
PromptKD: Unsupervised Prompt Distillation for Vision-Language Models

Zheng Li1, Xiang Li2,1*, Xinyi Fu3, Xin Zhang1, Weiqiang Wang3, Shuo Chen4, Jian Yang1*

1 PCA Lab, VCIP, College of Computer Science, Nankai University
2 NKIARI, Shenzhen Futian, 3 Tiansuan Lab, Ant Group, 4 RIKEN

{zhengli97, zhasion}@mail.nankai.edu.cn, {xiang.li.implus, csjyang}@nankai.edu.cn
{fxy122992, weiqiang.wwq}@antgroup.com, shuo.chen.ya@riken.jp

Abstract

Prompt learning has emerged as a valuable technique
in enhancing vision-language models (VLMs) such as CLIP
for downstream tasks in specific domains. Existing work
mainly focuses on designing various learning forms of
prompts, neglecting the potential of prompts as effective
distillers for learning from larger teacher models. In this
paper, we introduce an unsupervised domain prompt dis-
tillation framework, which aims to transfer the knowledge
of a larger teacher model to a lightweight target model
through prompt-driven imitation using unlabeled domain
images. Specifically, our framework consists of two dis-
tinct stages. In the initial stage, we pre-train a large CLIP
teacher model using domain (few-shot) labels. After pre-
training, we leverage the unique decoupled-modality char-
acteristics of CLIP by pre-computing and storing the text
features as class vectors only once through the teacher text
encoder. In the subsequent stage, the stored class vectors
are shared across teacher and student image encoders for
calculating the predicted logits. Further, we align the log-
its of both the teacher and student models via KL diver-
gence, encouraging the student image encoder to generate
similar probability distributions to the teacher through the
learnable prompts. The proposed prompt distillation pro-
cess eliminates the reliance on labeled data, enabling the
algorithm to leverage a vast amount of unlabeled images
within the domain. Finally, the well-trained student image
encoders and pre-stored text features (class vectors) are uti-
lized for inference. To our best knowledge, we are the first
to (1) perform unsupervised domain-specific prompt-driven
knowledge distillation for CLIP, and (2) establish a practi-
cal pre-storing mechanism of text features as shared class
vectors between teacher and student. Extensive experiments
on 11 datasets demonstrate the effectiveness of our method.
Code is publicly available at https://github.com/
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Figure 1. Harmonic mean (HM) comparison on base-to-novel gen-
eralization. All methods adopt the ViT-B/16 image encoder from
the pre-trained CLIP model. PromptKD achieves state-of-the-art
performance on 11 diverse recognition datasets.

zhengli97/PromptKD.

1. Introduction

Recently large pretrained vision-language models (VLMs),
such as CLIP [30, 49] and ALIGN [10], have demonstrated
superior generalization ability for domain-specific down-
stream tasks. Unlike conventional visual frameworks, the
vision-language model, like CLIP, usually employs a two-
tower architecture that includes an image encoder and a text
encoder. These models are trained using a contrastive loss
to learn a unified embedding space that aligns the represen-
tations of multi-modal signals.

To better optimize the models for domain-specific down-
stream tasks, various methods [6, 14, 46, 52, 53] have been
proposed to adapt the representation while keeping the orig-
inal CLIP model fixed. Inspired by the success of Nature
Language Processing (NLP) [18, 20] area, prompt learn-
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Figure 2. Architecture comparison between classic KD paradigm for CLIP (likewise CLIP-KD [44]) and our prompt distillation framework.
(a) Classic KD methods perform distillation between independent teacher and student models. Students are typically fully fine-tuned by
teachers’ soft labels. (b) PromptKD breaks the rules of teacher-student independence. We propose to reuse the previously well-trained text
features from the teacher pre-training stage and incorporate them into the student image encoder for both distillation and inference.

ing [11, 52, 53] has been proposed to acquire continuous
prompt representations as a replacement for meticulously
designed hard prompts. Based on the type of information
learned by prompt, existing methods can be roughly divided
into three types: text-based, visual-based, and both. Text-
based methods [52, 53] propose to adaptively learn appro-
priate text prompts for downstream tasks, rather than fixed
forms. Visual-based methods [3, 11] follow similar prin-
ciples and further apply them to visual modalities. Text-
visual-based prompt methods [14, 15, 17, 35] suggest a si-
multaneous learning strategy for prompts in both image and
text branches, instead of treating them separately.

