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Abstract. Dataset distillation is a technique to generate compact syn-
thetic datasets which enable e�cient model training and knowledge trans-
fer. It relies on two critical procedures in distribution matching frame-
works: feature extraction and distribution alignment. Previous studies
have less attention on systematical investigations about how di�erent
feature extractors in�uence the performance of distilled datasets. To en-
rich research in this �led, this paper conducts comprehensive comparison
of four feature extractors including convolutional neural network (CNN),
ResNet-18, multilayer perceptron (MLP) and lightweight Vision Trans-
former (ViT), and further analyzes the impact of dynamic or �xed fea-
ture extractors. Experimental results indicates the optimal performance
of ConvNet and �nding that slight pre-training of feature extractors us-
ing image classi�cation tasks can promote the performance of distilled
datasets. This work provides empirical guidance for appropriate feature
extractors selection in distribution matching frameworks of dataset dis-
tillation.

Keywords: Dataset distillation · Distribution matching · Feature ex-
tractor selection · Representation Learning

1 Introduction

As a thriving research �eld in computer vision, dataset distillation has been at-
tracting increasingly signi�cant research interests. The main challenge of dataset
distillation lies in how to transfer crucial information from the original dataset
T to the distilled one S. Several frameworks have been proposed for dataset dis-
tillation problem, including bi-level optimization framework [12], kernel-based
optimization framework [9], parameter matching framework [1,15] and distribu-
tion matching framework [14,16].
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By considering dataset X as a sample of the distribution DX (X ∈ {S, T }),
the work�ow of distribution matching framework (Figure 1) can be described as
follows [14]:

Step 1: Extracts representation vectors via feature extractors from datasets
T and S respectively.
Step 2: Construct the dataset S by matching these two distributions DT and
DS .

ൎ𝒟𝒯

𝒮

{xi
𝒯ሽ

{xi
𝒮ሽ

~ 𝒟𝒯

~ 𝒟𝒮
Feature

extractor

Difference

Feature
extractor

Datasets Representation 
vectors

Distribution 
(Unknown)

Step 1: 
Extracting 

features

Step 2: 
Matching two 
distributions

Fig. 1: Work�ow of distribution matching framework. Black arrows indicate the
forward propagation process, orange arrows represent the backward propagation
process.

The procedure of training a neural network can be regarded as the net-
work learning the distribution of the dataset [3]. Thus the distribution matching
framework can be considered as extracting the distribution of the dataset T and
reconstructing the distribution in the dataset S.

Existing works have mainly focused on the design of matching target while
ignoring the importance of feature extraction [11,13,14]. In [16], the author pro-
vides a brief comparison regarding the performance of distilled dataset with
respect to the training epoch iteration.

In this paper, we propose that di�erent feature extractor impact the perfor-
mance of distilled dataset. To verify the validity of this opinion, we carefully
compare the performance of distilled dataset under di�erent feature extractors.
We select MLP, ConvNet, ResNet-18 and lightweight ViT as candidates.

The remainder of this paper is organized as follows: In section 2, we will
review some existing works on distribution matching approach. Section 3 will
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introduce the experimental setup and details. The experimental results and rel-
evant discussions will be presented in section 4. Finally, section 5 will conclude
the work of this paper.

2 Related Work

2.1 Dataset Distillation

As illustrated in section 1, dataset distillation refers to the task of constructing
another dataset S for a given dataset T , such that S serves as an alternative to
T [12]. Here alternative means that a neural network trained on S can achieve
comparable performance to one trained on T . This process involves distilling the
essential knowledge from the original dataset T into a smaller synthetic dataset
S, which retains the critical statistical properties and representational power
required to train models with equivalent e�cacy.

Mathematically, the goal of dataset distillation can be expressed as:

E(x,y)∼D[loss(fS(x), y)] ≈ E(x,y)∼D[loss(fT (x), y)] (1)

Here D is the real distribution of dataset T , fX describes the neural network
trained on dataset X (X = T /S), thus E(x,y)∼D[loss(f(x), y)] represents the
expectation risk of model f .

