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Abstract

The state of the art in many data driven fields including computer vision and natural

language processing typically relies on training larger models on bigger data. It is

reported by OpenAI that the computational cost to achieve the state of the art doubles

every 3.4 months in the deep learning era. In contrast, the GPU computation power

doubles every 21.4 months1, which is significantly slower. Thus, advancing deep

learning performance by consuming more hardware resources is not sustainable. How

to reduce the training cost while preserving the generalization performance is a long

standing goal in machine learning. This thesis investigates a largely under-explored

while promising solution – dataset condensation which aims to condense a large

training set into a small set of informative synthetic samples for training deep models

and achieve close performance to models trained on the original dataset. In this thesis,

we investigate how to condense image datasets for classification tasks. We propose

three methods for image dataset condensation. Our methods can be applied to

condense other kinds of datasets for different learning tasks, such as text data, graph

data and medical images, and we discuss it in Section 6.1.

First, we propose a principled method that formulates the goal of learning a small

synthetic set as a gradient matching problem with respect to the gradients of deep

neural network weights that are trained on the original and synthetic data. A new

gradient/weight matching loss is designed for robust matching of different neural

architectures. We evaluate its performance in several image classification benchmarks

and explore the usage of our method in continual learning and neural architecture

search.

In the second work, we propose to further improve the data-efficiency of training

neural networks with synthetic data by enabling effective data augmentation.

Specifically, we propose Differentiable Siamese Augmentation and learn better

synthetic data that can be used more effectively with data augmentation and thus

achieve better performance when training networks with data augmentation.

Experiments verify that the proposed method obtains substantial gains over the state

of the art.

While training deep models on the small set of condensed images can be

extremely fast, their synthesis remains computationally expensive due to the complex

1We compare the floating point operations per second (FLOPS) for the double-precision computation
of two representative GPU products, namely, GeForce GTX 580 used by Krizhevsky et al. (2012)
launched in 2010, and nowadays widely-used A100 launched in 2020.
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bi-level optimization. Finally, we propose a simple yet effective method that

synthesizes condensed images by matching feature distributions of the synthetic and

original training images when being embedded by randomly sampled deep networks.

Thanks to its efficiency, we apply our method to more realistic and larger datasets

with sophisticated neural architectures and obtain a significant performance boost.

In summary, this manuscript presents several important contributions that improve

data efficiency of training deep neural networks by condensing large datasets into

significantly smaller synthetic ones. The innovations focus on principled methods

based on gradient matching, higher data-efficiency with differentiable Siamese

augmentation, and extremely simple and fast distribution matching without bilevel

optimization. The proposed methods are evaluated on popular image classification

datasets, namely MNIST, FashionMNIST, SVHN, CIFAR10/100 and TinyImageNet.

The code is available at https://github.com/VICO-UoE/DatasetCondensation.
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Chapter 1

Introduction

In the past decade, deep learning has continuously pushed forward the state of the art

in many fields, for example, computer vision, natural language processing and speech

processing. Typically, the new state of the art is achieved by training more

sophisticated models (Krizhevsky et al., 2012; Simonyan and Zisserman, 2014;

Szegedy et al., 2015; He et al., 2016; Xie et al., 2020) on larger datasets (Deng et al.,

2009; Lin et al., 2014; Guo et al., 2016; Sun et al., 2017; Kwiatkowski et al., 2019;

Kuznetsova et al., 2020), thus demanding increasingly more computational resources.

It is reported by OpenAI that the computational cost to achieve the state of the art

doubles every 3.4 months in the deep learning era (Amodei et al., 2018). In contrast,

the GPU computation power doubles every 21.4 months1, which is significantly

slower. Thus, advancing deep learning performance by consuming more hardware

resources is not sustainable. How to reduce the computational cost while preserving

models’ generalization performance is a long-standing and challenging learning

problem. In this thesis, we investigate how to reduce the training cost by reducing the

training set size.

The traditional solution to reduce the training set size is coreset selection

(Agarwal et al., 2004; Har-Peled and Mazumdar, 2004; Feldman et al., 2013; Rebuffi

et al., 2017; Toneva et al., 2019; Castro et al., 2018; Aljundi et al., 2019) that aims to

select a subset of informative training samples from original training set. However,

traditional selection methods suffer from three main drawbacks when being applied to

deep learning tasks. First, most selection strategies are designed based on heuristics

and implemented with greedy algorithms. The relationship between heuristics and

1We compare the floating point operations per second (FLOPS) for the double-precision computation
of two representative GPU products, namely, GeForce GTX 580 used by (Krizhevsky et al., 2012)
launched in 2010, and nowadays widely-used A100 launched in 2020.
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Chapter 1. Introduction 2

network training dynamics is unclear. Second, these methods assume that a fixed data

representation is given. However, deep learning learns the data representation from

scratch with random initialization. The subset that is selected with one network as the

embedding function may not be compatible with other networks. Third, the

effectiveness of a selected subset is bounded by the individual samples in the original

training set.

Dataset distillation (Wang et al., 2018) was proposed to distill a small set of

synthetic images from the large training data. Thus, it overcomes these drawbacks of

coreset selection methods. Dataset distillation formulates the network parameters as a

function of synthetic training data, and then minimize the evaluation error on the real

training data by optimizing the synthetic data. However, dataset distillation is

expensive due to its bilevel optimization and unscalable recursive computation graph.

Following (Wang et al., 2018), several methods have been proposed to improve it.

Sucholutsky and Schonlau (2019) extend it by learning synthetic images and soft

labels simultaneously. Bohdal et al. (2020) replace the SGD optimization in the

inner-loop with ridge regression that has a closed-form solution. Nguyen et al.

(2021a) propose to replace the inner-loop optimization with the kernel ridge

regression, and the neural tangent kernel (Jacot et al., 2018) is used. However, these

methods are still expensive and difficult to scale up to large datasets and sophisticated

models. More details and analysis are given in the Section 2.2.2.

Inspired by Wang et al. (2018), we focus on the dataset condensation problem

which aims to condense the large-scale training set T = {(𝒙1, 𝑦1), . . . , (𝒙 |T |, 𝑦 |T |)}
with |T | image and label pairs into a small synthetic set S = {(𝒔1, 𝑦1), . . . , (𝒔 |S|, 𝑦 |S|)}
with |S| synthetic image and label pairs so that models trained on T and S obtain

comparable performance on unseen testing data:

E𝒙∼𝑃D [ℓ(𝜙𝜽T (𝒙), 𝑦)] ≃ E𝒙∼𝑃D [ℓ(𝜙𝜽S (𝒙), 𝑦)], (1.1)

where 𝑃D is the real data distribution, ℓ is the loss function (i.e. cross-entropy loss), 𝜙

is a deep neural network parameterized by 𝜽 , and 𝜙𝜽T and 𝜙𝜽S are the networks that

are trained on T and S respectively. The pipeline of dataset condensation is illustrated

in Figure 1.1. In this thesis, we present three proposed methods for realizing dataset

condensation in practical applications with appropriate computation resources.

In Chapter 3, we propose a principled method that formulates dataset

condensation as a gradient matching problem with respect to the gradients of deep

neural network parameters that are trained on the original and our synthetic data. We
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Goal – Condensing Training Data 
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Our goal is to condense a large training set T into a small synthetic set S and expect that the 

model trained on the small synthetic set can obtain comparable testing performance to that 

trained on the large training set. 
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Figure 1.1: Dataset Condensation aims to condense a large training set into a small set of informative

synthetic samples for training deep models from scratch and achieving close performance to those trained

on the original dataset.

expect the same model trained on a large real dataset and a small synthetic set can

produce the same gradients, thus the optimization on two datasets follows the same

solution path in the parameter space. The proposed method successfully avoids

unrolling the recursive computation graph like previous work, thus is more scalable to

large datasets and models. We rigorously evaluate our method in several computer

vision benchmarks including MNIST, FashionMNIST, SVHN and CIFAR10, and

demonstrate that it significantly outperforms the state-of-the-art methods. Extensive

ablation study is implemented, which verify the good generalization ability of the

synthetic images generated by our method. Furthermore, we explore the use of our

method in continual learning and neural architecture search and report promising

gains when limited memory and computations are available.

Data augmentation, a technique to expand a training set with semantic-preserving

transformations, is widely applied in many learning tasks. While we could simply

apply standard augmentation strategies when learning the condensed synthetic

dataset, those naive augmentation strategies lead to either drops or negligible gains of

performance because of the different characteristics between real and synthetic

images. In Chapter 4, we propose Differentiable Siamese Augmentation (DSA) to

learn better synthetic data that can be effectively used with data augmentation for

training deep neural networks. Experiments on multiple image classification

benchmarks demonstrate that the proposed method obtains substantial gains over the

state of the art, 7% improvements on CIFAR10 and CIFAR100 datasets. We show

with only less than 1% data that our method achieves 99.6%, 94.9%, 88.5%, 71.5%
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relative performance on MNIST, FashionMNIST, SVHN, CIFAR10 respectively. We

also explore the use of our method in continual learning and neural architecture

search, and show promising results.

While training deep models on a small set of condensed images can be extremely

fast, their synthesis remains computationally expensive due to the complex bi-level

optimization and second-order derivative computation. In Chapter 5, we propose a

simple yet effective method that synthesizes condensed images by matching the

feature distributions of the synthetic and original training images in many sampled

embedding spaces. We are the first to implement dataset condensation on

TinyImageNet, which contains 100,000 training images with 64× 64 size from 200

classes. Our method significantly reduces the synthesis cost while achieving

comparable or better performance. Thanks to its efficiency, we apply our method to

more realistic and larger datasets (i.e. TinyImageNet and ImageNet-1K) with

sophisticated neural architectures (i.e. ResNet) and obtain a significant performance

boost. We also show practical benefits of our method in continual learning and neural

architecture search.

Our research has important real-world applications including producing efficient

memory for continual learning (Zhao et al., 2021; Zhao and Bilen, 2023), accelerating

neural architecture or hyper-parameter search (Zhao et al., 2021; Zhao and Bilen,

2021), reducing data transmission in federated learning (Goetz and Tewari, 2020; Hu

et al., 2022a; Song et al., 2022) and protecting data privacy (Dong et al., 2022). In this

thesis, we also provide some promising experimental results about the application of

our method in continual learning and neural architecture search.

1.1 Contributions

The main contributions in this thesis include:

1. In Chapter 3, we propose a principled, effective and scalable solution for dataset

condensation, which formulates it as gradient matching problem. Our method

successfully avoids unrolling the expensive recursive computation graph, thus

is scalable to larger datasets and architectures. We show promising results when

applying our dataset condensation method to continual learning and neural

architecture search. This work, Dataset Condensation with Gradient

Matching, has been published by International Conference on Learning
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Representations (ICLR) 2021 as an oral presentation (Zhao et al., 2021).

2. In Chapter 4, we find the learned synthetic data do not work better with data

augmentation for training deep neural networks. To further improve the

data-efficiency, we propose differentiable Siamese augmentation (DSA) that

enables effective use of data augmentation to synthesize more informative

synthetic images. Significant performance improvement (7%) has been

achieved on CIFAR10 and CIFAR100 datasets. This work, Dataset

Condensation with Differentiable Siamese Augmentation, has been published

by International Conference on Machine Learning (ICML) 2021 (Zhao and

Bilen, 2021).

3. In Chapter 5, we propose an extremely simple and effective dataset

condensation method that is the first method with neither bi-level optimization

nor second-order derivatives. We empirically verify that this simple method

achieves better performance, scalability and generalization ability than the state

of the art. Our method extends the research of dataset condensation to larger

settings (i.e. learning 1250 images/class for CIFAR10) and datasets (i.e.

TinyImageNet and ImageNet-1K)\@. This work, Dataset Condensation with

Distribution Matching, has been accepted by IEEE/CVF Winter Conference on

Applications of Computer Vision (WACV) 2023 (Zhao and Bilen, 2023).



Chapter 2

Background and Related Research

2.1 Sample Selection

The traditional solution to reduce the training set size is coreset selection (Agarwal

et al., 2004; Har-Peled and Mazumdar, 2004; Feldman et al., 2013). Coreset selection

aims to select a subset T𝑠 of informative samples with a given size from the original

training set T , i.e. T𝑠 ∈ T . In most popular works, coreset selection is implemented

with heuristics and greedy selection algorithm. The popular heuristics includes:

1. Geometry similarity between two sets. These methods (Chen et al., 2010; Sener

and Savarese, 2018; Sinha et al., 2020; Agarwal et al., 2020) select the subset

that can maximize a chosen geometry similarity (or minimize a chosen distance)

between the subset and original set. As the optimal subset selection is a NP-hard

problem, greedy algorithms are chosen as the approximation. Here, we give two

specific selection algorithms that are compared as the baseline in this theses.