Prior research has primarily concentrated on acquir-
ing effective formats of prompts using scarce labeled data
while preserving the outstanding generalization capabili-
ties. In this paper, we introduce a novel unsupervised frame-
work (termed “PromptKD”) where the prompt acts as a do-
main knowledge distiller, allowing the CLIP student model
to absorb knowledge from a vast CLIP teacher model on ex-
tensive unlabeled domain data. Specifically, our framework
consists of two distinct stages: the teacher pre-training stage
and the student distillation stage.

In the initial stage, we first pre-train a large CLIP teacher
model using existing advanced approaches [14, 15] on do-
main few-shot labeled data. After pre-training, we propose
to leverage the unique decoupled-modality characteristics
of CLIP by pre-computing and storing the text features as
class vectors only once through the teacher text encoder.

In the subsequent stage, the stored class vectors are
shared across the teacher and student image encoder to cal-
culate the predicted logits without any extra computation
costs from text branches. Different from the traditional
knowledge distillation scheme where the weights of a stu-
dent are usually fully tuned to mimic the teachers’ statisti-
cal behavior as shown in Fig. 2(a), we propose to utilize the
student’s learnable visual prompts to align the logits of both

teacher and student models via KL divergence, encourag-
ing the student image encoder to generate similar probabil-
ity distributions to the teacher through prompt distillation.
Due to the dimensional differences between the features of
teacher and student, an extra projector is implemented to
adjust the features to account for the dimension disparity.

With the benefits of the teacher-student paradigm, we
can leverage the pre-trained teacher to generate soft labels
for unlabeled images from the target domain, thus enabling
the training of students without the need for labeled images.
Finally, the well-trained student image encoder, along with
the pre-stored teacher text features (class vectors), are em-
ployed for inference purposes. An architectural comparison
of the classic distillation paradigm for CLIP and our pro-
posed prompt distillation framework is illustrated in Fig. 2.

Experimental results in Fig. 1 show that our Promp-
tKD outperforms previous methods and achieves state-of-
the-art performance on 11 diverse recognition datasets with
the ViT-B/16 image encoder CLIP model. Specifically,
our method achieves average improvements of 2.70% and
4.63% on the base and new classes on 11 diverse datasets.

Our contributions can be summarized as follows:

• To our best knowledge, we are the first method to perform
domain-specific prompt-based knowledge distillation for
CLIP using unlabeled domain data.

• We leverage CLIP’s unique decoupled-modality property
to reuse pre-stored text features without incurring any ad-
ditional computation costs from the text branch, thereby
facilitating the distillation and inference processes.

• With the benefits of the teacher-student paradigm, we can
utilize the teacher to generate soft labels on extensive
unlabeled domain data, enabling the training of students
without the need for labeled images.

• Extensive experiments on 11 datasets demonstrate the ef-
fectiveness of our method.
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2. Related Work
Prompt Learning in Vision-Language Models. Prompt
learning is a technique that can transfer the large pre-trained
model, like CLIP [30], towards downstream tasks [7, 31,
47] without the need for completely re-training the origi-
nal model. It proposes to adapt the representations for spe-
cific tasks through learnable text or visual soft prompts in-
stead of manually crafted hard prompts (e.g., “a photo of
a {classname}”). Soft prompts [11, 17, 32, 52, 53] can
be optimized by back-propagating through the frozen pre-
trained model, resulting in better performance. Existing
works mainly focus on designing various efficient forms of
prompts using scarce labeled domain data. MaPLe [14] pro-
poses to learn prompts for the image and text branches si-
multaneously, rather than a separate side. PromptSRC [15]
utilizes its original features to regularize the learning of
prompts for each branch. Previous works necessitated for-
ward and backward computations for each input in both im-
age [5, 38] and text branches. In our work, we leverage the
unique decoupled-modality characteristic of CLIP, saving
well-trained teacher text features as class vectors for student
distillation. In this way, the training of student CLIP is sim-
plified to solely include forward and backward calculations
of the image branch, without requiring the text branch.
Zero-shot Learning. Given the labeled training set of the
seen classes, zero-shot learning (ZSL) [24, 37, 40] aims to
learn a classifier that can classify testing samples of un-
seen classes. Existing methods can be roughly divided into
two types based on whether test images are available: In-
ductive [41, 48] and Transductive [33, 34] ZSL. Previous
works on prompt learning, such as MaPLe and Prompt-
SRC, have mainly focused on the instance inductive set-
tings where only labeled training instances are available. In
our paper, we explore the transductive ZSL setting where
both seen and unseen class images are all utilized in model
learning. Specifically, our teacher model follows the same
training scheme as PromptSRC, which is trained on samples
from seen classes with ground truth labels. The difference
is that the target student model is trained on the full unla-
beled dataset, which contains all samples of both seen and
unseen classes, without using any ground truth labels.
Knowledge Distillation. Knowledge distillation [8] aims
to train a lightweight student model under the supervision
of a large pretrained teacher model. In recent years, var-
ious distillation forms have emerged for effective knowl-
edge transfer from teachers to students, such as logits align-
ment [21, 23, 50, 51], feature imitation [2, 19, 45] and sam-
ple relationship matching [28, 42]. In addition to tradi-
tional image classification topics, knowledge distillation has
achieved great success in many vision tasks, including ob-
ject detection [1, 12, 36], image segmentation [25, 43], and
pose estimation [22]. Recently, many works [16, 29, 39, 44]
have turned their attention to the CLIP model. These works