Distribution matching (DM) framework aims to achieve dataset distillation
by aligning the distributions of the synthesized dataset S and the original dataset
T .

2.2 Distribution matching

The vanilla DM method synthesizes the distilled dataset S based on the opti-
mization of the Maximum Mean Discrepancy (MMD) [4], minimizing the MSE
between the mean of the data representation distributions in T and S. The
MMD between two distributions is de�ned by:

MMD = sup
∥ψ∥H≤1

(ET [ψ (x)])− (ES [ψ (x)]) (2)

Here ψ(·) is the feature extractor, EX (X = T /S) refers to the expectation
calculated based on dataset X . In practical applications, the empirical estimate
of the MMD is used [14].

S∗ = argmin
S

E∥ 1

|T |

|T |∑
i=1

ψ(xi)−
1

|S|

|S|∑
i=1

ψ(xi)∥2 (3)

Furthermore, Improvements to vanilla DM mainly focus on two categories.
One is extracting more features: CAFE [11] aligns all feature maps in the same
feature extractor between samples in T and S; Improved distribution match-
ing (IDM) [16] enhances image minibatches and increases feature extractors,
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adding crossentropy loss to alignment features. The other is using better align-
ment methods: Inspired by transfer learning, M3D maps the distribution to a
reproducing kernel Hilbert space to measure distribution distance [13]. In exist-
ing research, the Wasserstein distance is also used for better alignment result
[8].

3 Experiments

3.1 Experiment settings

All experiments are conducted on dataset CIFAR-10 [6], which consists of 10
classes, each class contains 5,000 32× 32 images.

In [14], the author utilizes the �rst n−1 layers of the ConvNet as the feature
extractor and treats the last fully connected layer as a classi�er. In this paper,
following a similar approach, we also regard the �rst n − 1 layers of the neural
network as the feature extractor, and take their output as the representation of
the input data.

We select ConvNet [7], ResNet-18 [5], MLP [10] and lightweight ViT as fea-
ture extractors. The ConvNet consists of three identical convolution blocks, each
has a 3 × 3 convolution layer, an instance normalization layer, a ReLU activa-
tion operation and an average pooling operation sequentially (see Figure 2).
The MLP in our experiment consists of 2 hidden layers, both have 128 hidden
dimensions with activation function ReLU. The ResNet-18 is the standard orig-
inal form. The lightweight ViT network takes input images of size 32× 32, with
each patch sized 4 × 4. The output dimension of the embedding layer in this
network is 192. It consists of 12 transformer blocks, where the dimension of the
feed-forward network within each transformer block is 768. For the multi-head
attention mechanism, the network incorporates 12 attention heads(Tab. 1).

Conv2d
Instance 

Normalization
ReLU

Average 

pooling

Fig. 2: One convolution block of ConvNet

In the experiments of this paper, two kinds of feature extractors are used: the
�xed feature extractors and the dynamic ones. The �xed feature extractors re-
fer to those whose parameters remain frozen throughout the entire experiment.
Speci�cally, they are the embedding layers of corresponding pre-training neu-
ral networks. In contrast, when a dynamic feature extractor is used for feature
extraction, it always starts with a speci�ed neural network that is randomly
initialized. After training the network for the given number of epochs, its em-
bedding layers are employed as the feature extractor.
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Hyperparameters values

input size 32× 32
patch size 4× 4

transformer blocks 12
feed-forward dimension 768
embedding dimension 192
number of heads 12

Table 1: Hyperparameters of lightweight ViT

3.2 Experimental content

In this section, we explain the speci�c experimental details. This study comprises
three sets of experiments, as outlined below:

The �rst set of experiments compares the performance di�erences of distilled
datasets under various combinations of feature extractors and networks. For
networks, we select ConvNet and ResNet-18. The feature extractors are dynamic
ConvNet and ResNet-18, both of which are trained on the CIFAR-10 dataset for
0, 1, 2, and 3 epochs respectively.