The first one is herding, which greedily and incrementally selects the sample that

makes the new subset center closest to the original set center (Chen et al., 2010;

Rebuffi et al., 2017; Castro et al., 2018; Wu et al., 2019; Belouadah and Popescu,

2020). Initializing the subset T𝑠 = ∅, the 𝑘th sample is selected by

𝒙𝑘 = argmin
𝒙∈T−T𝑠

|𝜇− 1
𝑘
[𝜙(𝒙) +Σ𝑘−1

𝑖=1 𝜙(𝒙𝑖)] |, (2.1)

where 𝜙(𝒙) is the embedding of sample 𝒙 and 𝜇 = 1
|T |Σ

|T |
𝑖=1𝜙(𝒙𝑖) is the mean of

all samples.

As the labels of training data are given in image classification tasks, we

implement sample selection class by class with balanced number for all

6
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methods in this thesis, which can simplify the research problem and output

balanced subset. For example, we select the subset that approaches each

individual class center, and then combine all subsets in the herding method.

The second popular method is k-center (Sener and Savarese, 2018) which

incrementally selects the sample that has the maximum distance to the current

subset T𝑠:

𝒙𝑘 = argmax
𝒙𝑖∈T−T𝑠

argmin
𝒙 𝑗∈T𝑠

Δ(𝜙(𝒙𝑖), 𝜙(𝒙 𝑗 )), (2.2)

where Δ(𝜙(𝒙𝑖), 𝜙(𝒙 𝑗 )) measures the distance or dissimilarity between samples

𝒙𝑖 and 𝒙 𝑗 . However, deep learning learns the data representation from scratch

with random initialization. The subset that is selected with one network as the

embedding function may not be compatible with other networks. Furthermore,

these methods do not clearly demonstrate the relationship between geometry

similarity and the training effects.

2. Importance of individual sample. Coleman et al. (2019); Toneva et al. (2019);

Paul et al. (2021); Margatina et al. (2021) identify the importance of individual

training sample based on model prediction, the produced gradient during

training, etc. The importance is measured in either a specific training epoch or

averaged over all training epochs. Here, we present the popular forgetfulness

method (Toneva et al., 2019) that counts how many times a training sample is

previously correctly classified and then incorrectly classified during the training

progress as the importance. The 𝑘𝑡ℎ sample is selected by

𝒙𝑘 = argmax
𝒙𝑖∈T−T𝑠

𝐹 (𝒙𝑖), (2.3)

where 𝐹 (𝒙𝑖) is the forgetting statistics of sample 𝒙𝑖. However, this importance

measurement is easily influenced by the noisy data and outliers. Moreover,

greedily selecting samples with the largest importance is short-sighted, and thus

leads to sub-optimal results.

Other coreset methods include submodularity function based and bilevel

optimization based methods. Those submodularity function based methods (Wei

et al., 2015; Kaushal et al., 2021; Kothawade et al., 2021) design the submodularity

function based on the heuristic metrics, thus have similar drawbacks like above

methods. Bilevel optimization based methods (Borsos et al., 2020; Killamsetty et al.,
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2021b,a) formulate coreset selection as the problem of optimizing selection weights

so that models optimized on the selected subset achieve good performance. They

suffer from expensive nested-loop optimization and poor scalability on large datasets

and models.

Except the above-mentioned drawbacks, the effectiveness of selected subset is

bounded by the individual samples in original training set. In this thesis, we

investigate how to synthesize a small set of samples which are more informative than

natural samples for training neural networks.

2.2 Sample Synthesis

2.2.1 Generative Models

Generative models aim to learn the distribution of training data. Then, the learned

generator can be used to generate unseen data that are from the same distribution.

Here, we discuss the generative models for image synthesis. In the NIPS 2016

Tutorial: Generative Adversarial Networks, Goodfellow (2016) introduces a

taxonomic tree of generative models that groups methods based on how they

approximate the likelihood. Fully Visible Belief Networks (Frey et al., 1995, 1998;

Van Den Oord et al., 2016) and Nonlinear Independent Components Analysis (Deco

and Brauer, 1994; Dinh et al., 2016) based methods explicitly model the probability

density function with tractable models and thus have high design difficulty. Instead,

Boltzmann machine (Hinton, 2012; Srivastava and Salakhutdinov, 2012) and

Variational Autoencoders (Kingma and Welling, 2013; Rezende et al., 2014) use

intractable models as the density function which requires approximation. Different

from them, methods like Generative Stochastic Network (Bengio et al., 2014) use

implicit density function based on Markov chains. However, Markov chains are

usually not scalable to high-dimensional space. To overcome these drawbacks,

Goodfellow et al. (2014a) propose Generative Adversarial Networks (GAN) in which

a generator is learned to model the data distribution and a discriminator is learned to

examine whether a sample is real or fake.

In this thesis, we compare our training set synthesis method to state-of-the-art

autoencoders (Kingma and Welling, 2013; Parmar et al., 2021) and GANs

(Goodfellow et al., 2014a; Brock et al., 2019) in experiments. We briefly review the

basics of autoencoders and GANs. In autoencoders, the encoder 𝐸 (·) embeds the
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high-dimensional image into low-dimensional latent codes, then the decoder 𝐷 (·)
recovers the original image from the latent code for pixel-level fidelity:

argmin
𝐷,𝐸

1
𝑁
Σ𝑁𝑖=1∥𝐷 (𝐸 (𝒙)) − 𝒙𝑖∥

2
2, (2.4)

where 𝑁 is the training set size. These autoencoders are not explicitly optimized for

generating more informative synthetic images. Thus, the synthesized images are not

more informative than randomly sampled real images for training deep neural

networks. We provide the experimental analysis in Appendix B.2.

The objective of GANs is to generate real-looking images with generator 𝐺 to fool

the discriminator 𝐷, which can be formulated as

min
𝐺

max
𝐷
E𝒙∼𝑃(𝒙) [log𝐷 (𝒙)] +E𝒛∼𝑃(𝒛) [log(1−𝐷 (𝐺 (𝒛)))], (2.5)

where 𝒛 is the latent vector sampled from 𝑃(𝒛). Similarly, GANs neither generate

more efficient training images than randomly sampled real images (Ravuri and

Vinyals, 2019). It has been shown in previous work (Ravuri and Vinyals, 2019) that

deep models trained on GANs generated images produce much worse testing

performance than models trained on real images. Please refer to Appendix B.2 for

experimental analysis.

Another generative model that is similar to our distribution matching based

method presented in Chapter 5 is the generative moment matching network (GMMN)

(Li et al., 2015) which aims to learn an image generator that can map a uniform

distribution to real image distribution by minimizing the distribution discrepancy with

kernel embeddings:

𝜽 = argmin
𝜽

1
𝑁2Σ

𝑁
𝑖=1Σ

𝑁
𝑗=1𝑘 (𝒙𝑖,𝒙 𝑗 ) −

1
𝑁𝑀

Σ𝑁𝑖=1Σ
𝑀
𝑗=1𝑘 (𝒙𝑖, 𝜙𝜽 (𝒉 𝑗 ))

+ 1
𝑀2Σ

𝑀
𝑖=1Σ

𝑀
𝑗=1𝑘 (𝜙𝜽 (𝒉𝑖), 𝜙𝜽 (𝒉 𝑗 )),

(2.6)

where 𝜙𝜽 (𝒉𝑖) is the generator with the latent vector 𝒉𝑖 and 𝑘 (𝒙𝑖,𝒙 𝑗 ) is a Gaussian

kernel. In other words, the generated images are expected to have close distribution to

real image distribtion in the kernel embedding space. Our method significantly differ

from GMMN in many ways. First, GMMN aims to generate real-looking images,

while our goal is to condense a training set by synthesizing informative training

samples that can be used to efficiently train deep networks. Second, our methods

learn pixels directly, while GMMN learns a generator network. Third, our methods

learn a few condensed synthetic training samples, while GMMN learns to map a

uniform distribution to real image distribution.
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Although generative models can be trained to produce efficient training samples

with adapted objectives, e.g. Wang et al. (2018) and our gradient matching in Chapter 3

and distribution matching in Chapter 5, attempts so far have not achieved state-of-the-

art results (Such et al., 2020). We leave it as future work.

2.2.2 Dataset Distillation

The pioneer work of Wang et al. (2018) first proposes the problem of distilling a large

dataset into a small synthetic one. They formulate it as a meta-learning problem of

learning a set of synthetic images S that can be used to learn neural network 𝜽S and

achieve good testing performance on real data T :

S∗ = argmin
S
LT (𝜽S (S))

subject to 𝜽S (S) = argmin
𝜽
LS (𝜽).

(2.7)

This meta-learning framework suffers from an expensive nested-loop optimization in

which appropriately solving the inner-loop optimization 𝜽S before implementing

outer-loop optimization is expensive or even impossible. The reason is that the

function 𝜽S (S) = argmin𝜽 LS (𝜽) needs to be expanded as a function with as many

terms about synthetic set S as the training iteration number which can be thousands to

millions for deep neural networks. Thus, thousands to millions of intermediate

models have to be processed simultaneously in GPU RAM, which is impossible for

most computational environments.

Based on this framework, several improvements have been proposed. Sucholutsky

and Schonlau (2019) introduce soft-labels into synthetic set optimization. Such et al.

(2020) propose to learn a generator (neural network) for synthesizing images instead of

optimizing image pixels directly. Bohdal et al. (2020) avoid computing second-order

derivatives by introducing ridge regression with a closed-form solution. Nguyen et al.

(2021a,b) further introduce kernel ridge regression (KRR) with a neural tangent kernel

(Jacot et al., 2018):

𝐿 (XS , 𝒚S) = 1
2
∥𝒚T −KXTXS (KXSXS +𝜆I)−1𝒚S ∥2, (2.8)

where the data pairs (XS , 𝒚S) and (XT , 𝒚T ) are sampled from S and T respectively.

KXSXS and KXTXS are the kernel matrices. The synthetic set S is learned by

minimizing the loss 𝐿 (XS , 𝒚S). However, solving KRR with neural tangent kernel

(NTK) (Jacot et al., 2018) is expensive, which requires thousands of TPU hours for
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condensing the CIFAR10 dataset. In addition, the synthetic set learned with NTK was

used to train the modified ConvNet in their papers, which has 1024 filters and

additional convolution stem. Thus, we do not directly compare to their results due to

the remarkable difference in architecture and training cost.

More recently, Cazenavette et al. (2022a) propose the trajectory matching method

that combines the meta-learning and parameter matching, and show significant

performance improvement. The new method needs to pretrain and save many models

for training synthetic images. Wang et al. (2022) propose a new learning objective

that consists of the feature alignment loss and discrimination loss. Dynamic bi-level

optimization is designed to prevent the under-/over-fitting in the condensation phase.

To further save the storage, Kim et al. (2022) downsample multiple synthetic images

and then merge them into one. Before training downstream-task models, they

upsample these synthetic images. Although this strategy can further save storage, the

data-efficiency of individual synthetic sample (after upper-sampling) is not improved.

2.3 Other Related Research

2.3.1 Few-shot Learning

A related research topic is few-shot learning (Vinyals et al., 2016; Finn et al., 2017;

Snell et al., 2017; Sung et al., 2018) which aims to learn a classifier from only a few

labeled training samples. Meta-learning (Hospedales et al., 2021) is widely applied in

few-shot learning. The dataset condensation problem is essentially different from few-

shot learning, although they both try to train neural networks with a few samples. First,

the objective of few-shot learning is to learn a better backbone model that can quickly

adapt to new concepts with few training samples. In the outer-loop, few-shot learning

optimizes the backbone model parameters, while dataset condensation optimizes the

synthetic dataset. Second, the few training samples of each task are given in few-

shot learning, while dataset condensation learns a small number of more informative

training samples.

2.3.2 Knowledge Distillation

Knowledge distillation (Buciluǎ et al., 2006a; Hinton et al., 2015) is proposed to

distill the knowledge from one or several (large) models into a single (small) model.