propose leveraging the CLIP model’s exceptional general-
ization capabilities to enhance the learning of existing mod-
els. CLIP-KD [44] find that in distilling pre-trained CLIP
models, the simplest feature mimicry with the MSE loss
approach yields the best results. TinyCLIP [39] performs
cross-modal feature alignment in affinity space between
teacher and student. Our approach differs from previous
distillation methods that train the entire student model by
leveraging a pre-trained large CLIP teacher. In our work,
we employ a more efficient approach by utilizing student
prompts for distillation while keeping the student’s origi-
nal CLIP weights frozen. This allows us to achieve the
desired knowledge transfer without the need for extensive
re-training of the student model.

3. Method
Prompt learning [11, 53] aims to enhance the performance
of existing VLMs like CLIP to downstream tasks by incor-
porating learnable prompts. Existing works mainly focus on
devising effective learning formats of prompts using scarce
labeled domain data while ensuring strong generalization
capabilities to unseen images. In this paper, we first ex-
plore prompts as an effective knowledge distiller, allowing
the CLIP student model to learn from the large CLIP teacher
model by aligning their predictions on extensive unlabeled
domain images. An overview of our proposed prompt dis-
tillation method is illustrated in Fig. 3. Specifically, our
method comprises two main stages: the teacher pre-training
stage and the student prompt distillation stage. In the ini-
tial stage, we first pre-train a large CLIP teacher model us-
ing existing advanced approaches on few-shot labeled data,
as depicted in Fig. 3(a). After pre-training, we extract and
preserve the highly proficient text features obtained from
the teacher text encoder as class vectors. In the subsequent
stage, the pre-stored class vectors are effectively reused by
multiplying them with the outputs of both the teacher and
student image encoders, resulting in predictions for each
model. Then we initiate the distillation process by promot-
ing prompt imitation, encouraging the student model to gen-
erate similar predictions to the teacher model, as illustrated
in Fig. 3(b). An additional projector is introduced to align
the dimensions of teacher text features and student image
features. Finally, the well-trained student image encoder
branch and pre-stored teacher text features (class vectors)
are utilized for inference (see Fig. 3(c)).

Below we first introduce the background knowledge of
VLMs and the knowledge distillation method in Sec. 3.1.
Then we introduce our method in detail in Sec. 3.2.

3.1. Background

Vision-Language Models. Existing VLMs like CLIP [30]
and ALIGN [10] are designed to align images and texts in
order to learn a joint embedding space. Following [14, 15,
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Figure 3. An overview of our proposed prompt distillation (PromptKD) framework. (a) We first pre-train a large CLIP teacher model using
existing state-of-the-art prompt learning methods with labeled training images. Then we save the well-trained text features of all possible
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(c) Finally, the well-trained student and pre-stored class vectors are utilized for inference.

