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Abstract

Contrastive Language-Image Pre-training (CLIP) has
become a promising language-supervised visual pre-
training framework. This paper aims to distill small CLIP
models supervised by a large teacher CLIP model. We
propose several distillation strategies, including relation,
feature, gradient and contrastive paradigms, to examine
the effectiveness of CLIP-Knowledge Distillation (KD). We
show that a simple feature mimicry with Mean Squared
Error loss works surprisingly well. Moreover, interac-
tive contrastive learning across teacher and student en-
coders is also effective in performance improvement. We
explain that the success of CLIP-KD can be attributed
to maximizing the feature similarity between teacher and
student. The unified method is applied to distill sev-
eral student models trained on CC3M+12M. CLIP-KD im-
proves student CLIP models consistently over zero-shot
ImageNet classification and cross-modal retrieval bench-
marks. When using ViT-L/14 pretrained on Laion-400M
as the teacher, CLIP-KD achieves 57.5% and 55.4% zero-
shot top-1 ImageNet accuracy over ViT-B/16 and ResNet-
50, surpassing the original CLIP without KD by 20.5%
and 20.1% margins, respectively. Our code is released on
https://github.com/winycg/CLIP-KD.

1. Introduction
Language-supervised image pre-training has attracted

widespread attention for visual representation learning. As
a representative work, CLIP (Contrastive Language-Image
Pre-training) [36] applies contrastive learning to (image,
text) pairs. It guides the model to predict the correct (im-
age, text) pair among the candidate image and text samples.
Pre-trained CLIP models show excellent versatility in zero-
shot multimodal and unimodal visual tasks.

∗ Corresponding author

Some recent works improve CLIP using an extra visual
self-supervision task [23, 33] or mask images [24, 55]. The
pre-trained CLIP model is also introduced as a remark-
able teacher to guide downstream visual pre-training [21,
35, 46]. However, few previous works explore improv-
ing the valuable small CLIP models in resource-constrained
applications. This paper introduces CLIP-Knowledge Dis-
tillation (KD), which aims to enhance a small student
CLIP model supervised by a pre-trained large teacher CLIP
model. The state-of-the-art TinyCLIP [48] also investigates
CLIP distillation. A critical core of TinyCLIP is weight
inheritance, which transfers part weights from the well-
trained teacher model to a smaller student model. How-
ever, this mechanism needs the teacher and student models
to have the same architecture-style, e.g., ViT-B/32 [8] to
ViT-61M/32 and ResNet-101 [12] to ResNet-30M, limiting
the scope of practical applications. This paper provides a
comprehensive study on distilling small CLIP models from
relation, feature, gradient, and contrastive paradigms. Our
CLIP-KD does not rely on architectural-cue and can gener-
alize to any teacher-student architecture pair.

Given the teacher and student CLIP models, we design
distillation strategies from the view of mimicry and interac-
tion. For mimicry learning, we guide the student to align
the corresponding knowledge generated from the teacher,
which is a basic framework in KD [3, 15, 38]. The core
question is how to construct meaningful knowledge. Under
CLIP, we build contrastive image-to-text relationships, (im-
age, text) features and gradients for mimicry. For interactive
learning, we combine the teacher and student for joint con-
trastive learning, letting the student learn from the teacher
implicitly. For example, the student is regarded as an an-
chor to contrast the teacher embeddings. We also aggregate
the student and teacher features for CLIP training.

We train CLIP models over Conceptual [4, 40] datasets
and evaluate pre-trained models over zero-shot Ima-
geNet [5] classification and cross-modal retrieval on
MSCOCO [29] and Flickr [57]. All proposed distilla-
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tion methods improve the student CLIP models with vari-
ous margins. Surprisingly, a simple feature mimicry with
Mean Squared Error loss could achieve the best perfor-
mance. Moreover, interactive contrastive learning fulfills
the second-best performance. We find that the distillation
performance is in line with how much the feature similarity
between teacher and student is maximized. This explains
why various KD methods have different performance. The
unified method is used to distill a series of student net-
works with different architectures and achieves consistent
improvements. For example, when trained on CC3M+12M,
CLIP-KD improves MobileViT-S from 32.6% to 36.0% on
zero-shot ImageNet accuracy, reducing the gap with the
teacher ViT-B/16’s 37.0%. When using ViT-L/14 pretrained
on Laion-400M [39] as the teacher, CLIP-KD increases
ViT-B/16 trained on CC3M+12M with a 20.5% zero-shot
ImageNet accuracy gain compared to the baseline.