The basic idea of knowledge distillation is to align the outputs or intermediate
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representations of the teacher and student models, given the same inputs. Dataset

condensation (or distillation) is to align the testing performance of the same model(s)

trained on the original dataset and the condensed set respectively. Wang et al. (2018)

views it as the orthogonal task of knowledge distillation. In this thesis, we show that

both model and dataset distillation are important for implementing continual learning

(Castro et al., 2018; Wu et al., 2018; Aljundi et al., 2019) which aims to relieve the

catastrophic forgetting of knowledge learned from previously tasks without access to

previous training data. Please refer to Section 3.3.2 for experimental analysis.

2.3.3 Image Compression

An orthogonal but related research area is image compression (Rabbani and Jones,

1991; Lewis and Knowles, 1992; Rabbani, 2002) which aims to reduce the storage of

images with minimal quality loss. Recently, learning-based image compression

methods have been proposed (Choi et al., 2019; Mentzer et al., 2019; Agustsson et al.,

2019). Typically, an encoder and decoder pair is learned for encoding images to

compressed representations, i.e. “codes”, and then recovering the original images

from them. Our dataset condensation is fundamentally different from image

compression, as we learn a small set of informative training samples for training deep

neural networks instead of compressed representations for recovering visual details.

Interestingly, image compression techniques can be applied to our synthetic images

and then further reduce the storage size of synthetic images. Schirrmeister et al.

(2022) present a demonstration where neural networks trained on simplified synthetic

images with smaller bit size have almost no accuracy degradation.

2.3.4 Continual Learning

Our research of dataset condensation can directly benefit continual learning (Rebuffi

et al., 2017; Toneva et al., 2019; Castro et al., 2018; Aljundi et al., 2019) in which

constructing a memory for preserving history/past knowledge is the key for obtaining

good performance (Knoblauch et al., 2020), as the previous training data are no

longer accessible in future tasks. In popular continual learning experiment settings

(Prabhu et al., 2020), there is a fixed or increasing memory budget for storing history

training data. For example, the memory can be a fixed budget of 2000 samples in total

or an budget of 20 samples for each new class increasingly. Traditionally, training

samples of seen tasks are selected based on coreset selection methods and then used
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for joint training with the data of future tasks, i.e. “rehearsal”. With our dataset

condensation methods, we can learn to synthesize more informative training samples

as the memory, and thus achieve better continual learning performance. We provide

experimental results about continual learning in Section 3.3.2, Section 4.4.5 and

Section 5.3.5.

2.3.5 Neural Architecture Search

Neural architecture search (NAS) (Zoph et al., 2018; Elsken et al., 2019; Dong et al.,

2021) aims to find the optimal architecture from many candidates. Typically, NAS

methods have to evaluate each specific architecture by training and testing it on the

whole dataset. This process can be every expensive, because the number of possible

architectures can be very large (thousands to millions) even though only a few discrete

hyper-parameters are searched. For example, the popular NAS benchmark (Dong et al.,

2021) provides the search space of 15,625 candidates for architecture topology and

32,768 candidates for architecture size. Ying et al. (2019) spent 100 TPU years of

computation time to implement an exhaustive neural architecture search on CIFAR10

dataset (Krizhevsky et al., 2009). Our methods can be used to construct a small proxy

dataset for evaluating neural architectures in a faster way. We provide experimental

results about NAS in Section 3.3.2, Section 4.4.6 and Section 5.3.6.

2.3.6 Federated Learning & Data Privacy

Dataset condensation is also a promising solution to reduce the data transmission and

protect data privacy for federated learning (Lyu et al., 2020), in which the training

data will be transmitted between the clients and servers. There exist some works that

use a synthetic dataset to protect the privacy of a medical dataset (Li et al., 2020) and

to reduce the communication cost in federated learning (Zhou et al., 2020; Goetz and

Tewari, 2020). The pioneering work of Dong et al. (2022) demonstrates that dataset

condensation can protect data privacy while preserving training efficiency.

Specifically, the experiments demonstrate the difficulty in implementing visual

retrieval on condensed images and membership inference attack on models trained on

them.



Chapter 3

Dataset Condensation with Gradient

Matching

As the state-of-the-art machine learning methods in many fields rely on larger

datasets, storing datasets and training models on them become significantly more

expensive. This paper proposes a training set synthesis technique for data-efficient

learning, called Dataset Condensation, that learns to condense large dataset into a

small set of informative synthetic samples for training deep neural networks from

scratch. We formulate this goal as a gradient matching problem between the gradients

of deep neural network weights that are trained on the original and our synthetic data.

We rigorously evaluate its performance in several computer vision benchmarks and

demonstrate that it significantly outperforms the state-of-the-art methods. Finally we

explore the use of our method in continual learning and neural architecture search and

report promising gains when limited memory and computations are available.

3.1 Introduction

Large-scale datasets, comprising millions of samples, are becoming the norm to

obtain state-of-the-art machine learning models in multiple fields including computer

vision, natural language processing and speech recognition. At such scales, even

storing and preprocessing the data becomes burdensome, and training machine

learning models on them demands for specialized equipment and infrastructure. A

popular way to deal with large data is data selection – identifying the most

representative training samples – that aims at improving data efficiency of machine

learning techniques. While classical data selection methods, also known as coreset

14
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Figure 3.1: Dataset Condensation (left) aims to generate a small set of synthetic images that can

match the performance of a network trained on a large image dataset. Our method (right) realizes this

goal by learning a synthetic set such that a deep network trained on it and the large set produces similar

gradients with respect to its weights. The synthetic data can later be used to train a network from scratch

in a small fraction of the original computational load. CE denotes Cross-Entropy.

construction (Agarwal et al., 2004; Har-Peled and Mazumdar, 2004; Feldman et al.,

2013), focus on clustering problems, recent work can be found in continual

learning (Rebuffi et al., 2017; Toneva et al., 2019; Castro et al., 2018; Aljundi et al.,

2019) and active learning (Sener and Savarese, 2018) where there is typically a fixed

budget in storing and labeling training samples respectively. These methods

commonly first define a criterion for representativeness (e.g. in terms of

compactness (Rebuffi et al., 2017; Castro et al., 2018), diversity (Sener and Savarese,

2018; Aljundi et al., 2019), forgetfulness (Toneva et al., 2019)), then select the

representative samples based on the criterion, and finally use the selected small set to

train their model for a downstream task.

Unfortunately, these methods have two shortcomings: they typically rely on i)

heuristics (e.g. picking cluster centers) and greedy algorithms, which are

short-sighted, and thus lead to sub-optimal results, ii) presence of representative

samples, which is not guaranteed. A recent method, Dataset Distillation (DD)

proposed by Wang et al. (2018), goes beyond these limitations by learning a small set

of informative images from large training data. In particular, the authors model the

network parameters as a function of the synthetic training data and learn them by

minimizing the training loss over the original training data with respect to synthetic

data. Unlike in the coreset methods, the synthesized data are directly optimized for

the downstream task and thus the success of the method does not rely on the presence

of representative samples.

Inspired from DD (Wang et al., 2018), we focus on learning to synthesize

informative samples that are optimized to train neural networks for downstream tasks
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and not limited to individual samples in original dataset. Like DD, our goal is to

obtain the highest generalization performance with a model trained on a small set of

synthetic images, ideally comparable performance to that of a model trained on the

original images (see Figure 3.1(a)). In particular, we investigate the following

questions. Is it possible to i) compress a large image classification dataset into a small

synthetic set, ii) train an image classification model on the synthetic set that can be

further used to classify real images, iii) learn a single set of synthetic images that can

be used to train different neural network architectures?

To this end, we propose a Dataset Condensation method to learn a small set of

“condensed” synthetic samples such that a deep neural network trained on them

obtains not only similar performance but also a close solution to a network trained on

the large training data in the network parameter space. We formulate this goal as a

minimization problem between two sets of gradients of the network parameters that

are computed for a training loss over a large fixed training set and a learnable

condensed set (see Figure 3.1(b)). We show that our method enables effective

learning of synthetic images and neural networks trained on them, outperforms the

method proposed by Wang et al. (2018) and coreset methods with a wide margin in

multiple computer vision benchmarks. In addition, learning a compact set of synthetic

samples also benefits other learning problems when there is a fixed budget on training

images. We show that our method outperforms popular data selection methods by

providing more informative training samples in continual learning. Finally, we

explore a promising use case of our method in neural architecture search, and show

that – once our condensed images are learned – they can be used to train numerous

network architectures extremely efficiently.

Our method is related to knowledge distillation (KD) techniques (Hinton et al.,

2015; Buciluǎ et al., 2006b; Ba and Caruana, 2014; Romero et al., 2014) that transfer

the knowledge in an ensemble of models to a single one. Unlike KD, we distill

knowledge of a large training set into a small synthetic set. Our method is also related

to Generative Adversarial Networks (Goodfellow et al., 2014a; Mirza and Osindero,

2014; Radford et al., 2015) and Variational AutoEncoders (Kingma and Welling,

2013) that synthesize high-fidelity samples by capturing the data distribution. In

contrast, our goal is to generate informative samples for training deep neural networks

rather than to produce “real-looking” samples. Finally our method is related to the

methods that produce image patches by projecting the feature activations back to the

input pixel space (Zeiler and Fergus, 2014), reconstruct the input image by matching
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the feature activations (Mahendran and Vedaldi, 2015), recover private training

images for given training gradients (Zhu et al., 2019; Zhao et al., 2020a), synthesize

features from semantic embeddings for zero-shot learning (Sariyildiz and Cinbis,

2019). Our goal is however to synthesize a set of condensed training images not to

recover the original or missing training images.

In the remainder of this paper, we first review the problem of dataset condensation

and introduce our method in section 3.2, present and analyze our results in several

image recognition benchmarks in section 3.3.1, showcase applications in continual

learning and network architecture search in section 3.3.2, and conclude the paper with

remarks for future directions in section 3.4.

3.2 Method

3.2.1 Dataset Condensation

Suppose we are given a large dataset consisting of |T | pairs of a training image and

its class label T = {(𝒙𝑖, 𝑦𝑖)}| |T |𝑖=1 where 𝒙 ∈ X ⊂ R𝑑 , 𝑦 ∈ {0, . . . ,𝐶 − 1}, X is a

d-dimensional input space and 𝐶 is the number of classes. We wish to learn a

differentiable function 𝜙 (i.e. deep neural network) with parameters 𝜽 that correctly

predicts labels of previously unseen images, i.e. 𝑦 = 𝜙𝜽 (𝒙). One can learn the

parameters of this function by minimizing an empirical loss term over the training set:

𝜽T = argmin
𝜽
LT (𝜽) (3.1)

where LT (𝜽) = 1
|T |

∑
(𝒙,𝑦)∈T ℓ(𝜙𝜽 (𝒙), 𝑦) , ℓ(·, ·) is a task specific loss (i.e.

cross-entropy) and 𝜽T is the minimizer of LT . The generalization performance of the

obtained model 𝜙𝜽T can be written as E𝒙∼𝑃D [ℓ(𝜙𝜽T (𝒙), 𝑦)] where 𝑃D is the data

distribution. Our goal is to generate a small set of condensed synthetic samples with

their labels, S = {(𝒔𝑖, 𝑦𝑖)}| |S|𝑖=1 where 𝒔 ∈ R𝑑 and 𝑦 ∈ Y, |S| ≪ |T |. Similar to eq. (3.1),

once the condensed set is learned, one can train 𝜙 on them as follows

𝜽S = argmin
𝜽
LS (𝜽) (3.2)

where LS (𝜽) = 1
|S|

∑
(𝒔,𝑦)∈S ℓ(𝜙𝜽 (𝒔), 𝑦) and 𝜽S is the minimizer of LS . As the

synthetic set S is significantly smaller (2-3 orders of magnitude), we expect the

optimization in eq. (3.2) to be significantly faster than that in eq. (3.1). We also wish

the generalization performance of 𝜙𝜽S to be close to 𝜙𝜽T , i.e.