52], we consider CLIP as our foundation model. Specifi-
cally, CLIP consists of two encoders, one for image and the
other for text. Given a labeled visual recognition dataset
D = {xj , yj}Mj=1 that includes a set of N class names
c = {ci}Ni=1, CLIP generates textual descriptions ti using
the template “a photo of a {ci}” for each class name. Then
each text description ti is fed into the text encoder fT to ob-
tain the normalized text feature wi = fT (ti)/||fT (ti)||2 ∈
Rd, where d represents the feature dimension. The com-
plete text features W = [w1, w2, ..., wN ] ∈ RN×d of all
classes can be considered as the classification weight vector
for classifying an image. Given an input image x from the
dataset D, the image encoder fI takes as input and gener-
ates the normalized image feature u = fI(x)/||fI(x)||2 ∈
Rd. The output probability is calculated as follows:

p(y|x) =
exp(uwT

y /τ)∑N
i=1 exp(uwT

i /τ)
, (1)

where uwT represent the output logit and τ is the tempera-
ture parameter.

Instead of manually crafted hard prompts, recent works
like CoOp [53] propose to adaptively learn appropriate soft
textual prompts for downstream tasks. Concretely, M learn-
able textual vectors {v1, v2, ..., vM}, i.e., prefix, are added
before the CLASS token to create a contextualized repre-
sentation. Then the prompt ti for class ci becomes ti =

{v1, v2, ..., vM , ci}, where each vector vi (i ∈ 1, 2, ...,M)
have the same dimension with the word embeddings and
M is a hyperparameter that determines the length of the
prefix. In addition to text prompt tuning methods, vi-
sual prompts have also been extensively explored. Some
works [11, 14, 15] follow the same idea as the text prompt
method, adding multiple learnable visual prefixes to the
image patch as input to the image encoder. These visual
prompts aim to guide the image encoder to extract more
meaningful and task-relevant visual features. By incorpo-
rating these learnable visual prefixes, the model can lever-
age additional context and prior knowledge to improve its
performance on image understanding tasks.
Knowledge Distillation. Originally proposed by Hinton et
al. [8], knowledge distillation aims to transfer the knowl-
edge of a pretrained heavy teacher model to a lightweight
student model. After the distillation, the student can master
the expertise of the teacher and be used for final deploy-
ment. Specifically, the Kullback-Leibler (KL) divergence
loss is utilized to match the output distribution of two mod-
els, which can be formulated as follows:

Lkd(q
t, qs, τ) = τ2KL(σ(qt/τ), σ(qs/τ)). (2)

where qt and qs denote the logits predicted by the teacher
and student. σ(·) is the softmax function and τ is the tem-
perature [8, 23] which controls the softness of distribution.

26620



3.2. PromptKD: Prompt Distillation for VLMs

Our proposed prompt distillation framework comprises two
stages: teacher pre-training and student prompt distillation,
as illustrated in Fig. 3. In this section, we provide a com-
prehensive explanation of each stage.
Stage I: Teacher Pretraining. In the initial stage, we begin
by pre-training a large CLIP teacher model using labeled
domain data, as illustrated in Fig. 3(a). To accomplish this,
we can employ existing prompt learning methods such as
MaPLe [14] and PromptSRC [15], or alternatively, utilize
a publicly available pretrained CLIP model for simplicity.
Given a labeled domain dataset Dlabeled = {xi, yi}Mi=1 with
a set class name, the teacher CLIP model takes training im-
ages and text descriptions with category names as input, and
passes through the image encoder f t

I and text encoder f t
T to

obtain the corresponding normalized image features u ∈ Rd

and text features w ∈ Rd. The final output result pt is calcu-
lated by Eqn. (1). Typically, the parameters of teacher soft
prompts are updated by minimizing the cross-entropy loss
between predicted probabilities p and ground truth labels y.

Once the training of the text encoder is completed, the
output features remain fixed and do not require further up-
dates. In this case, we save the well-trained teacher text
features of all N classes W = [w1, w2, ..., wN ] ∈ RN×d

as shared class vectors that will be utilized in the subse-
quent stages of the process. This operation eliminates the
necessity of having the student CLIP text branch, resulting
in substantial computational cost savings during the training
process. In addition, through our PromptKD method, we
can replace the large teacher’s heavy image encoder with a
student lightweight image encoder, reducing the computa-
tional cost during deployment while maintaining competi-
tive performance.
Stage II: Student Prompt Distillation. At this stage, we
aim to train a student model by encouraging the student to
align with the teacher’s output results through prompt im-
itation, as shown in Fig. 3(b). Thanks to the strategy of
reusing teacher text features, we only need to train the stu-
dent image encoder branch fs

I with learnable visual prompts
and the feature projector. In the context of an unlabeled
domain dataset Dunlabeled, by inputting the image x into
both the pre-trained teacher’s and the untrained student’s
image branches, we can acquire the normalized teacher im-
age features ut = f t