The main contributions are summarized as follows:
• We propose several distillation strategies, including rela-

tion, feature, gradient and contrastive paradigms, to ex-
amine the effectiveness of CLIP-KD. A simple feature
mimicry loss works surprisingly well. Interactive con-
trastive learning also achieves good performance.

• We explain that a good CLIP distillation method could
maximize the feature similarity between teacher and stu-
dent models. Intuitively, if the student’s features perfectly
align with the teacher’s features, their performance gap
could disappear.

• We provide comprehensive guidelines for CLIP-KD.
Compared to state-of-the-art TinyCLIP [48], our CLIP-
KD does not rely on architecture-cue and achieves better
performance on both the same- and different-architecture
styles of the teacher-student models.

2. Related Works
Language-Supervised Learning. Some previous multi-
modal works explore visual representations supervised by
language. A critical problem is how to create meaningful in-
teraction between visual and linguistic. CLIP [36] is a rep-
resentative approach using contrastive learning over image-
text pairs. ALIGN [18] utilizes larger-scale contrastive pairs
with noisy text supervision. Contrastive multi-modal learn-
ing [9, 58–60] has popularized exploring cross-modal cor-
relation. Beyond the contrastive paradigm, generative ap-
proaches [1, 6, 44] have been examined for visual-linguistic
learning. Our method focuses on CLIP distillation that im-
proves the performance of the small CLIP models.

CLIP Variants. Some recent works attempt to improve
CLIP with better performance and efficiency. SLIP [33]
combines CLIP and visual self-supervised learning as a
multi-task framework. MaskCLIP [7] introduces mask
self-distillation to train an image EMA encoder for CLIP.
DeCLIP [23] performs data-efficient pre-training through

multi-dimension supervision signals. Beyond auxiliary su-
pervision, FLIP [24] and A-CLIP [55] conduct image mask-
ing over the input to accelerate CLIP training and achieve
a better trade-off between performance and efficiency. In
contrast, our paper focuses on CLIP compression using KD
instead of a new CLIP method.

Multi-Modal Knowledge Distillation. Knowledge Dis-
tillation (KD) [15] has been applied to a broad range of
tasks, such as visual recognition [17, 25, 26, 50, 52], lan-
guage model compression [19], and multi-modal represen-
tation learning [10, 27]. DistillVLM [10] aligns hidden at-
tention distributions and feature maps between teacher and
student. This simple yet effective idea has been applied to
many multi-modal KD works [22, 28, 45]. Recently, Tiny-
CLIP [48] also aims for CLIP distillation and achieves sat-
isfactory performance via affinity mimicking and weight in-
heritance. However, the weight inheritance mechanism re-
quires the same architecture-style between teacher and stu-
dent models. By contrast, CLIP-KD could adapt any archi-
tecture pair without considering architectural correlation.

3. Methodology
3.1. A Brief Review of CLIP

CLIP (Contrastive Language-Image Pre-Training).
Given a set of (image, text) pairs denoted as D =

{(Ik, Tk)}|D|
k=1, CLIP performs an image-text alignment

task to push the paired image-text close and unpaired ones
apart in the feature embedding space. The CLIP framework
includes a visual encoder fi and a text encoder ft to trans-
form the image Ik and the text Tk into feature embeddings
vk and sk respectively, i.e. vk = fi(Ik), sk = ft(Tk).
Here, all embeddings are post-processed by l2 normaliza-
tion. CLIP adopts InfoNCE-based [34] contrastive loss to
maximize the similarity between vk and sk against other
negative samples. Given the image embedding vk as the
anchor, the image-to-text contrastive loss is formulated as:

LI→T = − log
exp(vk · sk/τ)∑|B|
b=1 exp(vk · sb/τ)

. (1)

CLIP conducts a symmetric image-text alignment con-
trastive loss. Given the text embedding sk as the anchor,
the text-to-image contrastive loss is formulated as:

LT→I = − log
exp(sk · vk/τ)∑|B|
b=1 exp(sk · vb/τ)

. (2)

Here, · denotes the dot product to measure the similarity,
τ is a learnable temperature to scale the distribution. In
practice, the negative samples are retrieved from the mini-
batch B. The total loss of CLIP is formulated as:

LCLIP =
1

2
(LI→T + LT→I). (3)
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(d) Gradient Distillation (GD).
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Figure 1. Illustration of various CLIP knowledge distillation approaches proposed in this paper.