E𝒙∼𝑃D [ℓ(𝜙𝜽T (𝒙), 𝑦)] ≃ E𝒙∼𝑃D [ℓ(𝜙𝜽S (𝒙), 𝑦)] over the real data distribution 𝑃D .
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Discussion. The goal of obtaining comparable generalization performance by

training on the condensed data can be formulated in different ways. One approach,

which was proposed by Wang et al. (2018) and extended by Sucholutsky and

Schonlau (2019); Bohdal et al. (2020); Such et al. (2020), is to pose the parameters

𝜽S as a function of the synthetic data S:

S∗ = argmin
S
LT (𝜽S (S)) subject to 𝜽S (S) = argmin

𝜽
LS (𝜽). (3.3)

The method aims to find the optimum set of synthetic images S∗ such that the

model 𝜙𝜽S trained on them minimizes the training loss over the original data.

Optimizing eq. (3.3) involves a nested loop optimization and solving the inner loop

for 𝜽S (S) at each iteration to recover the gradients for S which requires a

computationally expensive procedure – unrolling the recursive computation graph for

S over multiple optimization steps for 𝜽 (refer to (Samuel and Tappen, 2009; Domke,

2012)). Hence, it does not scale to large models and/or accurate inner-loop optimizers

with many steps. Next we propose an alternative formulation for dataset

condensation.

3.2.2 Dataset Condensation with Parameter Matching

Here we aim to learn synthetic images S such that the model 𝜙𝜽S trained on them

achieves not only comparable generalization performance to 𝜙𝜽T but also converges

to a similar solution in the parameter space (i.e. 𝜽S ≈ 𝜽T ). Let 𝜙𝜽 be a locally smooth

function1, similar weights (𝜽S ≈ 𝜽T ) imply similar mappings in a local neighborhood

and thus generalization performance, i.e.

E𝒙∼𝑃D [ℓ(𝜙𝜽T (𝒙), 𝑦)] ≃ E𝒙∼𝑃D [ℓ(𝜙𝜽S (𝒙), 𝑦)]. Now we can formulate this goal as

min
S
𝐷 (𝜽S ,𝜽T ) subject to 𝜽S (S) = argmin

𝜽
LS (𝜽) (3.4)

where 𝜽T = argmin𝜽 LT (𝜽) and 𝐷 (·, ·) is a distance function. In a deep neural

network, 𝜽T typically depends on its initial values 𝜽0. However, the optimization in

eq. (3.4) aims to obtain an optimum set of synthetic images only for one model 𝜙𝜽T

with the initialization 𝜽0, while our actual goal is to generate samples that can work

with a distribution of random initializations 𝑃𝜽0 . Thus we modify eq. (3.4) as follows:

min
S

E𝜽0∼𝑃𝜽0
[𝐷 (𝜽S (𝜽0),𝜽T (𝜽0))] subject to 𝜽S (S) = argmin

𝜽
LS (𝜽 (𝜽0)) (3.5)

1Local smoothness is frequently used to obtain explicit first-order local approximations in deep
networks (e.g. refer to (Rifai et al., 2012; Goodfellow et al., 2014b; Koh and Liang, 2017)).
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where 𝜽T = argmin𝜽 LT (𝜽 (𝜽0)). For brevity, we use only 𝜽S and 𝜽T to indicate

𝜽S (𝜽0) and 𝜽T (𝜽0) respectively in the next sections. The standard approach to

solving eq. (3.5) employs implicit differentiation (refer to (Domke, 2012) for details),

which involves solving an inner loop optimization for 𝜽S . As the inner loop

optimization 𝜽S (S) = argmin𝜽 LS (𝜽) can be computationally expensive in case of

large-scale models, one can adopt the back-optimization approach proposed by

Domke (2012) which re-defines 𝜽S as the output of an incomplete optimization:

𝜽S (S) = opt-alg𝜽 (LS (𝜽), 𝜍), (3.6)

where opt-alg is a specific optimization procedure with a fixed number of steps (𝜍).

In practice, 𝜽T for different initializations can be trained first in an offline stage and

then used as the target parameter vector in eq. (3.5). However, there are two potential

issues by learning to regress 𝜽T as the target vector. First the distance between 𝜽T

and intermediate values of 𝜽S can be too big in the parameter space with multiple

local minima traps along the path and thus it can be too challenging to reach. Second

opt-alg involves a limited number of optimization steps as a trade-off between speed

and accuracy which may not be sufficient to take enough steps for reaching the optimal

solution. These problems are similar to those of Wang et al. (2018), as they both

involve parameterizing 𝜽S with S and 𝜽0.

3.2.3 Dataset Condensation with Curriculum Gradient Matching

Here we propose a curriculum-based approach to address the above mentioned

challenges. The key idea is that we wish 𝜽S to be close to not only the final 𝜽T but

also to follow a similar path to 𝜽T throughout the optimization. While this can restrict

the optimization dynamics for 𝜽 , we argue that it also enables a more guided

optimization and effective use of the incomplete optimizer. We can now decompose

eq. (3.5) into multiple subproblems:

min
S

E𝜽0∼𝑃𝜽0
[
𝑇−1∑︁
𝑡=0

𝐷 (𝜽S𝑡 ,𝜽T𝑡 )] subject to

𝜽S
𝑡+1(S) = opt-alg𝜽 (LS (𝜽S𝑡 ), 𝜍S) and 𝜽T

𝑡+1 = opt-alg𝜽 (LT (𝜽T𝑡 ), 𝜍T )

(3.7)

where 𝑇 is the number of iterations, 𝜍S and 𝜍T are the numbers of optimization steps

for 𝜽S and 𝜽T respectively. In other words, we wish to generate a set of condensed

samples S such that the network parameters trained on them (𝜽S𝑡 ) are similar to the
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ones trained on the original training set (𝜽T𝑡 ) at each iteration 𝑡. In our preliminary

experiments, we observe that 𝜽S
𝑡+1, which is parameterized with S, can successfully

track 𝜽T
𝑡+1 by updating S and minimizing 𝐷 (𝜽S𝑡 ,𝜽T𝑡 ) close to zero.

In the case of one step gradient descent optimization for opt-alg, the update rule

is:

𝜽S
𝑡+1← 𝜽S𝑡 −𝜂𝜽∇𝜽LS (𝜽S𝑡 ) and 𝜽T

𝑡+1← 𝜽T𝑡 −𝜂𝜽∇𝜽LT (𝜽T𝑡 ), (3.8)

where 𝜂𝜽 is the learning rate. Based on our observation (𝐷 (𝜽S𝑡 ,𝜽T𝑡 ) ≈ 0), we simplify

the formulation in eq. (3.7) by replacing 𝜽T𝑡 with 𝜽S𝑡 and use 𝜽 to denote 𝜽S in the rest

of the paper:

min
S

E𝜽0∼𝑃𝜽0
[
𝑇−1∑︁
𝑡=0

𝐷 (∇𝜽LS (𝜽𝑡),∇𝜽LT (𝜽𝑡))] . (3.9)

We now have a single deep network with parameters 𝜽 trained on the synthetic set S
which is optimized such that the distance between the gradients for the loss over the

training samples LT with respect to 𝜽 and the gradients for the loss over the

condensed samples LS with respect to 𝜽 is minimized. In other words, our goal

reduces to matching the gradients for the real and synthetic training loss with respect

to 𝜽 via updating the condensed samples. This approximation has the key advantage

over Wang et al. (2018) and eq. (3.5) that it does not require the expensive unrolling

of the recursive computation graph over the previous parameters {𝜽0, . . . ,𝜽𝑡−1}. The

important consequence is that the optimization is significantly faster, memory

efficient and thus scales up to the state-of-the-art deep neural networks (e.g. ResNet

(He et al., 2016)).

Discussion. The synthetic data contains not only samples but also their labels (𝒔, 𝑦)
that can be jointly learned by optimizing eq. (3.9) in theory. However, their joint

optimization is challenging, as the content of the samples depend on their label and

vice-versa. Thus in our experiments we learn to synthesize images for fixed labels, e.g.

one synthetic image per class.

Algorithm. We depict the optimization details in Alg. 1. At the outer level, it

contains a loop over random weight initializations, as we want to obtain condensed

images that can later be used to train previously unseen models. Once 𝜽 is randomly

initialized, we use 𝜙𝜽 to first compute the loss over both the training samples (LT ),

synthetic samples (LS) and their gradients with respect to 𝜽 , then optimize the

synthetic samples S to match these gradients ∇𝜽LS to ∇𝜽LT by applying 𝜍S

gradient descent steps with learning rate 𝜂S . We use the stochastic gradient descent

optimization for both opt-alg𝜽 and opt-algS . Next we train 𝜽 on the updated
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synthetic images by minimizing the loss LS with learning rate 𝜂𝜽 for 𝜍𝜽 steps. Note

that we sample each real and synthetic batch pair from T and S containing samples

from a single class, and the synthetic data for each class are separately (or parallelly)

updated at each iteration (𝑡) for the following reasons: i) this reduces memory use at

train time, ii) imitating the mean gradients with respect to the data from single class is

easier compared to those of multiple classes. Separately updating synthetic data does

not bring any extra computational cost.

Algorithm 1: Dataset condensation with gradient matching
Input: Training set T

1 Required: Randomly initialized set of synthetic samples S for 𝐶 classes,

probability distribution over randomly initialized weights 𝑃𝜽0 , deep neural

network 𝜙𝜽 , number of outer-loop steps 𝐾 , number of inner-loop steps

𝑇 , number of steps for updating weights 𝜍𝜽 and synthetic samples 𝜍S in

each inner-loop step respectively, learning rates for updating weights 𝜂𝜽 and

synthetic samples 𝜂S .

2 for 𝑘 = 0, · · · ,𝐾 −1 do
3 Initialize 𝜽0 ∼ 𝑃𝜽0

4 for 𝑡 = 0, · · · ,𝑇 −1 do
5 for 𝑐 = 0, · · · ,𝐶 −1 do
6 Sample a minibatch pair 𝐵T𝑐 ∼ T and 𝐵S𝑐 ∼ S ⊲ 𝐵T𝑐 and 𝐵S𝑐 are

of the same class 𝑐.

7 Compute LT𝑐 = 1
|𝐵T𝑐 |

∑
(𝒙,𝑦)∈𝐵T𝑐 ℓ(𝜙𝜽𝑡 (𝒙), 𝑦) and LS𝑐 =

1
|𝐵S𝑐 |

∑
(𝒔,𝑦)∈𝐵S𝑐 ℓ(𝜙𝜽𝑡 (𝒔), 𝑦)

8 Update S𝑐← opt-algS (𝐷 (∇𝜽LS𝑐 (𝜽𝑡),∇𝜽LT𝑐 (𝜽𝑡)), 𝜍S , 𝜂S)

9 Update 𝜽𝑡+1← opt-alg𝜽 (LS (𝜽𝑡), 𝜍𝜽 , 𝜂𝜽) ⊲ Use the whole S

Output: S

Gradient Matching Loss. The matching loss 𝐷 (·, ·) in eq. (3.9) measures the

distance between the gradients for LS and LT with respect to 𝜽 . 𝜙𝜽 is an image

classification network with fully connected (FC) and convolutional layers. The

gradients correspond to a set of learnable 2D (out×in) and 4D (out×in×h×w)

weights for each fully connected and convolutional layer resp where out, in, h, w are

number of output and input channels, kernel height and width respectively. The

matching loss can be decomposed into a sum of layerwise losses as
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𝐷 (∇𝜽LS ,∇𝜽LT ) =
∑𝐿
𝑙=1 𝑑 (∇𝜽 (𝑙)LS ,∇𝜽 (𝑙)LT ) where 𝑙 is the layer index, 𝐿 is the

number of layers with weights and

𝑑 (A,B) =
out∑︁
𝑖=1

(
1− Ai· ·Bi·
∥Ai·∥∥Bi·∥

)
(3.10)

where A𝑖· and B𝑖· are flattened vectors of gradients corresponding to each output node

𝑖, which is in dimensional for FC weights and in×h×w dimensional for convolutional

weights. In contrast to Lopez-Paz et al. (2017); Aljundi et al. (2019); Zhu et al. (2019)

who ignore the layer-wise structure by flattening tensors over all layers to one vector

and then computing the distance between two vectors, we group the gradients for each

output node. We found that it is a better distance metric for gradient matching (refer to

Appendix A.2) and it enables using a single learning rate across all layers.