I(x)/||f t
I(x)||2 ∈ Rd and student image

features us = P (fs
I (x))/||P (fs

I (x))||2 ∈ Rd. The learn-
able projector P (·) in the student image encoder branch is
introduced to match the feature dimensions at a relatively
small cost while being effective enough to ensure accurate
alignment. Then we multiply the pre-stored teacher text
features W ∈ RN×d with the teacher and student image
features to obtain the output logits qt = utWT ∈ RN and
qs = usWT ∈ RN , respectively. We optimize the student
model to produce similar output to the teacher model on the

Algorithm 1 Pseudocode of PromptKD in PyTorch.
# tea t: text encoder of teacher CLIP
# tea i: image encoder of teacher CLIP
# stu i: image encoder of student CLIP
# l tea: teacher output logits
# l stu: student output logits
# Proj: Feature Projector

# init
f_txt_t = tea_t(txt_of_all_classes)

# forward
for img in unlabeled_dataset:

f_img t = tea_i(img)
f_img s = stu_i(img)

f_img_s = Proj(f_img_s)

# get output predictions
l tea = f img t * f txt t.t()
l stu = f img s * f txt t.t()

# calculate distillation loss
loss = KLDivergence(l stu, l tea)
loss.backward()

unlabeled domain dataset Dunlabeled, which can be formu-
lated as follows:

Lstu = Lkd(q
t, qs, τ). (3)

Algorithm 1 provides PromptKD’s PyTorch-style pseu-
docode.
Inference. Finally, the well-trained student image encoder
fs
I , along with the pre-stored teacher text features W (class

vectors), are employed for inference purposes.

4. Experiments
4.1. Settings

Base-to-novel Generalization. Following [14, 15, 52],
we split the training and testing datasets into base and
novel classes. The teacher is pre-trained using the Promp-
SRC [15] method, following the same training setting as
PromptSRC. During distillation, we use the entire unlabeled
training set to train our students. After distillation, the stu-
dent’s performance on the base and the novel class is evalu-
ated on the testing set.
Cross-dataset Evaluation. Same as PromptSRC [15], our
teacher model is pre-trained on the source dataset (i.e., Im-
ageNet) with a 16-shot training data configuration. Then
we use the training set of unlabeled target datasets to train
students and evaluate their performance on the test set after
training. In PromptKD, we use unlabeled images of unseen
classes for student training which belongs to the transduc-
tive zero-shot learning method. For previous methods such
as CoOp, MaPLe, and PromptSRC, their training is based
on seen class data and belongs to the inductive paradigm.
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ViT-B/16 Base Novel HM

CLIP 69.34 74.22 71.70
CoOp 82.69 63.22 71.66

CoCoOp 80.47 71.69 75.83
MaPLe 82.28 75.14 78.55

PromptSRC 84.26 76.10 79.97

PromptKD 86.96 80.73 83.73
∆ +2.70 +4.63 +3.76

(a) Average over 11 datasets.