3.2. CLIP Knowledge Distillation

In this section, we propose several CLIP distillation meth-
ods and illustrate the overview of details in Fig. 1.

3.2.1 Contrastive Relational Distillation

The core idea of CLIP is to maximize the similarity be-
tween the paired image-text embeddings over the con-
trastive similarity distribution. Therefore, the straightfor-
ward knowledge type is output-oriented contrastive distri-
bution for Contrastive Relational Distillation (CRD). This
idea is also used by some previous works for image clas-
sification [11, 51, 54], object detection [56] and semantic
segmentation [53]. The contrastive distribution captures the
structured relationships among feature embeddings. A good
teacher often constructs a well-structured feature space.
CRD makes the student mimic better structured semantic
relations from the teacher, further improving the quality of
feature representations.

Given a mini-batch B = {(Ik, Tk)}|B|
k=1, the gener-

ated (visual, text) embeddings from teacher and student are
{(vTk , sTk )}

|B|
k=1 and {(vSk , sSk )}

|B|
k=1, respectively. Given the

k-th image embedding vk as an anchor, the teacher and stu-
dent image-to-text contrastive distributions pTk ∈ R|B| and
pSk ∈ R|B| are formulated as:

pTk [j] =
exp(vTk · sTj /τT)∑|B|
b=1 exp(v

T
k · sTb /τT)

, (4)

pSk [j] =
exp(vSk · sSj /τS)∑|B|
b=1 exp(v

S
k · sSb /τS)

. (5)

Here, j ∈ [1, 2, · · · , |B|] denotes the index of the con-
trastive distribution. Symmetrically, given the text embed-
ding sk as an anchor, the teacher and student text-to-image
contrastive distributions qTk ∈ R|B| and qSk ∈ R|B| are for-
mulated as:

qTk [j] =
exp(sTk · vTj /τT)∑|B|
b=1 exp(s

T
k · vTb /τT)

, (6)
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qSk [j] =
exp(sSk · vSj /τS)∑|B|
b=1 exp(s

S
k · vSb /τS)

. (7)

We align the contrastive distributions between teacher
and student via KL-divergence loss. For image-to-text
and text-to-image, the distillation losses are formulated as
Eq.(8) and Eq.(9):

LCRD I→T =
1

|B|

|B|∑
k=1

|B|∑
j=1

pTk [j] log
pTk [j]

pSk [j]
, (8)

LCRD T→I =
1

|B|

|B|∑
k=1

|B|∑
j=1

qTk [j] log
qTk [j]

qSk [j]
. (9)

The total CRD loss for CLIP distillation is summarized as:

LCRD = LCRD I→T + LCRD T→I . (10)

3.2.2 Feature Distillation

A simple yet effective way is to align feature embeddings
between teacher and student to reduce the knowledge gap
directly. Intuitively, if the student’s features perfectly align
with the teacher’s features, their performance gap could dis-
appear. We guide the student to mimic the teacher’s visual
and text embeddings via Mean Squared Error (MSE) loss:

LFD =
1

|B|

|B|∑
k=1

(
∥∥vTk − vSk

∥∥2
2
+
∥∥sTk − sSk

∥∥2
2
). (11)

Here, when the embedding sizes between teacher and stu-
dent are different, we apply a linear projection head to stu-
dent embeddings to match the dimension.

3.2.3 Masked Feature Distillation

The core idea of masked image modeling [2, 13, 49] is to
recover the masked regions using contextual information
modeling by a vision transformer. In the scenario of dis-
tillation, the teacher is a good supervisor that could provide
valuable information to help the student recover the visual
semantics given the masked image as input. Like FD, we
utilize MSE loss to align the student’s and teacher’s visual
and text embeddings. The difference is that Masked Fea-
ture Distillation (MFD) uses masked images as the input to
a student. The patch masking algorithm is followed from
MAE [13]. The total loss of MFD is formulated as:

LMFD =
1

|B|

|B|∑
k=1

(
∥∥vTk − ṽSk

∥∥2
2
+
∥∥sTk − sSk

∥∥2
2
), (12)

where ṽSk is the visual embedding based on the masked in-
put image.

3.2.4 Gradient Distillation

The gradient information often shows how the model re-
sponds to changes according to inputs. We propose to force
the gradient consistency between teacher and student using
the derivative w.r.t the visual and text embeddings. By this
means, the student could better understand how the output
should change according to the input. This helps the student
behave more similarly to the teacher.

