rate is set to 1e-

5. We refer to the work of [18] and set the temperature 

parameter τ to the range {1, 2, 3, 5, 6} to systematically 

investigate its impact on the distillation effectiveness. 

4.3 Ablation experiments 

This subsection conducts ablation experiments on 

different components of the method to verify its 

effectiveness. 

4.3.1 Multi-level unsupervised prompt 

distillation 

Different Distillation Constraint Methods 

In the first stage, this paper aligns the probability 

distributions generated by the teacher and student models 

at three levels: instance-level, batch-level, and class-level 

under multiple temperature parameters. To demonstrate 

the effectiveness of the multi-temperature parameter and 

multi-level constraint strategy, experiments compare the 

impacts of different distillation constraint methods on the 

performance of the student model, as shown in Figure 

2."Baseline" represents the case of using only the instance-

level constraint under a single temperature parameter 

setting."Ins" represents the case of using only the instance-

level constraint under the multi-temperature parameter 

setting."Ins & Batch" represents the case of using both 

instance-level and batch-level constraints under the multi-

temperature parameter setting."Ins & Batch & Class" 

represents the case of using instance-level, batch-level, 

and class-level constraints simultaneously under the multi-

temperature parameter setting. It can be seen from Figure 

2 that"Ins" has a higher prediction accuracy on the test set 

than"Baseline", which indicates that the student model 

acquires more sufficient information including model 

decisions and inter-class relationships from probability 

distributions with different degrees of sharpness. "Ins & 

Batch" generally achieves higher accuracy compared to 

"Ins", indicating that introducing batch-level constraints 

helps the student model capture relationships among input 

samples and thus learn richer knowledge representations. 

Furthermore, "Ins & Batch & Class" outperforms "Ins & 

Batch" in terms of accuracy, suggesting that the 

incorporation of class-level constraints encourages the 

model to learn semantic associations between categories, 

thereby obtaining more discriminative representational 

capabilities. Experiments prove that the distillation 

strategy of multi-temperature parameters and multi-level 

constraints adopted by MTKD plays a key role in the final 

performance. 
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Figure 2: Impact of distillation methods with different level constraints in the first stage on the performance (HM) of 

the student model. 

Teacher models of different sizes 

In the first stage, this paper adopts an unsupervised 

distillation strategy, that is, the output of the student model 

completely imitates the teacher model without being 

interfered by data labels. Therefore, the performance of the 

teacher model is a key factor affecting the distillation 

effect. Theoretically, a smaller-sized teacher model has 

higher efficiency, so the knowledge distillation in the first 

stage has lower training complexity. However, the 

reduction in the size of the teacher model will also lead to 

a decline in its performance. At this time, 4 datasets 

including DTD, Flowers102, OxfordPets, and Caltech101 

are used to verify the impact of the size of the teacher 

model on the distillation performance in the first stage. 

The student model uses ViT-B/16 by default. As shown in 

Figure 3, in the above 4 datasets, as the size of the teacher 

model decreases, the prediction accuracy of the student 

model distilled in the MUPD stage on the test set decreases 

significantly. On the 4 datasets, the distillation 

performance of the teacher model using ViT-B/16 is 3.9% 

higher on average than that using ViT-B/32, and the 

distillation performance using ViT-L/14 is 8.3% higher on 

average than that using ViT-B/16. The results show that a 

larger-sized teacher model will bring significantly better 

distillation performance. Therefore, under the condition 

that computing resources permit, a larger-sized teacher 

model should be selected to make the student model 

obtained by distillation have higher prediction ability. 