3.3 Experiments

3.3.1 Dataset Condensation

First we evaluate classification performance with the condensed images on four

standard benchmark datasets: digit recognition on MNIST (LeCun et al., 1998),

SVHN (Netzer et al., 2011) and object classification on FashionMNIST (Xiao et al.,

2017), CIFAR10 (Krizhevsky et al., 2009). We test our method using six standard

deep network architectures: MLP, ConvNet (Gidaris and Komodakis, 2018),

LeNet (LeCun et al., 1998), AlexNet (Krizhevsky et al., 2012), VGG-11 (Simonyan

and Zisserman, 2014) and ResNet-18 (He et al., 2016). MLP is a multilayer

perceptron with two nonlinear hidden layers, each has 128 units. ConvNet is a

commonly used modular architecture in few-shot learning (Snell et al., 2017; Vinyals

et al., 2016; Gidaris and Komodakis, 2018) with 𝐷 duplicate blocks, and each block

has a convolutional layer with 𝑊 (3×3) filters, a normalization layer 𝑁 , an activation

layer 𝐴 and a pooling layer 𝑃, denoted as [𝑊,𝑁, 𝐴, 𝑃] × 𝐷. The default ConvNet

(unless specified otherwise) includes 3 blocks, each with 128 filters, followed by

InstanceNorm (Ulyanov et al., 2016), ReLU and AvgPooling modules. The final

block is followed by a linear classifier. We use Kaiming initialization (He et al., 2015)

for network weights. The synthetic images can be initialized from Gaussian noise or

randomly selected real training images. More details about the datasets, networks and

hyper-parameters can be found in Appendix A.2.
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The pipeline for dataset condensation has two stages: learning the condensed

images (denoted as C) and training classifiers from scratch on them (denoted as T).

Note that the model architectures used in two stages might be different. For the

coreset baselines, the coreset is selected in the first stage. We investigate three

settings: 1, 10 and 50 image/class learning, which means that the condensed set or

coreset contains 1, 10 and 50 images per class respectively. Each method is run for 5
times, and 5 synthetic sets are generated in the first stage; each generated synthetic set

is used to train 20 randomly initialized models in the second stage and evaluated on

the test set, which amounts to evaluating 100 models in the second stage. In all

experiments, we report the mean and standard deviation of these 100 testing results.

Baselines. We compare our method to four coreset baselines (Random, Herding, K-

Center and Forgetting) and also to DD (Wang et al., 2018). In Random, the training

samples are randomly selected as the coreset. Herding baseline selects a subset of

samples whose center is closet to the center of the original large set (Chen et al., 2010;

Rebuffi et al., 2017; Castro et al., 2018; Wu et al., 2019; Belouadah and Popescu,

2020). K-Center (Sener and Savarese, 2018) picks multiple center points such that the

largest distance between a data point and its nearest center is minimized. For Herding

and K-Center, we use models trained on the whole dataset to extract features, compute

𝑙2 distance to centers. The forgetting method (Toneva et al., 2019) selects the training

samples which are easy to forget during training. We do not compare to GSS-Greedy

(Aljundi et al., 2019), because it is also a similarity based greedy algorithm like K-

Center, but GSS-Greedy trains an online learning model to measure the similarity of

samples, which is different from general image classification problem. Please refer to

Section 2.1 for implementation details of sample selection methods.

Comparison to Coreset Methods. We first compare our method to the coreset

baselines on MNIST, FashionMNIST, SVHN and CIFAR10 in Table 3.1 using the

default ConvNet in classification accuracy. Whole dataset indicates training on the

whole original set which serves as an approximate upper-bound performance. First

we observe that our method outperforms all the baselines significantly and achieves a

comparable result (98.8%) in case of 50 images per class to the upper bound (99.6%)

in MNIST which uses two orders of magnitude more training images per class (6000).

We also obtain promising results in FashionMNIST, however, the gap between our

method and upper bound is bigger in SVHN and CIFAR10 which contain more

diverse images with varying foregrounds and backgrounds. We also observe that, (i)

the random selection baseline is competitive to other coreset methods in 10 and 50
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Img/Cls Ratio %
Coreset Selection

Ours Whole Dataset
Random Herding K-Center Forgetting

MNIST
1 0.017 64.9±3.5 89.2±1.6 89.3±1.5 35.5±5.6 91.7±0.5

99.6±0.010 0.17 95.1±0.9 93.7±0.3 84.4±1.7 68.1±3.3 97.4±0.2
50 0.83 97.9±0.2 94.9±0.2 97.4±0.3 88.2±1.2 98.8±0.2

FashionMNIST
1 0.017 51.4±3.8 67.0±1.9 66.9±1.8 42.0±5.5 70.5±0.6

93.5±0.110 0.17 73.8±0.7 71.1±0.7 54.7±1.5 53.9±2.0 82.3±0.4
50 0.83 82.5±0.7 71.9±0.8 68.3±0.8 55.0±1.1 83.6±0.4

SVHN
1 0.014 14.6±1.6 20.9±1.3 21.0±1.5 12.1±1.7 31.2±1.4

95.4±0.110 0.14 35.1±4.1 50.5±3.3 14.0±1.3 16.8±1.2 76.1±0.6
50 0.7 70.9±0.9 72.6±0.8 20.1±1.4 27.2±1.5 82.3±0.3

CIFAR10
1 0.02 14.4±2.0 21.5±1.2 21.5±1.3 13.5±1.2 28.3±0.5

84.8±0.110 0.2 26.0±1.2 31.6±0.7 14.7±0.9 23.3±1.0 44.9±0.5
50 1 43.4±1.0 40.4±0.6 27.0±1.4 23.3±1.1 53.9±0.5

Table 3.1: The performance comparison to coreset methods. This table shows the testing accuracies

(%) of different methods on four datasets. ConvNet is used for training and testing. Img/Cls: image(s)

per class, Ratio (%): the ratio of condensed images to whole training set.

Top PantsPulloverDress Coat Sandal ShirtSneaker Bag Boot
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Figure 3.2: Visualization of condensed 1 image/class with ConvNet for MNIST, FashionMNIST, SVHN

and CIFAR10.

images per class and (ii) herding method is on average the best coreset technique. We

visualize the condensed images produced by our method under 1 image/class setting

in Figure 3.2. Interestingly they are interpretable and look like “prototypes” of each

class.

Comparison to DD (Wang et al., 2018). Unlike the setting in Table 3.1, DD (Wang

et al., 2018) reports results only for 10 images per class on MNIST and CIFAR10

over LeNet and AlexCifarNet (a customized AlexNet). We strictly follow the

experimental setting in (Wang et al., 2018), use the same architectures and report our

and their original results in Table 3.3 for a fair comparison. Our method achieves

significantly better performance than DD on both benchmarks; obtains 5% higher

accuracy with only 1 synthetic sample per class than DD with 10 samples per class.
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C\T MLP ConvNet LeNet AlexNet VGG ResNet

MLP 70.5±1.2 63.9±6.5 77.3±5.8 70.9±11.6 53.2±7.0 80.9±3.6
ConvNet 69.6±1.6 91.7±0.5 85.3±1.8 85.1±3.0 83.4±1.8 90.0±0.8

LeNet 71.0±1.6 90.3±1.2 85.0±1.7 84.7±2.4 80.3±2.7 89.0±0.8
AlexNet 72.1±1.7 87.5±1.6 84.0±2.8 82.7±2.9 81.2±3.0 88.9±1.1

VGG 70.3±1.6 90.1±0.7 83.9±2.7 83.4±3.7 81.7±2.6 89.1±0.9
ResNet 73.6±1.2 91.6±0.5 86.4±1.5 85.4±1.9 83.4±2.4 89.4±0.9

Table 3.2: Cross-architecture performance in testing accuracy (%) for condensed 1 image/class in

MNIST.

In addition, our method obtains consistent results over multiple runs with a standard

deviation of only 0.6% on MNIST, while DD’s performance significantly vary over

different runs (8.1%). Finally our method trains 2 times faster than DD and requires

50% less memory on CIFAR10 experiments. More detailed running time and

qualitative comparison can be found in Appendix A.4.

Cross-architecture Generalization. Another key advantage of our method is that

the condensed images learned using one architecture can be used to train another

unseen one. Here we learn 1 condensed image per class for MNIST over a diverse set

of networks including MLP, ConvNet (Gidaris and Komodakis, 2018), LeNet (LeCun

et al., 1998), AlexNet (Krizhevsky et al., 2012), VGG-11 (Simonyan and Zisserman,

2014) and ResNet-18 (He et al., 2016) (see Table 3.2). Once the condensed sets are

synthesized, we train every network on all the sets separately from scratch and

evaluate their cross architecture performance in terms of classification accuracy on

the MNIST test set. Table 3.2 shows that the condensed images, especially the ones

that are trained with convolutional networks, perform well and are thus architecture

generic. MLP generated images do not work well for training convolutional

architectures which is possibly due to the mismatch between translation invariance

properties of MLP and convolutional networks. Interestingly, MLP achieves better

performance with convolutional network generated images than the MLP generated

ones. The best results are obtained in most cases with ResNet generated images and

ConvNet or ResNet as classifiers which is inline with their performances when

trained on the original dataset.

Number of Condensed Images. We also study the test performance of a ConvNet

trained on them for MNIST, FashionMNIST, SVHN and CIFAR10 for various

number of condensed images per class in Figure 3.3 in absolute and relative terms –

normalized by its upper-bound. Increasing the number of condensed images improves
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Dataset Img/Cls DD Ours Whole Dataset

MNIST
1 - 85.0±1.6

99.5±0.0
10 79.5±8.1 93.9±0.6

CIFAR10
1 - 24.2±0.9

83.1±0.2
10 36.8±1.2 39.1±1.2

Table 3.3: Comparison to DD (Wang et al., 2018) in terms of testing accuracy (%).

Random Herding Ours Early-stopping Whole Dataset

Performance (%) 76.2 76.2 84.5 84.5 85.9
Correlation -0.21 -0.20 0.79 0.42 1.00

Time cost (min) 18.8 18.8 18.8 18.8 8604.3
Storage (imgs) 102 102 102 104 5×104

Table 3.4: Neural Architecture Search. Methods are compared in performance, ranking correlation,

time and memory cost.

the accuracies in all benchmarks and further closes the gap with the upper-bound

performance especially in MNIST and FashionMNIST, while the gap remains larger

in SVHN and CIFAR10. In addition, our method outperforms the Herding coreset

method by a large margin in all cases.

Activation, Normalization & Pooling. We also study the effect of various activation

(sigmoid, ReLU (Nair and Hinton, 2010; Zeiler et al., 2013), leaky ReLU (Maas et al.,

2013)), pooling (max, average) and normalization functions (batch (Ioffe and Szegedy,

2015), group (Wu and He, 2018), layer (Ba et al., 2016), instance norm (Ulyanov

et al., 2016)) and have the following observations: i) leaky ReLU over ReLU and

average pooling over max pooling enable learning better condensed images, and we

suppose that they allow for denser gradient flow; ii) instance normalization obtains

better classification performance than its alternatives when used in the networks that

are trained on a small set of condensed images. We refer to Appendix A.2 for detailed

results and discussion.

3.3.2 Applications

Continual Learning First we apply our method to a continual-learning scenario

(Rebuffi et al., 2017; Castro et al., 2018) where new tasks are learned incrementally

and the goal is to preserve the performance on the old tasks while learning the new

ones. We build our model on E2E method proposed by Castro et al. (2018) that uses a
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Figure 3.3: Absolute and relative testing accuracies for varying the number of condensed images/class

for MNIST, FashionMNIST, SVHN and CIFAR10. The relative accuracy means the ratio compared to its

upper-bound, i.e. training with the whole dataset.

limited budget rehearsal memory (we consider 10 images/class here) to keep

representative samples from the old tasks and knowledge distillation (KD) to

regularize the network’s output with respect to previous predictions. We replace its

sample selection mechanism (herding) with ours such that a set of condensed images

are generated and stored in the memory, keep the rest of the model same and evaluate

this model on the task-incremental learning problem on the digit recognition datasets,

SVHN (Netzer et al., 2011), MNIST (LeCun et al., 1998) and USPS (Hull, 1994) in

the same order. MNIST and USPS images are reshaped to 32×32 RGB images.

We compare our method to E2E (Castro et al., 2018), depicted as herding in

Figure 3.4, with and without KD regularization. The experiment contains 3
incremental training stages (SVHN→MNIST→USPS) and testing accuracies are

computed by averaging over the test sets of the previous and current tasks after each

stage. The desired outcome is to obtain high mean classification accuracy at T3. The

results indicate that the condensed images are more data-efficient than the ones

sampled by herding and thus our method outperforms E2E in both settings, while by a

larger margin (2.3% at T3) when KD is not employed.