The second set of experiments focuses on the performance of the distilled
dataset generated from using dynamic and �xed feature extractor. The perfor-
mance evaluation is conducted by training ConvNet. The feature extractors in
this part include ConvNet, ResNet-18, and MLP, all of which are trained on the
CIFAR-10 dataset for 0, 1, 2, and 3 epochs respectively.

The third set of experiments compares the in�uence of di�erent pre-training
epochs of feature extractors on the performance of the distilled dataset, with the
performance evaluation implemented by training ConvNet. The feature extrac-
tors include ConvNet, ResNet-18, MLP, and lightweight ViT. For �xed feature
extractor, they are trained on the CIFAR-10 dataset for 0-5, 10, 50, and 100
epochs respectively. For dynamic feature extractors, they are trained on the
CIFAR-10 dataset for 0, 1, 2, and 3 epochs respectively. Due to constraints on
training time, lightweight ViT is not included in the dynamic feature extractors
in this experiment set.

A summary of the above experimental contents is provided in Tab. 2.

4 Results and discussion

4.1 Comparison between di�erent network-feature extractor

combinations

Figure 3 demonstrates the performance of distilled dataset in experiment set 1.
The �gure shows that using ConvNet as the feature extractor and training the
ConvNet (the blue bar) exhibits the optimal performance across all scenarios
where the number of pre-training epochs is 0, 1, 2, and 3. The performance of
the ConvNet-ConvNet combination does not show a signi�cant increase with
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(a) Pre-training epoch = 0 (b) Pre-training epoch = 1

(c) Pre-training epoch = 2 (d) Pre-training epoch = 3

Fig. 3: Performance of dynamic feature extractor with di�erent pre-training
epochs. The legends have form "network-feature extractor"
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Experiment set Network Feature extractor Fixed/Dynamic Epochs

Architecture
ConvNet

ConvNet

Dynamic

0,1,2,3

ResNet-18

ResNet-18
ConvNet
ResNet-18

Dynamic/Fixed ConvNet

ConvNet
Dynamic
Fixed

ResNet-18
Dynamic
Fixed

MLP
Dynamic
Fixed

Epoch ConvNet

ConvNet

Fixed
ResNet-18 0,1,2,3,4,5

MLP 10,50,100
lightweight ViT

Table 2: Summary of experiments

the growth of the pre-training epochs of the feature extractor. However, the
performance of the other three combinations is relatively poor when the pre-
training epochs of the feature extractor are 0 (≤ 20%), but there is a notable
improvement (≥ 20%) once the pre-training epochs exceed 0. We argue that
this indicates that a slight pre-training of the feature extractor can e�ectively
enhance the performance of the distilled dataset.

4.2 Comparison between dynamic and �xed feature extractor

Figure 4 demonstrates the performance of distilled dataset in experiment set 2.
As shown in the �gure, when the feature extractor is ConvNet, there is no

signi�cant di�erence in the performance of the distilled dataset between the dy-
namic ConvNet and the �xed ConvNet. However, both consistently outperform
the distilled datasets generated by other feature extractors.

When the feature extractor is ResNet-18, increasing the pre-training epochs
from 0 to 3 consistently improves the performance of the distilled dataset, and
the performance improvement of the dynamic ResNet-18 is signi�cantly greater
than that of the �xed ResNet-18.