Student models of different sizes 

MTKD effectively alleviates the lightweight problem 

of VLM under few-shot settings. Although a smaller-sized 

student model is more likely to adapt to application 

environments with limited storage and computing 

resources, it will also affect the distillation performance at 

the same time. Therefore, evaluation is needed to select 

different student models according to tasks. At this time, 4 

datasets including DTD, Flowers102, OxfordPets, and 

Caltech101 are used to verify the impact of the size of the 

student model on the distillation performance in the first 

stage. The teacher model uses ViT-L/14 by default. As 

shown in Figure 4, in the above 4 datasets, as the size of 

the student model decreases, the prediction accuracy of the 

student model distilled in the MUPD stage on the test set 

decreases significantly. On the 4 datasets, the distillation 

performance of the student model using ViT-B/16 is 2.4% 

lower on average than that using ViT-L/14, and the 

distillation performance using ViT-B/32 is 4.9% lower on 

average than that using ViT-B/16. The results show that 

the reduction in the size of the student model will have a 

significant impact on the distillation performance in the 

first stage. Therefore, the selection of the student model 

needs to fully consider factors such as task requirements, 

task complexity, and deployment environment, and avoid 

choosing a student model that is too small, which leads to 

performance degradation. 
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Figure 3: Impact of teacher models of different sizes on the distillation performance in the first stage (HM). 

 

 

Figure 4: Impact of student models of different sizes on the distillation performance in the first stage (HM). 

Performance contribution of learnable 

prompts 

MTKD freezes the pre-trained backbone of the 

student model and originally conducts the unsupervised 

knowledge distillation in the first stage by activating 

learnable prompts. However, since MTKD shares the text 

features encoded by the teacher model with the student 

model, a projection layer needs to be introduced at the end 

of the image encoder of the student model to align the 

dimensions of image and text features. Therefore, when 

the student model does not introduce learnable visual 

prompts, only the projection layer can be used as the 

activated parameter to participate in distillation. This 

subsection verifies the impact of learnable prompts on the 

performance of the student model obtained by distillation 

in the first stage, and the results are shown in Table 

2."Project" means not introducing learnable prompts and 

only using the projection layer for distillation."Prompt & 

Project" means using both learnable prompts and the 

projection layer. Table 2 shows that on 6 natural image 

datasets, the student model achieves better prediction 

accuracy when introducing learnable prompts. One 

possible reason is that, compared with "Project", learnable 

prompts will act on the attention mechanism of the image 

encoder, so that the student model can fully learn global 

correlations and establish long-range dependencies, so as 

to improve the understanding ability of the semantic level 

of images in specific domains. 

 

Table 2: Impact of learnable prompts on the distillation performance in the first stage (HM) 

DTD Flowers102 FGVCAircraft 

shot Project Prompt & Project shot Project Prompt & Project shot Project Prompt & Project 

1-shot 

3-shot 

5-shot 

50.2 

63.8 

68.6 

54.3 

69.1 

71.8 

1-shot 

3-shot 

5-shot 

75.2 

82.8 

85.7 

77.6 

84.3 

86.3 

1-shot 

3-shot 

5-shot 

28.6 

34.3 

36.7 

29.1 

36.5 

37.4 

Caltech101 OxfordPets EuroSAT 

shot Project Prompt & Project shot Project Prompt & Project shot Project Prompt & Project 

1-shot 

3-shot 

5-shot 

81.3 

93.6 

94.2 

83.2 

95.6 

96.8 

1-shot 

3-shot 

5-shot 

70.8 

83.2 

89.1 

75.9 

87.8 

93.3 

1-shot 

3-shot 

5-shot 

48.3 

72.5 

74.8 

50.3 

73.4 

78.1 

4.3.2 Adapter-based supervised fine-tuning 

(ASFT) 

To verify the effectiveness of the second stage of the 

proposed method, the experiment saves the model 

parameters obtained from distillation under the 5-shot 

setting in the first stage. Experiments for the second stage 

are conducted under 1-shot, 3-shot, and 5-shot settings 

respectively. We compare the results with those under the 

5-shot setting in the first stage, as shown in Table 3. The 

results indicate that on all 6 datasets, the prediction 

accuracy of the student model trained in the second stage 

under different shot settings is higher than that trained 

under the 5-shot setting in the first stage. Since the first 

stage of MTKD adopts an unsupervised distillation 

strategy, the output of the student model completely 
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imitates the teacher model. It directly causes the student 

model to inherit some errors of the teacher model. By 

aligning the output of the student model with the real 

labels of the data, ASFT corrects some incorrect prediction 

cases, thereby further improving the performance of the 

student model. 