Neural Architecture Search. Here we explore the use of our method in a simple

neural architecture search (NAS) experiment on CIFAR10 which typically requires

expensive training of numerous architectures multiple times on the whole training set

and picking the best performing ones on a validation set. Our goal is to verify that our

condensed images can be used to efficiently train multiple networks to identify the

best network. To this end, we construct the search space of 720 ConvNets as
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Figure 3.4: Continual learning performance in accuracy (%). Herding denotes the original E2E (Castro

et al., 2018). T1, T2, T3 are three learning stages. The performance at each stage is the mean testing

accuracy on all learned tasks.

described in Section 3.3.1 by varying hyper-parameters 𝑊 , 𝑁 , 𝐴, 𝑃, 𝐷 over an

uniform grid (see Appendix A.1 for more details), train them for 100 epochs on three

small proxy datasets (10 images/class) that are obtained with Random sampling,

Herding and our method. Note that we train the condensed images once only with the

default ConvNet architecture and use them to train all kinds of architectures. We also

compare to a simple baseline – early-stopping (Li and Talwalkar, 2020) which trains

the model for specific training steps and then stops before the training loss converges.

Specifically, the model is trained on whole training set but with the same number of

training iterations as the one required for training the small proxy dataset, in other

words, with the same amount of computations.

Table 3.4 depicts i) the average test performance of the best selected model over 5

runs when trained on the whole dataset, ii) Spearman’s rank correlation coefficient

between the validation accuracies obtained by training the selected top 10 models on

the proxy dataset and whole dataset, iii) time for training 720 architectures on a

NVIDIA GTX1080-Ti GPU, and iv) memory print of the training images. Our

method achieves the highest testing performance (84.5%) and performance

correlation (0.79), meanwhile significantly decreases the searching time (from 8604.3

to 18.8 minutes) and storage space (from 5 × 104 to 1 × 102 images) compared to

whole-dataset training. The competitive early-stopping baseline achieves on par

performance for the best performing model with ours, however, the rank correlation

(0.42) of top 10 models is significantly lower than ours (0.79) which indicates

unreliable correlation of performances between early-stopping and whole-dataset
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training. Furthermore, early-stopping needs 100 times as many training images as

ours needs. Note that the training time for synthetic images is around 50 minutes (for

𝐾 = 500) which is a negligible one-off cost when training thousands or even millions

of candidate architectures in NAS.

3.4 Conclusion and Limitation

In this paper, we propose a dataset condensation method that learns to synthesize a

small set of informative images. We show that these images are significantly more

data-efficient than the same number of original images and the ones produced by the

previous method. Moreover, the condensed images are not architecture dependent, and

they can be used to train different deep networks. Once trained, they can be used to

lower the memory print of datasets and efficiently train numerous networks which are

crucial in continual learning and neural architecture search respectively.

Limitations. The proposed method has several limitations. First, our method still

has the expensive bilevel optimization, although we avoid unrolling the recursive

computation graph. The bilevel optimization prevents its application on large-scale

datasets such as ImageNet (Deng et al., 2009) that contain higher resolution images

with larger variations in appearance and pose of objects, background. In addition,

our training algorithm needs to tune the hyper-parameters of inner- and outer-loop

iterations, which can be flexible and adaptive in the future. Second, optimization

objectives better than our gradient matching are required to achieve better results.

Third, we observe the performance varies a lot when training and testing synthetic

data on different architectures. More efforts are needed to improve the generalization

performance on different architectures. Forth, we find that implementing data

augmentation on synthetic data does not obviously improve the performance, which is

different from the practice in many learning problems. We leave the investigation of

these limitations as future work.
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Dataset Condensation with

Differentiable Siamese Augmentation

In many machine learning problems, large-scale datasets have become the de-facto

standard to train state-of-the-art deep networks at the price of heavy computation

load. In this paper, we focus on condensing large training sets into significantly

smaller synthetic sets which can be used to train deep neural networks from scratch

with minimum drop in performance. Inspired from the recent training set synthesis

methods, we propose Differentiable Siamese Augmentation that enables effective use

of data augmentation to synthesize more informative synthetic images and thus

achieves better performance when training networks with augmentations.

Experiments on multiple image classification benchmarks demonstrate that the

proposed method obtains substantial gains over the state-of-the-art of dataset

condensation, 7% improvements on CIFAR10 and CIFAR100 datasets. We show with

only less than 1% data that our method achieves 99.6%, 94.9%, 88.5%, 71.5%

relative performance on MNIST, FashionMNIST, SVHN, CIFAR10 respectively. We

also explore the use of our method in continual learning and neural architecture

search, and show promising results.

4.1 Introduction

Deep neural networks have become the go-to technique in several fields including

computer vision, natural language processing and speech recognition thanks to the

recent developments in deep learning (Krizhevsky et al., 2012; Simonyan and

Zisserman, 2014; Szegedy et al., 2015; He et al., 2016) and presence of large-scale

30
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datasets (Deng et al., 2009; Lin et al., 2014; Antol et al., 2015; Abu-El-Haija et al.,

2016). However, their success comes at a price, increasing computational expense, as

the state-of-the-art models have been primarily fueled by larger models (e.g. (Devlin

et al., 2018; Radford et al., 2019; Dosovitskiy et al., 2021) and massive datasets (e.g.

(Kuznetsova et al., 2020; Chen et al., 2020a; Kwiatkowski et al., 2019)). For example,

it takes 12.3k TPU days to train EfficientNet-L2 (Xie et al., 2020) on JFT-300M

dataset (Sun et al., 2017). To put in a perspective, the energy consumption for

training EfficientNet-L2 once is about 29520 kWh, assuming that the TPU training

power is 100W. Ideally, the same energy is sufficient to provide a typical UK family

with electricity supply for 10 months or total energy supply (including electricity and

gas) for 2 months (Ofgem, 2020). More dramatically, the computational cost

significantly increases when better neural architectures are searched and designed due

to many trials of training and validation on the dataset for different hyper-parameters

(Bergstra and Bengio, 2012; Elsken et al., 2019). Significantly decreasing these costs

without degrading the performance of the trained models is one of the long-standing

goals in machine learning (Agarwal et al., 2004). To address these challenges, this

paper focuses on reducing the training data size by learning significantly smaller

synthetic data to train deep neural networks with minimum drop in their performance.

The standard way to reduce the training set size is to use a smaller but equally

informative portion of data, namely a coreset. In literature, there is a large body of

coreset selection methods for various target tasks, e.g. accelerating model training in

neural architecture search (Shleifer and Prokop, 2019; Such et al., 2020), storing

previous knowledge compactly in continual learning (Rebuffi et al., 2017; Toneva

et al., 2019) and efficient selection of samples to label in active learning (Sener and

Savarese, 2018). However, their selection procedures rely on heuristics and greedy

algorithms which lead to sub-optimal results. In addition, finding such an informative

coreset may not always be possible when the information in the dataset is not

concentrated in few samples but uniformly distributed over all of them.

Motivated by these shortcomings, a recent research direction, training set

synthesis aims at generating a small training set which is further used to train deep

neural networks for the downstream task (Wang et al., 2018; Sucholutsky and

Schonlau, 2019; Bohdal et al., 2020; Such et al., 2020; Nguyen et al., 2021a; Zhao

et al., 2021). In particular, Dataset Distillation (DD) proposed by Wang et al. (2018)

models the network parameters as a function of synthetic training data, and then

minimizes the training loss on the real training data by optimizing the synthetic data.
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Sucholutsky and Schonlau (2019) extend DD by learning synthetic images and soft

labels simultaneously. Bohdal et al. (2020) simplify DD by only learning the

informative soft labels for randomly selected real images. Such et al. (2020) propose

to use a generator network instead of directly learning synthetic data. Nguyen et al.

(2021a) reformulates DD in a kernel-ridge regression which has a closed-form

solution. Zhao et al. (2021) propose Dataset Condensation (DC) that “condenses” the

large training set into a small synthetic set by matching the gradients of the network

parameters with respect to large-real and small-synthetic training data. The authors

show that DC can be trained more efficiently by bypassing the bi-level optimization in

DD while significantly outperforming DD in multiple benchmarks. Despite the recent

success of the training set synthesis over the coreset techniques, especially in

low-data regime, there is still a large performance gap between models trained on the

small synthetic set and those trained on the whole training set. For instance, models

that are trained on DD and DC synthetic sets obtain 38.3% and 44.9% accuracy

respectively with 10 images per class on the CIFAR10 dataset, while a model trained

on the whole dataset (5000 images per class) obtains 84.8% .

An orthogonal direction to increase data efficiency and thus generalization

performance is data augmentation, a technique to expand training set with

semantic-preserving transformations (Krizhevsky et al., 2012; Zhang et al., 2018; Yun

et al., 2019; Chen et al., 2020b; Chen and He, 2020). While these strategies can

simply be used to augment the synthetic set that are obtained by a training set

synthesis method, we show that naive strategies lead to either drops or negligible

gains in performance in Section 4.4. This is because the synthetic images i) have

substantially different characteristics from natural images, ii) are not learned to train

deep neural network under various transformations. Thus we argue that an effective

combination of these two techniques is non-trivial and demands careful data

augmentation design and a principled learning procedure.

In this paper we propose a principled method to enable learning a synthetic

training set that can be effectively used with data augmentation to train deep neural

networks. Our main technical contribution is Differentiable Siamese

Augmentation (DSA), illustrated in Figure 4.1, that applies the same randomly

sampled data transformation to both sampled real and synthetic data at each training

iteration and also allows for backpropagating the gradient of the loss function with

respect to the synthetic data by differentiable data transformations. Applying various

data transformations (e.g. 15◦ clockwise rotation) simultaneously to both real and
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Figure 4.1: Dataset condensation with differentiable Siamese augmentation. Differentiable Siamese

augmentation (DSA) applies the same parametric augmentation (e.g. rotation) to all data points in the

sampled real and synthetic batches in a training iteration. The gradients of network parameters with

respect to the sampled real and synthetic batches are matched for updating the synthetic images. A

DSA example is given that rotation with the same degree is applied to the sampled real and synthetic

batches.

synthetic images in training has three key advantages. First our method can exploit

the information in real training images more effectively by augmenting them in

several ways and transfer this augmented knowledge to the synthetic images. Second,

sharing the same transformation across real and synthetic images allows the synthetic

images to learn certain prior knowledge in the real images (e.g. the objects are usually

horizontally on the ground). Please refer to Section 4.5.3 for detailed analysis. Third,

most importantly, once the synthetic images are learned, they can be used with

various data augmentation strategies to train different deep neural network

architectures. We validate these advantages in multiple image classification

benchmarks and show that our method significantly outperforms the state-of-the-art

of dataset condensation by a wide margin, around 7% on CIFAR10/100 datasets1.

Finally we explore the use of our method in continual learning and neural architecture

search, and show promising results.

4.2 Related Work

In addition to the coreset selection and training set synthesis methods that are

discussed in section 4.1, our method is also related to data augmentation techniques

and Generative Adversarial Networks (GANs).

Data Augmentation. Many deep neural networks adopts data transformations for

expanding the effective training set size, reducing overfitting and thus improving their

performance. The most popular augmentation strategies include color jittering
1The implementation is available at https://github.com/VICO-UoE/DatasetCondensation.

https://github.com/VICO-UoE/DatasetCondensation
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(Krizhevsky et al., 2012), cropping (Krizhevsky et al., 2012), cutout (DeVries and

Taylor, 2017), flipping, scale, rotation. More elaborate augmentation strategies are

Mixup (Zhang et al., 2018) and CutMix (Yun et al., 2019). These augmentation

strategies are typically applied to various image recognition problems where the label

is invariant to transformations of the input and the transformations do not have to be

differentiable with respect to the original input image.While we also use several data

augmentation techniques, our focus is to synthesize training images that results in

gradients that are equivariant to the ones from real images. In addition, we use

differentiable augmentations such that gradients can go through the augmentation

function and back-propagate to synthetic data.

Auto-augmentation. This line of work investigates how to automatically find the

best augmentation strategy instead of manually designing by either learning a sequence

of transformation functions in an adversarial optimization (Ratner et al., 2017), using

a reinforcement learning algorithm (Cubuk et al., 2019), or learning the parameters of

parametric feature augmentations (Yan et al., 2020). In contrast, our goal is not to find

the best augmentation for training data but to synthesize training data that is equipped

with the augmentation ability for training downstream-task models.