We align the gradient information w.r.t each visual and
text embedding between teacher and student via MSE loss:

LGD =
1

|B|

|B|∑
k=1

(

∥∥∥∥∂LT
CLIP

∂vTk
− ∂LS

CLIP

∂vSk

∥∥∥∥2
2

+

∥∥∥∥∂LT
CLIP

∂sTk
− ∂LS

CLIP

∂sSk

∥∥∥∥2
2

). (13)

Derivations in Eq.(13) are shown in Appendix Section 1.

3.2.5 Interactive Contrastive Learning

To facilitate the interaction between teacher and student, we
propose Interactive Contrastive Learning (ICL) across the
student and teacher feature encoders. It regards the student
as an anchor to contrast the teacher’s embeddings. Given
the student image embedding vSk , the contrastive text em-
beddings denoted as {sTb }

|B|
b=1 are from the teacher text en-

coder instead of the student text encoder. The image-to-text
ICL loss is formulated as:

LICL I→T = − log
exp(vSk · sTk /τ)∑|B|
b=1 exp(v

S
k · sTb /τ)

. (14)

Symmetrically, given the student text embedding sSk , the
contrastive image embeddings denoted as {vTb }|B|

b=1 are
from the teacher visual encoder. The text-to-image ICL loss
is formulated as:

LICL T→I = − log
exp(sSk · vTk /τ)∑|B|
b=1 exp(s

S
k · vTb /τ)

. (15)

The total loss of ICL is summarized as:

LICL =
1

2
(LICL I→T + LICL T→I). (16)

We demonstrate that minimizing LICL is connected to max-
imizing the lower bound of mutual information between
teacher and student networks. The mutual information mea-
sures the uncertainty reduction in contrastive feature em-
beddings from the teacher network when the anchor embed-
ding from the student network is known. By maximizing
the lower bound of mutual information, the student network
learns more common knowledge from the teacher network,
leading to better feature representations. The theoretical
proof is shown in Appendix Section 2.
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Table 1. Comparison of CLIP distillation losses trained from CC3M+12M on zero-shot ImageNet-related classification and cross-
modal retrieval on CC3M Val, MSCOCO and Flickr. The numbers in bold denote the best results for individual methods (the third
block) and unified methods (the fourth block), respectively. The ’T’ and ’S’ tags represent the teacher and student roles, respectively.

Method IN INV2 IN-R IN-S CC3M Val MSCOCO Flickr
Acc Acc Acc Acc I2T T2I I2T T2I I2T T2I

T: ViT-B/16 37.0 32.1 48.4 26.0 40.2 39.5 25.0 24.7 54.6 56.6

S: ViT-T/16 30.6 25.6 35.7 17.4 33.3 33.3 20.7 20.3 46.4 47.7
+CRD 31.9 27.6 38.8 19.6 35.3 34.9 21.4 20.7 48.8 49.9
+FD 34.2 29.5 42.7 21.4 37.1 36.9 22.5 22.2 51.1 51.3
+MFD 34.1 29.5 42.3 21.2 37.4 36.9 22.9 22.1 50.9 51.1
+GD 31.5 27.0 37.9 19.1 34.5 34.0 21.3 20.9 47.5 48.3
+ICL 33.1 28.2 40.6 20.8 36.1 35.8 21.8 21.7 50.5 50.4
+AFD 31.4 26.9 37.8 18.6 34.6 34.7 20.9 20.5 47.3 48.7

+FD+ICL 34.6 30.0 43.2 22.0 37.9 37.6 23.0 22.5 51.7 51.9
+FD+ICL+CRD 34.9 30.1 43.5 21.9 38.2 37.9 23.1 22.6 52.3 52.4
+FD+ICL+CRD+GD 34.8 29.9 42.8 22.0 38.1 37.7 23.3 22.5 52.4 52.3
+FD+ICL+CRD+AFD 34.8 30.1 43.6 21.6 38.2 37.7 23.0 22.5 52.2 52.4

3.2.6 Augmented Feature Distillation

To help the interaction between teacher and student, we pro-
pose to augment the student embeddings using the teacher
embeddings by a fusion encoder. We hope the teacher can
guide the student to optimize a meaningful visual-text em-
bedding space. We introduce a visual fusion encoder ϕi and
a text fusion encoder ϕt to aggregate the student and teacher
embeddings:

vAk = ϕi(v
S
k ||vTk ), sAk = ϕt(s

S
k ||sTk ). (17)

Here, || is the concatenation operator, and the fusion en-
coder is a simple linear projection layer. The augmented
feature embeddings (vAk , sAk ) are applied to the general
CLIP contrastive loss as Eq.(3).