ViT-B/16 Base Novel HM

CLIP 72.43 68.14 70.22
CoOp 76.47 67.88 71.92

CoCoOp 75.98 70.43 73.10
MaPLe 76.66 70.54 73.47

PromptSRC 77.60 70.73 74.01

PromptKD 80.83 74.66 77.62
∆ +3.23 +3.93 +3.61

(b) ImageNet

ViT-B/16 Base Novel HM

CLIP 96.84 94.00 95.40
CoOp 98.00 89.81 93.73

CoCoOp 97.96 93.81 95.84
MaPLe 97.74 94.36 96.02

PromptSRC 98.10 94.03 96.02

PromptKD 98.91 96.65 97.77
∆ +0.81 +2.62 +1.75

(c) Caltech101

ViT-B/16 Base Novel HM

CLIP 91.17 97.26 94.12
CoOp 93.67 95.29 94.47

CoCoOp 95.20 97.69 96.43
MaPLe 95.43 97.76 96.58

PromptSRC 95.33 97.30 96.30

PromptKD 96.30 98.01 97.15
∆ +0.97 +0.71 +0.85

(d) OxfordPets

ViT-B/16 Base Novel HM

CLIP 63.37 74.89 68.65
CoOp 78.12 60.40 68.13

CoCoOp 70.49 73.59 72.01
MaPLe 72.94 74.00 73.47

PromptSRC 78.27 74.97 76.58

PromptKD 82.80 83.37 83.13
∆ +4.53 +8.40 +6.55

(e) StanfordCars

ViT-B/16 Base Novel HM

CLIP 72.08 77.80 74.83
CoOp 97.60 59.67 74.06

CoCoOp 94.87 71.75 81.71
MaPLe 95.92 72.46 82.56

PromptSRC 98.07 76.50 85.95

PromptKD 99.42 82.62 90.24
∆ +1.35 +6.12 +4.29

(f) Flowers102

ViT-B/16 Base Novel HM

CLIP 90.10 91.22 90.66
CoOp 88.33 82.26 85.19

CoCoOp 90.70 91.29 90.99
MaPLe 90.71 92.05 91.38

PromptSRC 90.67 91.53 91.10

PromptKD 92.43 93.68 93.05
∆ +1.76 +2.15 +1.95

(g) Food101

ViT-B/16 Base Novel HM

CLIP 27.19 36.29 31.09
CoOp 40.44 22.30 28.75

CoCoOp 33.41 23.71 27.74
MaPLe 37.44 35.61 36.50

PromptSRC 42.73 37.87 40.15

PromptKD 49.12 41.81 45.17
∆ +6.39 +3.94 +5.02

(h) FGVCAircraft

ViT-B/16 Base Novel HM

CLIP 69.36 75.35 72.23
CoOp 80.60 65.89 72.51

CoCoOp 79.74 76.86 78.27
MaPLe 80.82 78.70 79.75

PromptSRC 82.67 78.47 80.52

PromptKD 83.69 81.54 82.60
∆ +1.02 +3.07 +2.08

(i) SUN397

ViT-B/16 Base Novel HM

CLIP 53.24 59.90 56.37
CoOp 79.44 41.18 54.24

CoCoOp 77.01 56.00 64.85
MaPLe 80.36 59.18 68.16

PromptSRC 83.37 62.97 71.75

PromptKD 85.84 71.37 77.94
∆ +2.47 +8.40 +6.19

(j) DTD

ViT-B/16 Base Novel HM

CLIP 56.48 64.05 60.03
CoOp 92.19 54.74 68.69

CoCoOp 87.49 60.04 71.21
MaPLe 94.07 73.23 82.35

PromptSRC 92.90 73.90 82.32

PromptKD 97.54 82.08 89.14
∆ +4.64 +8.18 +6.82

(k) EuroSAT

ViT-B/16 Base Novel HM

CLIP 70.53 77.50 73.85
CoOp 84.69 56.05 67.46

CoCoOp 82.33 73.45 77.64
MaPLe 83.00 78.66 80.77

PromptSRC 87.10 78.80 82.74

PromptKD 89.71 82.27 86.10
∆ +2.61 +3.47 +3.36

(l) UCF101

Table 1. Comparison with existing state-of-the-art methods on base-to-novel generalization. Our proposed PromptKD demonstrates strong
generalization ability and achieves significant improvements on 11 recognition datasets given the ViT-B/16 image encoder of the CLIP
model. In our approach, the default teacher model is the ViT-L/14 CLIP model. The symbol ∆ denotes the performance improvement
compared to the previous SOTA method PromptSRC. Our PromptKD outperforms previous methods on all datasets.

Target Dataset

ZSL ViT-B/16 Caltech Oxford Standford Flowers Food101 FGVC SUN397 DTD Euro UCF101 Avg.101 Pets Cars 102 Aircraft SAT

CoOp 93.70 89.14 64.51 68.71 85.30 18.47 64.15 41.92 46.39 66.55 63.88
In- CoCoOp 94.43 90.14 65.32 71.88 86.06 22.94 67.36 45.73 45.37 68.21 65.74

ductive MaPLe 93.53 90.49 65.57 72.23 86.20 24.74 67.01 46.49 48.06 68.69 66.30
PromptSRC 93.60 90.25 65.70 70.25 86.15 23.90 67.10 46.87 45.50 68.75 65.81

Trans- PromptKD 93.61 91.59 73.93 75.33 88.84 26.24 68.57 55.08 63.74 76.39 71.33
ductive ∆ +0.01 +1.34 +8.23 +5.08 +2.69 +2.34 +1.47 +8.21 +18.24 +7.64 +5.52