GANs & Differentiable Augmentation. GANs (Goodfellow et al., 2014a; Mirza

and Osindero, 2014; Radford et al., 2015) typically aim at generating real-looking

novel images by fooling a discriminator network. Differentiable Augmentation (Zhao

et al., 2020b; Tran et al., 2020; Zhao et al., 2020c; Karras et al., 2020) has recently

been applied for improving their training and in particular for preventing

discriminators from memorizing the limited training set. Though they also apply

differentiable augmentation to both real and fake images, augmentations are

independently applied to real and fake ones. In contrast we use a Siamese

augmentation strategy which is explicitly coordinated to apply the same

transformation to both real and synthetic images. In addition, our goal, which is to

generate a set of training data that can be used to efficiently train deep neural

networks from scratch, differs from theirs and our images do not have to be realistic.

4.3 Method

Here we first review DC (Zhao et al., 2021), then describe our proposed DSA method

and its training algorithm.
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4.3.1 Dataset Condensation Review

Assume that we are given a large training set T = {(𝒙1, 𝑦1), . . . , (𝒙 |T |, 𝑦 |T |)} with |T |
image and label pairs. DC (Zhao et al., 2021) aims at learning a much smaller set with

|S| synthetic image and label pairs S = {(𝒔1, 𝑦1), . . . , (𝒔 |S|, 𝑦 |S|)} from T such that a

deep network trained on S obtains comparable generalization performance to a deep

neural network that is trained on T . Let 𝜙𝜽T and 𝜙𝜽S denote the deep neural networks

with parameters 𝜽T and 𝜽S that are trained on T and S respectively. The goal of DC

can be formulated as:

E𝒙∼𝑃D [ℓ(𝜙𝜽T (𝒙), 𝑦)] ≃ E𝒙∼𝑃D [ℓ(𝜙𝜽S (𝒙), 𝑦)] (4.1)

over the real data distribution 𝑃D with loss function ℓ (i.e. cross-entropy loss) . In

practice, their generalization performances are measured on an unseen test set.

A possible way to achieve the comparable performance in eq. (4.1) is obtaining

a similar solution to 𝜽T , after the parameters of the network are trained on S, i.e.

𝜽S ≈ 𝜽T . However, solving this with respect to S involves nested loop optimization

over network parameters 𝜽 and synthetic data S which is typically not scalable to

large models and multi-step optimization. Instead Zhao et al. (2021) hypothesize that

a similar solution can be achieved, when the parameter updates for 𝜽T𝑡 and 𝜽S𝑡 are

approximately equal at each training iteration 𝑡, given the same initialization 𝜽T0 =

𝜽S0 . In addition, assuming that 𝜽S𝑡 = 𝜽T𝑡 can be satisfied at each iteration, the authors

simplify the learning by using a single neural network parameterized by 𝜽 and propose

the following minimization problem:

min
S
𝐷 (∇𝜽L(S,𝜽𝑡),∇𝜽L(T ,𝜽𝑡)), (4.2)

where

L(S,𝜽𝑡) =
1
|S|

∑︁
(𝒔,𝑦)∈S

ℓ(𝜙𝜽𝑡 (𝒔), 𝑦)),

L(T ,𝜽𝑡) =
1
|T |

∑︁
(𝒙,𝑦)∈T

ℓ(𝜙𝜽𝑡 (𝒙), 𝑦))

and 𝐷 is a sum of cosine distances between the two gradients of weights associated

with each output node at each layer. We refer the readers to Zhao et al. (2021) for more

detailed explanation.

4.3.2 Differentiable Siamese Augmentation (DSA)

Here we explain how data augmentation strategies can be effectively used with the DC

formulation. One naive way is to apply data augmentation to the synthetic images post-
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hoc, after they are learned. However, this strategy results in negligible performance

gains (demonstrated in Section 4.4), as the synthetic images are not optimized to be

augmented. Hence, a more principled way is to apply data augmentation while learning

the synthetic images, which can be formulated by rewriting eq. (4.2):

min
S
𝐷 (∇𝜽L(A(S,𝜔S),𝜽𝑡),∇𝜽L(A(T ,𝜔T ),𝜽𝑡)), (4.3)

whereA is a family of image transformations that preserves the semantics of the input

(i.e. class label) such as cropping, color jittering, flipping that are parameterized with

𝜔S and 𝜔T for the synthetic and real training sets respectively.

Siamese Augmentation. In the standard data augmentation 𝜔 is randomly sampled

from a predetermined distribution Ω for each image independently. However,

randomly sampling both 𝜔S and 𝜔T is not meaningful in our case, as this results in

ambiguous gradient matching problem in eq. (4.2). For instance, in case of cropping,

this would require a particular region of a synthetic image to produce gradients

matching to the ones that are generated from different crops of real image at different

training iterations. Hence this method results in an averaging affect on the synthetic

images and loss of information. To address this issue, we instead use the same

transformations across the synthetic and real training sets, i.e. 𝜔S = 𝜔T . Thus we use

one symbol 𝜔 in the remainder of the paper. As two sets have different number of

images |S| ≪ |T | and there is no one-to-one correspondence between them, we

randomly sample a single transformation 𝜔 and apply it to all images in a minibatch

pair at each training iteration. This also avoids the averaging effect in a minibatch.

This strategy enables correspondence between the two sets (e.g. between 15◦

clockwise rotation of synthetic and real set) and a more effective way of exploiting

the information in the real training images and distilling it to the synthetic images in a

more organized way without averaging effect. We illustrate the main idea in

Figure 4.1.

Differentiable Augmentation. Solving eq. (4.3) for S involves computing the

gradient for the matching loss 𝐷 with respect to the synthetic images 𝜕𝐷 (·)/𝜕S by

backpropagation:
𝜕𝐷 (·)
𝜕S =

𝜕𝐷 (·)
𝜕∇𝜽L(·)

𝜕∇𝜽L(·)
𝜕A(·)

𝜕A(·)
𝜕S .

Thus the transformation A has to be differentiable with respect to the synthetic

images S. Traditionally transformations used for data augmentation are not

implemented in a differentiable way, as optimizing input images is not their focus.

Note that all the standard data augmentation methods for images are differentiable
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and can be implemented as differentiable layers. Thus, we implement them as

differentiable functions for deep neural network training and allow the error signal to

be backpropagated to the synthetic images.

Algorithm 2: Dataset condensation with differentiable Siamese

augmentation.
Input: Training set T

1 Required: Randomly initialized set of synthetic samples S for 𝐶 classes,

probability distribution over randomly initialized weights 𝑃𝜽0 , deep neural

network 𝜙𝜽 , number of training iterations 𝐾 , number of inner-loop steps

𝑇 , number of steps for updating weights 𝜍𝜽 and synthetic samples 𝜍S in

each inner-loop step respectively, learning rates for updating weights 𝜂𝜽 and

synthetic samples 𝜂S , differentiable augmentation A𝜔 parameterized with 𝜔,

augmentation parameter distribution Ω, random augmentation A.

2 for 𝑘 = 0, · · · ,𝐾 −1 do
3 Initialize 𝜽0 ∼ 𝑃𝜽0

4 for 𝑡 = 0, · · · ,𝑇 −1 do
5 for 𝑐 = 0, · · · ,𝐶 −1 do
6 Sample 𝜔 ∼Ω and a minibatch pair 𝐵T𝑐 ∼ T and 𝐵S𝑐 ∼ S ⊲ 𝐵T𝑐 ,

𝐵S𝑐 are of class 𝑐.

7 Compute LT𝑐 = 1
|𝐵T𝑐 |

∑
(𝒙,𝑦)∈𝐵T𝑐 ℓ(𝜙𝜽𝑡 (A𝜔 (𝒙)), 𝑦) and LS𝑐 =

1
|𝐵S𝑐 |

∑
(𝒔,𝑦)∈𝐵S𝑐 ℓ(𝜙𝜽𝑡 (A𝜔 (𝒔), 𝑦)

8 Update S𝑐← sgdS (𝐷 (∇𝜽LS𝑐 (𝜽𝑡),∇𝜽LT𝑐 (𝜽𝑡)), 𝜍S , 𝜂S)

9 Update 𝜽𝑡+1← sgd𝜽 (L(𝜽𝑡 ,A(S)), 𝜍𝜽 , 𝜂𝜽) ⊲ Use A for the whole

S
Output: S

4.3.3 Training Algorithm

We adopt training algorithm proposed by Zhao et al. (2021) for the proposed DSA,

which is depicted in Alg. 2. To enable that the generated synthetic images can train

deep neural networks from scratch with any randomly initialized parameters, we use

an outer loop with 𝐾 iterations where at each outer iteration we randomly initialize

network parameters (i.e. 𝜽0 ∼ 𝑃𝜽0) from a distribution 𝑃𝜽0 and train them from scratch.

In the inner loop 𝑡, we randomly sample an image transformation 𝜔 and a minibatch
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pair 𝐵T𝑐 , 𝐵S𝑐 from the real and synthetic sets that contain samples from only class 𝑐,

and compute their average cross-entropy loss and gradients with respect to the model

parameters separately. Then we compute the gradient matching loss as in eq. (4.3) and

update the synthetic data S𝑐 by using stochastic gradient descent optimization with 𝜍S
gradient descent steps and 𝜂S learning rate. We repeat the above steps for every class

𝑐 in the inner loop 𝑡. Alternatively, we update the model parameters 𝜽𝑡 to minimize the

cross-entropy loss on the augmented synthetic data with 𝜍𝜽 gradient descent steps and

𝜂𝜽 learning rate.

Discussion. We observe that using minibatches from multiple classes leads to a

slower convergence rate in training. The reason is that when the gradients ∇𝜽L are

averaged over samples from multiple classes, image/class correspondence for

synthetic data is harder to retrieve from the gradients.

4.4 Experiments

4.4.1 Datasets & Implementation Details

Datasets. We evaluate our method on 5 image classification datasets, MNIST

(LeCun et al., 1990), FashionMNIST (Xiao et al., 2017), SVHN (Netzer et al., 2011),

CIFAR10 and CIFAR100 (Krizhevsky et al., 2009). Both the MNIST and

FashionMNIST datasets have 60,000 training and 10,000 testing images of 10 classes.

SVHN is a real-world digit dataset which has 73,257 training and 26,032 testing

images of 10 numbers. CIFAR10 and CIFAR100 both have 50,000 training and

10,000 testing images from 10 and 100 object categories respectively.

Network Architectures. We test our method on a wide range of network

architectures, including multilayer perceptron (MLP), ConvNet (Gidaris and

Komodakis, 2018), LeNet (LeCun et al., 1998), AlexNet (Krizhevsky et al., 2012),

VGG-11 (Simonyan and Zisserman, 2014) and ResNet-18 (He et al., 2016). We use

the ConvNet as the default architecture in experiments unless otherwise indicated.

The default ConvNet has 3 duplicate convolutional blocks followed by a linear

classifier, and each block consists of 128 filters, average pooling, ReLu activation

(Nair and Hinton, 2010) and instance normalization (Ulyanov et al., 2016). We refer

to Section 3.3.1 for more details about the above-mentioned architectures. The

network parameters for all architectures are randomly initialized with Kaiming

initialization (He et al., 2015). The labels of synthetic data are pre-defined evenly for
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all classes, and the synthetic images are initialized with randomly sampled real

images of corresponding class. While our method works well when initialising

synthetic images from random noise, initialising them from randomly picked real

images leads to better performance. We evaluate the initialization strategies in

Section 4.5.2.

Hyper-parameters and Augmentation. For simplicity and generality, we use one

set of hyper-parameters and augmentation strategy for all datasets. We set 𝐾 = 1000,

𝜍S = 1, 𝜂𝜽 = 0.01, 𝜂S = 0.1, 𝑇 = 1/10/50 and 𝜍𝜽 = 1/50/10 for 1/10/50 image(s)/class

learning respectively as in (Zhao et al., 2021). The minibatch sizes for both real and

synthetic data are 256. When the synthetic set has fewer images than 256, we use

all the synthetic images of a class 𝑐 in each minibatch. For data augmentation, we

randomly pick one of several augmentations to implement each time. More details can

be found in Section 4.4.4.