3.2.7 Overall Loss of CLIP Distillation.

We summarize the original CLIP task and distillation losses
to jointly train a student model:

LCLIP KD = LCLIP + λLKD. (18)

Here, LKD ∈ {LCRD,LFD,LMFD,LGD,LICL,LAFD}
represents a distillation loss. λ is a distillation loss weight
to scale the magnitude. Multiple distillation losses can be
selectively utilized together.

4. Experiments
4.1. Experimental Setup

Dataset. We use Conceptual Captions 3M (CC3M) [40]
and Conceptual 12M (CC12M) [4] for vision-and-language
pre-training. We follow the consistent evaluation protocol

Table 2. Configuration of paired visual and text encoders.

Visual encoder Text encoder: Transformer [42]
Model Type Params Layer Width Head Params

ViT-L/14 [8]

ViT

304.0M 12 768 12 85.1M
ViT-B/16 [8] 86.2M 12 512 8 37.8M
ViT-T/16 [8] 5.6M

12 384 6 21.3MMobileViT-S [32] 5.3M
Swin-T [30] 27.9M

ResNet-101 [12],

CNN

56.3M 12 512 8 37.8MResNet-50 [12], 38.3M
ResNet-18 [12], 11.4M

12 384 6 21.3MMobileNetV3 [16] 2.0M
EfficientNet-B0 [41] 4.7M

with CLIP-related works [24, 47]. The CC3M validation
set, including 13K image-text pairs, is used for cross-modal
retrieval evaluation. For zero-shot classification, we utilize
the ImageNet (IN) [5] validation set and its several variants,
such as ImageNet-V2 (IN-V2) [37], ImageNet-Rendition
(IN-R) [14] and ImageNet-Sketch (IN-S) [43] for evalu-
ation. For zero-shot cross-modal image/text retrieval, we
adopt MSCOCO [29] and Flickr [57] for evaluation.

Evaluation metrics. Following the standard setting, we
employ Recall@K (R@K) to measure the retrieval perfor-
mance in K nearest neighbours. By default, we use top-1
accuracy (Acc) for image classification and R@1 for Image-
to-Text (I2T) and Text-to-Image (T2I) retrieval.

Configuration of visual and text encoders. As shown
in Table 2, We show the configuration of visual and text
encoders, followed by open clip1 codebase.

Training details. We adopt an AdamW optimizer [31]
with an initial learning rate of 0.001 and a weight decay of
0.1. A cosine learning rate schedule is applied with a linear
warm-up for 10K iterations in 32 epochs. Experiments are

1https://github.com/mlfoundations/open clip
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Table 3. Distillation performance trained from CC3M+12M for cross-modal retrieval on CC3M, MSCOCO and Flickr validation set.

Method CC3M MSCOCO Flickr Method CC3M MSCOCO Flickr
I2T T2I I2T T2I I2T T2I I2T T2I I2T T2I I2T T2I

T: ViT-B/16 40.2 39.5 25.0 24.7 54.6 56.6 T: ResNet-101 41.4 40.5 25.2 25.7 57.0 55.5

S: MobileViT-S 36.0 35.6 22.3 22.9 50.1 53.0 S: MobileViT-S 36.0 35.6 22.3 22.9 50.1 53.0
+CLIP-KD 39.4 38.6 26.1 24.9 55.0 56.2 +CLIP-KD 39.9 38.6 26.0 25.3 57.6 56.1

S: Swin-T 39.8 39.2 24.7 25.3 53.4 54.4 S: Swin-T 39.8 39.2 24.7 25.3 53.4 54.4
+CLIP-KD 43.7 42.5 28.5 28.6 62.2 60.9 +CLIP-KD 44.2 43.0 27.8 28.9 60.8 61.5

S: MobileNetV3 28.1 27.5 15.3 15.0 36.9 38.0 S: MobileNetV3 28.1 27.5 15.3 15.0 36.9 38.0
+CLIP-KD 30.1 28.6 17.9 16.0 42.4 42.3 +CLIP-KD 30.2 29.4 17.2 16.6 40.2 42.2

S: EfficientNet-B0 35.4 34.9 21.7 21.1 48.3 50.1 S: EfficientNet-B0 35.4 34.9 21.7 21.1 48.3 50.1
+CLIP-KD 39.0 38.0 26.0 23.9 55.5 54.2 +CLIP-KD 37.4 36.8 24.7 24.6 55.8 56.2