Table 2. Comparison of PromptKD with existing advanced approaches on cross-dataset benchmark evaluation. Based on our pipeline, we
perform unsupervised prompt distillation using the unlabeled domain data respectively (i.e., the transductive setting). The source model is
trained on ImageNet [4]. “ZSL” denotes the setting type for Zero-Shot Learning. PromptKD achieves better results on 9 of 10 datasets.
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Datasets. We evaluate the model performance on 11 pop-
ular recognition datasets. The details of each dataset are
attached in the Appendix.
Implementation Details. We use the ViT-L/14 CLIP model
as our teacher model and the ViT-B/16 CLIP model as our
target student model. Unless otherwise stated, the Prompt-
SRC [15] is leveraged as our default method to pre-train
our teacher model. We report base and novel class accuracy
and their harmonic mean (HM) averaged over 3 runs. Due
to page limitations, please refer to the Appendix for more
implementation details and experimental results.

4.2. Base-to-novel Generalization

As shown in Table 1, based on the same ViT-B/16 im-
age encoder of the pre-trained CLIP, we compare the per-
formance of our proposed PromptKD with recent state-of-
the-art prompt learning methods including CoOp, CoCoOp,
MaPLe and PromptSRC on 11 recognition datasets. In
comparison with previous works, PromptKD shows supe-
rior performance on all 11 datasets. The accuracy of our
pre-trained teacher model with ViT-L/14 image encoder on
each dataset is provided in the Appendix.

4.3. Cross-dataset Evaluation

Table 2 shows the performance comparison between CoOp,
CoCoOp, MaPLe, PromoptSRC, and PromptKD. In com-
parison with previous methods, our method demonstrates
better performance on 9 of 10 datasets. leading to an aver-
age improvement of 5.52% over the previous method.

4.4. Comparison with Other Methods

In PromptKD, we utilize unlabeled images to train the target
student model. Table 3 presents a comprehensive compari-
son between our method and other recent methods that also
leverage unlabeled data for model training. While many
methods resort to pseudo-labeling of unlabeled data for
training, our approach adopts a teacher-student paradigm.
In this paradigm, the teacher model plays a pivotal role by
furnishing soft labels to train the student models on the un-
labeled data. For fair comparisons, the methods using few-
shot labels ([26] and PromptKD) are all implemented based
on PromptSRC framework. All experiments utilize ViT-
B/16 CLIP with the few-shot number being 16. The re-
sults on Flowers102 underscore the clear performance ad-
vantages of our approach over previous methods.

4.5. Ablation Study

By default, the distillation experiments are conducted on
the entire ImageNet. For experimental efficiency, we use
64 images per class by default, that is, a total of 64,000
images for 1,000 classes, as an unlabeled training set for
distillation, unless we state otherwise. The accuracy of the
base and new classes is evaluated on the test set.

Method Domain Data Base Novel HM

CLIP Zero-shot 72.08 77.80 74.83
PromptSRC Few-shot 98.07 76.50 85.95

CLIP-PR [13]
Unlabeled

65.05 71.13 67.96
UPL [9] 74.83 78.04 76.40

LaFTer [27] 79.49 82.91 81.16

FPL [26] 97.60 78.27 86.87
IFPL [26] Few-shot 97.73 80.27 88.14
GRIP [26] + 97.83 80.87 88.54
PromptKD Unlabeled 99.42 82.62 90.24

∆ +1.59 +1.75 +1.70

Table 3. Comparison with existing works using unlabeled data on
Flowers102. Our method performs better than previous methods.
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Figure 4. Improved ImageNet classification accuracy of the stu-
dent model with increasing numbers of unlabeled images per cat-
egory used for distillation.

Number of Images Used for Training. In this section, our
objective is to assess the influence of training data volume
on distillation performance, as depicted in Fig. 4. The fig-
ure illustrates that as the number of training images rises
towards the complete training dataset, the accuracy consis-
tently improves. It is noteworthy that with a further increase
in the number of training images, the rate of performance
improvement starts to plateau.

KD Form Loss Base Novel HM

Feature L1 73.09 65.98 69.35
MSE 71.89 66.17 68.91

Logit KL 79.27 73.39 76.22

Table 4. Comparison of different distillation forms. The logit-
based form works best.