When the feature extractor is MLP, the dynamic MLP yields a well-performing
distilled dataset only when the pre-training epoch is 0, with such performance
even approaching that of the best-performing ConvNet feature extractor. In con-
trast, the �xed MLP results in relatively poor performance of the distilled dataset
but still better than that with feature extractor ResNet-18. It is also worth not-
ing that due to the strong �tting capacity of MLP, even though the small-scale
MLP is used, the use of pre-trained MLP embedding layers as feature extractors
ultimately led to gradient explosion in all experiments, as detailed in Figure
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(a) Pre-training epoch = 0 (b) Pre-training epoch = 1

(c) Pre-training epoch = 2 (d) Pre-training epoch = 3

Fig. 4: Comparison between dynamic and �xed feature extractor with network
ConvNet. The legends has form "feature extractor(Dynamic/Fixed)"
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4b-4d. Therefore, the possibility of using the embedding layers of pre-training
MLPs as feature extractors is not discussed further in this paper.

4.3 Comparison between di�erent training epoch of �xed feature

extractor

Figure 5-7 illustrate the performance of dataset distillation tasks using the em-
bedding layers of �xed neural networks trained for di�erent epochs as feature
extractors. In this section, we will discuss performance of each feature extractors,
respectively.

(a) (b)

Fig. 5: Performance of �xed trained feature extractor ConvNet

For ConvNet, Figure 5a shows that when a �xed ConvNet is employed as
the feature extractor, the best distillation performance is achieved at 5 training
epochs, followed by that at 0 epochs. When the number of epochs exceeds 5, the
performance of the dataset distillation task is even worse than that of the random
ConvNet at 0 epochs; moreover, a larger number of training epochs leads to ad-
ditional time cost. We attribute this phenomenon to over�tting caused by large
training epochs and the downstream task of "classi�cation", which drives data
from di�erent classes to be as divergent as possible in the representation space.
To further investigate, we conducted a more detailed comparison of ConvNet
feature extractors with pre-training epochs ranging from 0 to 5, and the results
are presented in Figure 5b. The results indicate that the feature extractor with
3 pre-training epochs outperforms those with 1, 2, 4, and 5 pre-training epochs
in the dataset distillation task, while the latter perform better than the random
feature extractor with 0 pre-training epochs. Therefore, we conclude that when
using ConvNet as the feature extractor, all produce relatively optimal hyperpa-
rameters.
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(a) (b)

Fig. 6: Performance of �xed trained feature extractor ResNet-18

For ResNet, Figure 6b demonstrates that the random feature extractor with
0 pre-training epochs exhibits signi�cantly inferior performance in the dataset
distillation task compared to pre-training feature extractors, and the perfor-
mance of the dataset distillation task shows an upward trend as the number of
pre-training epochs increases.

(a) (b)

Fig. 7: Performance of �xed trained feature extractor ViT

For lightweight ViT, Figure 7b reveals that it seems that there is no signi�cant
correlation between the performance of the dataset distillation task and the
number of pre-training epochs for lightweight ViT as a feature extractor. We
hypothesize that this phenomenon is directly associated with the fact that the
lightweight ViT model can only exhibit strong representational capabilities when
pre-training on a large volume of data [2].

5 Conclusion and future work

This paper conducts a comparative study on the impact of di�erent feature ex-
tractors on the performance of distilled datasets obtained through the distribu-
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tion matching framework for dataset distillation tasks. The comparison reveals
that ConvNet achieves the optimal performance among ConvNet, ResNet-18,
MLP, and lightweight ViT. Meanwhile, slight pre-training (1-3 epochs) of fea-
ture extractors using image classi�cation tasks can signi�cantly enhance the
performance of distilled datasets.

The comparison of feature extractors in this paper has certain limitations.
This work lacks the exploration of precision structures in feature extractors,
and the downstream tasks for pre-training feature extractors only contain image
classi�cation. In future research, we aim to conduct the precision structures of
feature extractors to investigate how di�erent micro-structures in�uence their
performance. Additionally, we will leverage autoregressive encoder architectures
to add image reconstruction and other generative tasks into downstream tasks,
thereby examining the impact of diverse downstream tasks on the e�cacy of
pre-training feature extractors.
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