S: ResNet-18 31.1 30.4 19.2 18.6 41.0 43.3 S: ResNet-18 31.1 30.4 19.2 18.6 41.0 43.3
+CLIP-KD 34.2 33.0 21.3 19.8 47.8 47.1 +CLIP-KD 34.7 33.7 21.0 20.9 48.8 48.4

run over 8 NVIDIA A800 GPUs. The batch size is 1024,
where each GPU holds 128 samples. For the weight of each
distillation loss, we set λCRD = 1, λFD = λMFD = 2000,
λGD = 108 and λICL = 1. The learnable temperature τ
is initialized from 0.07. Other training settings are followed
from the original CLIP [36]. The detailed hyper-parameter
experiments are shown in Appendix Section 3.

4.2. Ablation Study of Distillation Losses

In this section, we examine the effectiveness of various
CLIP distillation approaches. As shown in Table 1, we con-
duct a comprehensive comparison on zero-shot ImageNet-
related classification and cross-modal retrieval. Any indi-
vidual distillation loss could boost the student performance
over the baseline. Feature Distillation (FD) with a sim-
ple MSE mimicry loss achieves the best distillation perfor-
mance among them. It improves the student by 3.6% top-
1 accuracy on ImageNet, 3.7%, 1.9% and 4.2% R@1 val-
ues on CC3M, MSCOCO and Flickr, respectively. We fur-
ther evaluate MFD by applying image patch masking into
FD. MFD shows similar performance with FD, therefore
we do not introduce this technique for CLIP-KD. Beyond
MFD, ICL and CRD become the second- and third-best ap-
proaches for overall zero-shot performance. GD and AFD
lead to relatively moderate performance gains compared to
the baseline.

We further combine loss terms to investigate the unified
distillation approach. The combination of FD+ICL outper-
forms the single FD or ICL, indicating that FD and ICL
are complementary. We further apply CRD to FD+ICL,
and the performance is improved continually. Moreover,
we find adding GD or AFD to FD+ICL+CRD may not
lead to performance gains. In summary, the combination
FD+CRD+ICL performs best in 6 out of 10 cases. By de-
fault, we utilize this unified method for distilling various
CLIP models in this paper.

4.3. Distilling CLIP Models

Given the pretrained teacher CLIP model, we distill several
lightweight student CLIP models with various architectures.
The results are evaluated on zero-shot retrieval and Ima-
geNet classification. We also report linear evaluation ex-
periments on MS-COCO object detection and instance seg-
mentation in Appendix Section 3.

4.3.1 Cross-Modal Retrieval on CC3M

Table 3 reports distillation performance supervised by ViT-
B/16 and ResNet-101 as teachers. The proposed KD ap-
proach improves student performance over various net-
work architectures consistently. Supervised by ViT-B/16 for
image→text retrieval, KD leads to 2.0%∼3.9% R@1 gains
on MobileViT-S, Swin-T, MobileNetV3, EfficientNet-B0
and ResNet-18, respectively. For text→image retrieval,
KD results in 1.1%∼3.4% R@1 gains on these net-
works. Supervised by ResNet-101, KD boosts the base-
line by 2.0%∼4.4% R@1 for image→text retrieval, and
1.9%∼3.8% R@1 for text→image retrieval, over these five
student networks, respectively. The results demonstrate the
effectiveness of CLIP-KD over a series of networks. More-
over, the architectural difference between ViT and CNN
does not affect CLIP-KD’s performance. This is because
our CLIP-KD only considers the final output embeddings
for distillation instead of information from hidden layers.

4.3.2 Zero-Shot Cross-Modal Retrieval

As shown in Table 3, we further transfer student CLIP mod-
els to zero-shot cross-modal retrieval on MSCOCO and
Flickr. Supervised by the teacher ViT-B/16, KD outper-
forms the baseline by 2.1%∼4.3% MSCOCO R@1 mar-
gins for image→text retrieval, and 1.0%∼3.3% MSCOCO
R@1 margins for text→image retrieval on various net-
works. On Flickr, R@1 gains are 4.9%∼8.8% for
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Table 4. Distillation performance of zero-shot ImageNet and its variants on top-1 classification accuracy (%) trained on CC3M+12M.