To confirm that the bilinear-layer adapter with a 

residual structure in the second stage is an advanced 

method for enhancing the performance of the student 

model, the experiment compares different supervised fine-

tuning methods, as shown in Figure 5. "Prompt & Project" 

refers to fine-tuning the parameters in the visual prompts 

and projection layer trained by MUPD. "Linear" refers to 

fine-tuning using an adapter with a residual structure 

composed of only one linear layer. "Adapter" refers to 

fine-tuning using an adapter with a residual structure 

composed of a downsampling linear layer and an 

upsampling linear layer. As can be seen from Figure 5, 

except for the EuroSAT dataset where the "Prompt & 

Project" method shows better performance, the "Adapter" 

method generally achieves higher prediction accuracy on 

the test set compared to other supervised fine-tuning 

strategies. This demonstrates that the bilinear-layer 

adapter with a residual structure is a more effective 

method for supervised fine-tuning with a tiny number of 

samples. The reason is that the bilinear-layer structure of 

the adapter has a more complex structure than a single 

linear layer, allowing the student model to learn more fully 

from the tiny labeled dataset. Additionally, it retains the 

prompt parameters distilled by MUPD, which effectively 

alleviates the overfitting problem caused by the tiny 

number of samples. 

Table 3: Experimental results (HM) of the second stage (ASFT) on 6 natural image datasets 

  DTD Flowers102 FGVCAircraft Caltech101 OxfordPets EuroSAT 

First Phase 5-shot 71.8 86.3 37.4 96.8 93.3 78.1 

 

Second Phase 

1-shot 

3-shot 

5-shot 

72.1 

72.0 

72.0 

86.6 

86.6 

86.5 

38.1 

38.0 

37.7 

96.9 

96.9 

96.8 

93.7 

93.8 

93.7 

78.6 

78.4 

78.8 

 

Figure 5: Ablation experiment results (HM) of the second stage on 6 natural image datasets 

 
To more intuitively demonstrate the effectiveness of 

the MTKD method under few-shot conditions, this paper 

presents t-SNE plots illustrating the distribution of logits 

for images across different categories in the test sets of the 

Flowers102 and DTD datasets. These logits are generated 

by student models trained using both the Baseline method 

and the two stages (MUPD and ASFT) of the MTKD 

method. Both the Baseline and the two stages of MTKD 

are trained under 5-shot settings. As shown in Figure 6, 

compared to the Baseline, the student model trained in the 

MUPD stage produces logits for images of the same 

category that form tighter clusters in the low-dimensional 

space, while the logits for images of different categories 

exhibit less overlap in the low-dimensional space. 

Compared to the MUPD stage, the student model trained 

in the ASFT stage further tightens the clusters of logits for 

images of the same category and further reduces the 

overlap of logits for images of different categories in the 

low-dimensional space. This indicates that MTKD is an 

effective method for few-shot knowledge distillation in 

VLM, and it also highlights the effectiveness of each stage 

of MTKD. 
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4.4 Validation on medical images 

To verify the effectiveness of MTKD in tasks where data 

deviates from pre-trained data, experiments were also 

conducted on 3 medical datasets (BACH, Brain, and 

EyeDR), as shown in Table 4. "Baseline" refers to the use 

of only instance-level constraints under a single 

temperature parameter setting. Δ(1) represents the 

performance improvement of the distillation result under 

multi-level constraints in the first stage compared to the 

Baseline. Δ(2) represents the performance improvement of 

the supervised fine-tuning result in the second stage 

compared to the distillation result under the 5-shot setting 

in the first stage. As can be seen from Table 4, on all 3 

medical datasets, the student model distilled via the first 

stage of MTKD achieves higher prediction accuracy than 

that via the Baseline method. Additionally, the student 

model fine-tuned in the second stage performs better than 

the one distilled under the 5-shot setting in the first stage. 