Distillation Form. In Table 4, we compare the performance
of feature- and logit-based distillation. In feature distilla-
tion, we align the features extracted by the teacher and stu-
dent image encoders. Through careful hyperparameter tun-
ing, we find that logit distillation yields significantly better
results than the feature method. One possible reason is that
the image feature space alignment is more difficult than the
logit space alignment due to differences in the structure of
the teacher and student models.
Distillation Method. In Table 5, we compare the perfor-
mance of different distillation methods. “Projector Only”
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represents that there is only the projector module in the stu-
dent image encoder and no learnable prompts. “Full Fine-
tune” means that we fine-tune all parameters of the student
CLIP model like CLIP-KD [44]. “w/o Shared Text Fea-
ture” means that we train the student model using its own
text encoder along with learnable prompts to generate text
features. The results indicate that the foundational designs
of PromptKD, encompassing prompt-based distillation and
shared class vectors from the teacher, play a crucial role in
determining the ultimate performance.

Method Base Novel HM

CLIP 72.43 68.14 70.22

Projector Only 78.48 72.79 75.53
Full Fine-tune 75.90 70.95 73.34
w/o Shared Text Feature 78.79 73.37 75.98

PromptKD 79.27 73.39 76.22

Table 5. Ablation study of different distillation ways.

Teacher Pre-training Method. In Table 6, we conduct
experiments employing various methods for teacher pre-
training, such as vanilla CLIP and MaPLe. The table illus-
trates that a higher accuracy attained by the teacher model
through pre-training aligns with the improved distillation
performance of the student model. Notably, any type of
teacher model can enhance the student model with a non-
trivial improvement.

Role (Method) Img Backbone Base Novel HM

CLIP ViT-B/16 72.43 68.14 70.22
PromptSRC ViT-B/16 77.60 70.73 74.01

Teacher (CLIP) ViT-L/14 79.18 74.03 76.52
Student ViT-B/16 76.53 72.58 74.50

Teacher (MaPLe) ViT-L/14 82.79 76.88 79.73
Student ViT-B/16 78.43 73.61 75.95

Teacher (PromptSRC) ViT-L/14 83.24 76.83 79.91
Student ViT-B/16 79.27 73.39 76.22

Table 6. Comparison of different pre-training methods. Teacher
pre-training with PromptSRC brings the best student performance.

Distillation with Different Pre-trained Teachers. In this
part, we investigate the impact of using teacher models with
different capacities on the performance of the student mod-
els, as shown in Fig. 5. We adopt the ViT-B/16 and ViT-
B/32 CLIP models using the official PromptSRC code and
employ them as pre-trained teacher models. The results
indicate that stronger teacher models lead to better perfor-
mance in distillation.
Inference Cost Analysis. In Table 7, we show the infer-
ence cost analysis and compare it with other prompt learn-
ing methods including CoOp, CoCoOp, and PromptSRC.
The inference cost for all methods is calculated on a sin-
gle A100 GPU on SUN397. The results indicate that our
method is more efficient than previous methods during in-
ference, affirming its practicality in real-world applications.
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Figure 5. Comparison of distillation results for teachers with dif-
ferent capacities. Better teachers lead to better performance.

Method GFLOPs (test) FPS HM

CoOp 162.5 1344 71.66
CoCoOp 162.5 15.08 75.83

PromptSRC 162.8 1380 79.97

PromptKD 42.5 1710 83.73

Table 7. Comparison of computation costs among existing meth-
ods on the SUN397 dataset. Our PromptKD is more efficient than
previous methods during testing.

5. Conclusion

In this paper, we introduce a two-stage unsupervised prompt
distillation framework for Vision-Language Models, which
aims to transfer the knowledge of a large CLIP teacher
model to a lightweight CLIP student model through prompt
imitation using unlabeled domain data. Our method first
pre-trains a large teacher model on domain few-shot la-
beled data and then performs student prompt distillation
on extensive unlabeled domain data. By leveraging CLIP’s
unique decoupled-modality property, we propose to reuse
pre-stored teacher text features and incorporate them into
the student image encoder for both distillation and inference
purposes. Extensive experiments on 11 recognition datasets
demonstrate the effectiveness of our method.

Limitations and future work. The effectiveness of the dis-
tillation method is intricately tied to the knowledge trans-
ferred through unlabeled domain samples. When the distil-
lation data lacks representation from the target domain, the
generalization capability of the distilled student model to-
wards that specific domain may be biased or weakened. In
the future, we plan to explore potential regularization meth-
ods to mitigate these issues.
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