Method IN-1K INV2 IN-R IN-S Method IN-1K INV2 IN-R IN-S

T: ViT-B/16 37.0 32.1 48.4 26.0 T: ResNet-101 36.8 31.9 49.2 26.7

S: MobileViT-S 32.6 27.6 39.5 20.1 S: MobileViT-S 32.6 27.6 39.5 20.1
+CLIP-KD 36.0 31.1 44.5 23.5 +CLIP-KD 35.0 30.1 43.7 22.7

S: Swin-T 36.4 31.1 45.9 24.4 S: Swin-T 36.4 31.1 45.9 24.4
+CLIP-KD 40.2 34.9 51.4 28.2 +CLIP-KD 39.5 34.2 51.9 28.1

S: MobileNetV3 25.1 20.7 29.2 13.4 S:MobileNetV3 25.1 20.7 29.2 13.4
+CLIP-KD 27.0 23.0 30.6 14.1 +CLIP-KD 26.2 22.2 29.3 13.7

S: EfficientNet-B0 32.6 27.8 40.9 20.7 S:EfficientNet-B0 32.6 27.8 40.9 20.7
+CLIP-KD 35.4 30.6 44.7 23.7 +CLIP-KD 34.6 29.4 44.4 23.1

S: ResNet-18 28.6 24.0 35.3 18.1 S:ResNet-18 28.6 24.0 35.3 18.1
+CLIP-KD 31.4 26.9 39.2 20.0 +CLIP-KD 30.9 25.9 38.0 19.5

image→text retrieval, and 3.2%∼6.5% for text→image re-
trieval. Supervised by the teacher ResNet-101, KD leads to
1.8%∼3.7% R@1 improvements for image→text retrieval,
and 1.6%∼3.6% R@1 improvements for text→image re-
trieval on MSCOCO. On Flickr, KD results in 3.3%∼7.8%
R@1 gains for image→text retrieval, and 3.1%∼7.1% for
text→image retrieval. The results reveal the transfer ability
to zero-shot cross-modal retrieval using CLIP-KD.

4.3.3 Zero-Shot ImageNet-Related Classification

In Table 4, we transfer the student CLIP models to zero-
shot ImageNet classification for visual recognition and
ImageNet-variants for robustness evaluation. For ImageNet
classification supervised by ViT-B/16, KD improves 3.4%,
3.8%, 1.9%, 2.8% and 2.8% top-1 accuracy gains over
MobileViT-S, Swin-T, MobileNetV3, EfficientNet-B0 and
ResNet-18, respectively. Supervised by ResNet-101, KD
achieves 2.4%, 3.1%, 1.1%, 2.0% and 2.3% top-1 accuracy
improvements over five networks, respectively. The results
show that CLIP-KD can help downstream visual recogni-
tion effectively. Extensive experiments over ImageNet vari-
ants indicate that CLIP-KD can lead to clear accuracy gains
over baseline.

After distillation, Swin-T even outperforms the teacher
models. There are two reasons to explain this phenomenon.
On the one hand, Swin-T is a powerful model, and the
performance gaps with teacher models are small. On the
other hand, CLIP-KD transfers meaningful knowledge from
teacher models to Swin-T, improving its performance and
surpassing teacher models.

4.3.4 Transferred from Laion-400M

Cross-dataset comparison. In Table 5, we use the teach-
ers pretrained from Laion-400M [39] to distill student CLIP
models trained on CC3M+12M. We find that the teacher

ViT-B/16 pre-trained on Laion-400M significantly outper-
forms its counterpart pre-trained on CC3M+12M to distill
a student ViT-T/16. It shows a 7.7% ImageNet accuracy
gain and an average cross-modal retrieval improvement of
6.8%. The results demonstrate the CLIP-KD can effectively
transfer knowledge from a large-scale dataset to improve
CLIP models trained on a small-scale dataset. The advan-
tage helps the model learn knowledge from a large-scale
dataset without training too many data samples.

Impact of teacher models with different sizes. In Ta-
ble 5, we use ViT-L/14 or ViT-B/16 as two teachers to inves-
tigate the impact of teacher sizes on CLIP-KD. Both of two
teachers enhance the student ViT-T/16 over baseline with
substantial margins. However, it is counter-intuitive that the
more capable ViT-L/14 underperforms the weaker ViT-B/16
for distillation. One possible reason is that a large teacher
and a small student may exist capacity gaps, making the stu-
dent difficult to align with the teacher. This may become an
open issue for future research.

Comparison with TinyCLIP. CLIP-KD achieves better
performance than state-of-the-art TinyCLIP [48] by 1.8%
ImageNet accuracy and 1.7% cross-modal retrieval gains
on average. Moreover, we do not provide the results of
ResNet-50 for TinyCLIP, because TinyCLIP only supports
the teacher and student with the same architecture-style.
The results show that CLIP-KD is a more preferable method
than TinyCLIP in performance and practicability.