This demonstrates that MTKD is also effective in tasks 

with significant differences from the distribution of pre-

trained data. 

4.5 Comparison with other methods 

To further illustrate the advancement of MTKD, this 

subsection compares MTKD with previous methods, as 

shown in Table 5. For the MTKD method, the result with 

the highest harmonic mean (HM) among all shots in the 

second stage is selected for each dataset. For other 

methods, except for the 5-shot training sample setting, the 

remaining training settings are consistent with those 

reported in the original papers. The results show that when 

using ViT-B/16 as the student model, MTKD achieves 

state-of-the-art (SOTA) results on all datasets. With the 

same amount of data, MTKD achieves higher accuracy, 

which indicates better data utilization efficiency. The 

reason for these advanced results lies in two aspects: first, 

the first stage of MTKD aligns the probability distributions 

generated by the student model with those of the teacher 

model at three levels (instance-level, batch-level, and 

class-level), effectively enhancing knowledge 

representation under few-shot settings; second, the second 

stage fine-tunes the student model using an adapter with a 

residual structure on a tiny labeled sample set, alleviating 

the impact of minor inaccurate predictions of the teacher 

model on knowledge distillation performance. The 

combined effect of MUPD and ASFT significantly 

enhances the performance of MTKD in few-shot 

scenarios, rendering it notably superior to existing 

methods in terms of both efficiency and robustness. 

Additionally, MTKD offers clear advantages in terms of 

model deployment costs. Table 6 visually presents the 

differences in parameter count, processing time, and 

FLOPs between the teacher and student models used in the 

experiment. The learnable parameter count of the teacher 

model (ViT-L/14) is about 408M, while that of the student 

model (ViT-B/16) is about 143M. When processing 100 

images, the processing time of the teacher model is 968.89 

ms, and its floating-point operations (FLOPs) amount to 

11.251T; while the processing time of the student model 

is 339.04 ms, and its FLOPs amount to 2.642T. The 

parameter count, FLOPs, and processing time of the 

student model are significantly lower than those of the 

teacher model, achieving high accuracy while 

substantially reducing computational and storage 

overhead. This makes MTKD suitable for deployment in 

scenarios with limited computational resources, such as on 

edge devices. 

 
Baseline ASFT Baseline MUPD

(a) Flowers102 (b) DTD

ASFTMUPD

 

Figure 6: On Flowers102 and DTD datasets, t-SNE plots showing the distribution of logits generated by student models 

(trained using the instance-level constraint method under a single temperature parameter and the MTKD method, 

respectively) for input images of different categories in the test set. Different colors are used to distinguish different 

categories. 

Table 4: Base-to-novel results on 3 medical image datasets 

Dataset  1-shot 3-shot 5-shot 

Base Novel HM Base Novel HM Base Novel HM 

 

 

BACH 

Baseline 

First Phase 
Δ(1) 

Second Phase 

Δ(2) 

51.7 

53.3 
+1.6 

61.7 

+1.7 

49.4 

50.0 
+0.6 

55.0 

+3.3 

50.5 

51.6 
+1.1 

58.2 

+2.7 

51.7 

57.3 
+5.6 

61.3 

+1.3 

50.0 

50.4 
+0.4 

55.0 

+3.3 

50.8 

53.6 
+2.8 

58.0 

+2.5 

58.3 

60.0 
+1.7 

61.7 

+1.7 

51.2 

51.7 
+0.5 

60.0 

+8.3 

54.5 

55.5 
+1.0 

60.8 

+5.3 
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Brain 

Baseline 
First Phase 

Δ(1) 

Second Phase 
Δ(2) 

66.8 
67.2 

+0.4 

71.2 
+0.6 

84.7 
84.9 

+0.2 

89.7 
-0.5 

74.7 
75.0 

+0.3 

79.4 
+0.2 

67.1 
67.8 

+0.7 

71.3 
+0.7 

85.6 
89.4 

+3.8 

90.4 
+0.2 

75.2 
77.1 

+1.9 

79.7 
+0.5 

70.3 
70.6 

+0.3 

70.9 
+0.3 

87.8 
90.2 

+2.4 

90.5 
+0.3 

78.1 
79.2 

+1.1 

79.5 
+0.3 

 

 

EyeDR 

Baseline 

First Phase 

Δ(1) 
Second Phase 

Δ(2) 

75.3 

75.5 

+0.2 
75.2 

+1.5 

51.0 

59.3 

+8.3 
46.2 

-3.5 

60.8 

66.4 

+5.6 

57.2 

-2.2 

74.0 

74.3 

+0.3 
74.6 

+0.9 

40.7 

45.5 

+4.8 
49.8 

+0.1 

52.5 

56.4 

+3.9 
59.7 

+0.3 

75.2 

73.7 

-1.5 
74.4 

+0.7 

39.3 

49.7 

+10.4 

49.9 

+0.2 

51.6 

59.4 

+7.8 

59.7 

+0.3 

Table 5: Comparison between MTKD and other methods (HM) 

 DTD Flowers102 FGVCAircraft Caltech101 OxfordPets EuroSAT 

CoOp 50.0 66.8 24.7 92.7 89.0 58.9 

CoCoOp 58.7 78.7 24.8 95.3 90.2 60.7 

MaPLe 62.8 79.7 31.3 95.4 90.5 65.2 

PromptSRC 65.7 82.5 34.1 95.5 90.2 65.2 

PromptKD 69.1 84.7 36.4 95.8 91.0 70.2 

Ours 72.1 86.6 38.1 96.9 93.8 78.8 

Table 6: Differences between teacher model and student model 

 Parameters Time of 100 samples / ms FLOPs of 100 samples / T 

Teacher Model (ViT-L/14) 408M 968.89 11.251 

Student Model (ViT-B/16) 143M 339.04 2.642 

5  Conclusions 
This paper proposes a two-stage few-shot knowledge 

distillation method based on multi-level constraints, 

aiming to solve the lightweight problem of Vision-

Language Models (VLMs) when labeled data is 

insufficient. MTKD first uses a small amount of unlabeled 

data to transfer the knowledge of a large-scale teacher 

VLM to a lightweight student model through instance-

level, batch-level, and class-level constraints. Then, the 

distilled student model is frozen, and an adapter 

implemented with a residual structure is inserted at the end 

of the student model. Supervised performance 

improvement is achieved using a tiny amount of labeled 

data. Extensive ablation experiments are conducted on 6 

natural image datasets and 3 medical image datasets to 

verify the effectiveness of the proposed method. 

6  Discussion 
Although MTKD has achieved advanced performance on 

multiple standard datasets, few-shot knowledge 

distillation still faces numerous challenges and directions 

worthy of further exploration. Firstly, in few-shot 

knowledge distillation, the quality of training data is a 

critical factor influencing student model performance. The 

current method assumes that the training samples possess 

a certain degree of representativeness and diversity. 

However, in practical applications, if the training data 

lacks representativeness for the downstream task, the 

knowledge from the teacher model cannot be fully 

manifested through few-shot learning. Future work could 

further explore sample selection strategies to 

automatically choose the most informative or 

representative samples from a large pool of unlabeled data 

for distillation. Secondly, the current two-stage structure 

is relatively fixed. Future research could investigate more 

adaptive dynamic distillation frameworks. For instance, 

dynamically adjusting the distillation loss weights based 

on sample difficulty or model confidence. We hope that 

MTKD can serve as an effective baseline method for 

related fields and look forward to future work advancing 

the field in the directions mentioned above. 
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