4.4. Analysis

In this section, we conduct thorough analyses and abla-
tion experiments to investigate CLIP-KD. Unless otherwise
specified, the teacher and student visual encoders are ViT-
B/16 and ViT-T/16, respectively.

Training curve of CLIP-KD As shown in Fig. 2, we
illustrate some statistics and analyses of CLIP-KD during
the training procedure:

(1) Training loss analysis. Fig. 2a shows training curves
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Table 5. Distillation performance of zero-shot ImageNet and
cross-modal retrieval trained on CC3M+12M. The teachers are
pretrained on Laion-400M before distillation. ’(from Tx)’ indi-
cates that the student is distilled from the teacher Tx.

Method IN-1K MSCOCO Flickr
Acc I2T T2I I2T T2I

T1: ViT-L/14 72.8 42.7 40.9 80.5 79.5
T2: ViT-B/16 67.1 39.5 36.5 76.9 75.5

S: ViT-T/16 30.6 20.7 20.3 46.4 47.7
+TinyCLIP (from T1) 39.3 26.4 24.1 57.6 57.4
+TinyCLIP (from T2) 40.8 26.8 24.7 58.6 58.5
+CLIP-KD (from T1) 40.9 27.2 25.5 59.7 59.7
+CLIP-KD (from T2) 42.6 28.1 26.0 60.4 59.9

S: ViT-B/16 37.0 25.0 24.7 54.6 56.6
+TinyCLIP (from T1) 55.4 35.9 33.6 73.2 72.8
+CLIP-KD (from T1) 57.5 37.6 35.6 75.3 74.5

S: ResNet-50 35.3 23.5 24.7 55.1 55.0
+CLIP-KD (from T2) 55.4 36.3 33.4 73.0 72.2
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(a) Training loss.
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(b) (Pos-neg) pair similarity.

Figure 2. Training curves trained on CC3M+12M for CLIP-KD.

of various loss terms. As the training continues, all loss
values decrease and then converge until the end of train-
ing. CLIP-KD has lower task loss than that of the base-
line during the training since it is supervised by a pretrained
CLIP teacher. The task loss is often larger than the ICL loss,
because the teacher provides converged contrastive embed-
dings to the student in ICL, helping the student optimize
feature space readily.

(2) Sample similarity analysis. Fig. 2b shows the sim-
ilarity curve of positive minus negative pairs, which rep-
resents the relative distance between positive and negative
pairs. Contrastive learning expects positive pairs to have
higher similarities while negative pairs have lower similar-
ities. Both the baseline and CLIP-KD increase (positive-
negative) pair similarity during the training stage, indicat-
ing a discriminative embedding space is gradually learned.
CLIP-KD has higher similarity values than the baseline,
manifesting that it guides the student to learn more discrim-
inative features, further benefiting downstream tasks.

Interpreting why various KD methods have different
performance. As shown in Figure 3, we analyze various
KD methods in different performance from the view of co-
sine and CKA [20] similarities between student and teacher
features after distillation. We find student accuracy is in line
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(a) Similarity statistics of image features.
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(b) Similarity statistics of text features.

Figure 3. Similarity statistics between teacher and student fea-
tures after distillation trained on CC3M+12M. vTk and vSk de-
note the teacher and student image features, respectively. sTk and
sSk denote the teacher and student text features, respectively.

with feature similarity. The larger similarity means that the
student learns more similar teacher features, reducing the
performance gap with the teacher. The simple FD performs
the best because it forces the student to increase the similar-
ity with teacher features directly.

However, FD does not consider informative contrastive
image-text relations. ICL is proposed to promote con-
trastive distillation and increase mutual information be-
tween teacher and student, resulting in high similarity. By
contrast, CRD, GD, and AFD are relatively weaker in en-
hancing similarity with the teacher, thus achieving limited
gains above baseline. Overall, FD+ICL is capable of fea-
ture alignment and contrastive distillation, which is the ma-
jor source of performance improvement.

5. Conclusion
This paper provides a comprehensive study on CLIP-KD by
examining several distillation strategies, including relation,
feature, gradient, and contrastive paradigms. Experimental
results show that the proposed distillation methods lead to
significant improvements on small CLIP models. We hope
our study can provide solid CLIP-KD guidelines on prac-
tical application and attract more attention to future CLIP
compression research.
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