Experimental Setting. We evaluate our method at three settings, 1/10/50 image(s)

per class learning. Each experiment involves two phases. First, we learn to synthesize

a small synthetic set (e.g. 10 images/class) from a given large real training set. Then we

use the learned synthetic set to train randomly initialized neural networks and evaluate

their performance on the real testing set. For each experiment, we learn 5 sets of

synthetic images and use each set to train 20 randomly initialized networks, then report

mean testing accuracy and its standard deviation over the 100 evaluations.

4.4.2 Comparison to State of the Art

Competitors. We compare our method to several state-of-the-art coreset selection

and training set synthesis methods. The coreset selection competitors are random,

herding (Chen et al., 2010; Rebuffi et al., 2017; Castro et al., 2018; Belouadah and

Popescu, 2020) and forgetting (Toneva et al., 2019). Random is a simple baseline that

randomly select samples as the coreset. Herding is a distance based algorithm that

selects samples whose center is close to the distribution center, i.e. each class center.

Forgetting is a statistics based metric that selects samples with the maximum

misclassification frequencies during training. Please refer to Section 2.1 for

implementation details of sample selection methods. Training set synthesis

competitors are Dataset Distillation (DD) proposed by Wang et al. (2018), Label

Distillation (LD) proposed by Bohdal et al. (2020), and Dataset Condensation (DC)

proposed by Zhao et al. (2021) which we built our method on. We also provide
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Img/Cls Ratio %
Coreset Selection Training Set Synthesis

Whole Dataset
Random Herding Forgetting DD† LD† DC DSA

MNIST
1 0.017 64.9±3.5 89.2±1.6 35.5±5.6 60.9±3.2 91.7±0.5 88.7±0.6

99.6±0.010 0.17 95.1±0.9 93.7±0.3 68.1±3.3 79.5±8.1 87.3±0.7 97.4±0.2 97.8±0.1
50 0.83 97.9±0.2 94.8±0.2 88.2±1.2 - 93.3±0.3 98.8±0.2 99.2±0.1

FashionMNIST
1 0.017 51.4±3.8 67.0±1.9 42.0±5.5 - - 70.5±0.6 70.6±0.6

93.5±0.110 0.17 73.8±0.7 71.1±0.7 53.9±2.0 - - 82.3±0.4 84.6±0.3
50 0.83 82.5±0.7 71.9±0.8 55.0±1.1 - - 83.6±0.4 88.7±0.2

SVHN
1 0.014 14.6±1.6 20.9±1.3 12.1±1.7 - - 31.2±1.4 27.5±1.4

95.4±0.110 0.14 35.1±4.1 50.5±3.3 16.8±1.2 - - 76.1±0.6 79.2±0.5
50 0.7 70.9±0.9 72.6±0.8 27.2±1.5 - - 82.3±0.3 84.4±0.4

CIFAR10
1 0.02 14.4±2.0 21.5±1.2 13.5±1.2 - 25.7±0.7 28.3±0.5 28.8±0.7

84.8±0.110 0.2 26.0±1.2 31.6±0.7 23.3±1.0 36.8±1.2 38.3±0.4 44.9±0.5 52.1±0.5
50 1 43.4±1.0 40.4±0.6 23.3±1.1 - 42.5±0.4 53.9±0.5 60.6±0.5

Table 4.1: The performance comparison to coreset selection and training set synthesis methods. This

table shows the testing accuracies (%) of models trained from scratch on the small coreset or synthetic

set. Img/Cls: image(s) per class, Ratio (%): the ratio of condensed images to whole training set. DD†

and LD† use LeNet for MNIST and AlexNet for CIFAR10, while the rest use ConvNet for training and

testing.

baseline performances for an approximate upperbound that are obtained by training

the models on the whole real training set. Note that we report the results of coreset

selection methods and upper-bound performances presented in DC (Zhao et al.,

2021), as we use the same setting and hyper-parameters, and present the original

results for the rest methods.

Results for 10 Category Datasets. Table 4.1 presents the results of different

methods on MNIST, FashionMNIST, SVHN and CIFAR10, which all have 10 classes.

We first see that Herding performs best among the coreset methods for a limited

number of images e.g. only 1 or 10 image(s)/class and random selection performs

best for 50 images/class. Overall the training set synthesis methods outperform the

coreset methods which shows a clear advantage of synthesizing images for the

downstream tasks, especially for 1 or 10 image(s)/class. Our method achieves the best

performance in most settings and in particular obtains significant gains when learning

10 and 50 images/class, improves over the state-of-the-art DC by 7.2% and 6.7% in

CIFAR10 dataset for 10 and 50 images per class. Remarkably in MNIST with less

than 1% data (50 images/class), it achieves 99.2% which on par with the upperbound

99.6%. We also observe that our method obtains comparable or worse performance

than DC in case of 1 image/class. We argue that our method acts as a regularizer on

DC, as the synthetic images are forced to match the gradients from real training
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images under different transformations. Thus we expect that our method works better

when the solution space (synthetic set) is larger. Finally, the performance gap

between the training set synthesis methods and upperbound gets larger when the task

is more challenging. For instance, in the most challenging dataset, CIFAR10, the gap

between ours and the upperbound is 24.2%, while it is 0.4% in MNIST in the 50

images/class setting.

Note that we are aware of two recent work, Generative Teaching Networks (GTN)

(Such et al., 2020) and Kernel Inducing Point (KIP) (Nguyen et al., 2021a). GTN

provides only their performance curve on MNIST for 4,096 synthetic images (≈ 400

images/class) but no numerical results, which is slightly worse than our performance

with 50 images/class. KIP achieves 95.7±0.1% and 46.9±0.2% testing accuracies on

MNIST and CIFAR10 when learning 50 images/class with kernels and testing with

one-layer fully connected network, while our results with ConvNet are 99.2±0.1% and

60.6±0.5% respectively. Though our results are significantly better than theirs, the two

methods are not directly comparable, as KIP and our DSA use different training and

testing architectures. Please refer to Section 2.2.2 for the details of KIP method.

We visualize the generated 10 images/class synthetic sets of MNIST and

CIFAR10 in Figure 4.2. Overall the synthetic images capture diverse appearances in

the categories, various writing styles in MNIST and a variety of viewpoints and

background in CIFAR10. Although it is not our goal, our images are easily

recognizable and more similar to real ones than the ones that are reported by Wang

et al. (2018); Such et al. (2020); Nguyen et al. (2021a).

CIFAR100 Results. We also evaluate our method on the more challenging

CIFAR100 dataset for which few dataset condensation works report their results.

Note that compared to CIFAR10, CIFAR100 is more challenging, as discriminating

10 times more categories requires learning more powerful features and also there are
1
10 fewer images per class in CIFAR100. We present our results in Table 4.2 and

compare to the competitive coreset methods (random, herding) and train set synthesis

methods (LD, DC). Our method obtains 13.9% and 32.3% testing accuracies for 1 and

10 images/class, which improves over DC by 1.1% and 7.1% respectively. Compared

to the 10 category datasets, the relative performance gap between the upperbound

(56.2±0.3%) and the best performing method (DSA) is significantly bigger in this

dataset.
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Figure 4.2: Visualization of the generated 10 images/class synthetic sets of MINIST and CIFAR10.

The synthetic images are recognizable for human beings.

Img/Cls Random Herding LD† DC DSA Whole Dataset

1 4.2±0.3 8.4±0.3 11.5±0.4 12.8±0.3 13.9±0.3
56.2±0.3

10 14.6±0.5 17.3±0.3 - 25.2±0.3 32.3±0.3

Table 4.2: The performance (%) comparison on CIFAR100 dataset. LD† use AlexNet for CIFAR100,

while the rest use ConvNet.

C\T MLP ConvNet LeNet AlexNet VGG ResNet

MLP 76.5±1.2 73.1±3.6 80.4±2.9 78.2±6.4 58.7±6.5 78.7±3.9

ConvNet 75.6±1.1 88.8±0.8 84.8±1.5 84.7±1.5 83.5±1.7 89.3±0.8

LeNet 76.5±0.9 86.6±1.5 83.9±1.6 83.9±1.2 81.1±2.3 88.2±0.9

AlexNet 76.1±0.8 87.6±0.8 84.2±1.6 84.6±1.7 82.0±2.1 88.8±0.8

VGG 75.8±1.0 88.9±0.7 84.5±1.6 85.0±1.4 83.2±1.9 88.9±1.0

ResNet 75.8±1.0 88.6±0.8 84.8±1.7 84.8±1.2 82.4±1.9 89.5±1.0

Table 4.3: Cross-architecture performance (%). We learn to condense the training set on one

architecture (C), and test it on another architecture (T). We learn 1 image/class condensed set on MNIST.
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4.4.3 Cross-architecture Generalization

Here we study the cross-architecture performance of our model and report the results

in Table 4.3 in MNIST for 1 image/class. To this end, we use different neural

architectures to learn the synthetic images and further use the synthetic images to

train classifiers. The rows indicate the architecture which is used to learn the synthetic

images and columns show the architectures that we train as classifiers. The results

show that synthetic images learned by the convolutional architectures (ConvNet,

LeNet, AlexNet, VGG and ResNet) perform best and generalize to the other

convolutional ones, while the MLP network produces less informative synthetic

images overall. Finally the most competitive architecture, ResNet provides the best

results when trained as a classifier on the synthetic images.

4.4.4 Ablation Study

Effectiveness of DSA. Here we study the effect of design choices in the proposed

DSA in terms of test performance on CIFAR10 for 10 images/class and report it in

Table 4.4. One can apply image transformations to the real and synthetic set while

learning the synthetic images, and also to the synthetic images while training a

classifier in the second stage. In addition, the same image transformation can be

applied to all images in a real and synthetic minibatch pair (denoted as A𝜔) or an

independently sampled image transformation can be applied to each image (denoted

as A). Note that the former corresponds to our proposed Siamese augmentation and

we test different augmentation schemes for cropping, flipping, scaling and rotation.

The results verify that the proposed Siamese augmentation always achieves the

best performance when used with individual augmentation. The largest improvement

is obtained by applying our Siamese augmentation with cropping. Specifically, using

Siamese augmentation with cropping achieves 3.6% improvement compared to no

data augmentation (A)\@. Note that (A) corresponds to DC (Zhao et al., 2021) with

initialization from real images. While a smaller improvement of 1.4% can be obtained

by applying cropping only to synthetic data in the test phase (B), DSA provides a

further 2.2% over this. Applying cropping only to the real or synthetic images (C and

D) degrades the performance and obtains worse performance than no data

augmentation (A)\@. Similarly, applying independent transformations to the real and

synthetic images when learning synthetic images, i.e. (F), leads to worse performance

than (A)\@. Finally, the Siamese augmentation method performs worse than (A)



Chapter 4. Dataset Condensation with Differentiable Siamese Augmentation 44

Condense Test Test Performance (%)

Real Synthetic Synthetic Crop Flip Scale Rotation

Ours A𝜔 A𝜔 A 49.1±0.6 47.9±0.7 46.9±0.5 46.8±0.6

(A) - - - 45.5±0.6 45.5±0.6 45.5±0.6 45.5±0.6

(B) - - A 46.9±0.6 46.1±0.6 45.7±0.5 45.0±0.5

(C) A - A 42.8±0.7 46.2±0.6 44.5±0.6 44.5±0.6

(D) - A A 44.6±0.7 46.8±0.6 45.4±0.6 45.9±0.7

(E) A𝜔 A𝜔 - 43.4±0.5 46.4±0.6 45.7±0.6 46.3±0.5

(F) A A A 44.5±0.5 46.9±0.6 45.7±0.5 45.8±0.5

Table 4.4: Ablation study on augmentation schemes in CIFAR10 for 10 synthetic images/class.

A𝜔 denotes Siamese augmentation when applied to both real and synthetic data, while A denotes

augmentation that is not shared across real and synthetic minibatches.

when no data augmentation is used to train the classifier (E)\@. This shows that it is

important to apply data augmentation consistently in both stages. The effects on other

augmentation strategies may be slightly different but similar to those for cropping

augmentation.

Augmentation Strategy. Our method can be used with most common image

transformations. Here we investigate the performance of our method with several

popular transformations including color jittering, cropping, cutout, flipping, scaling,

rotation on MNIST, FashionMNIST, SVHN and CIFAR10 for 10 images/class

setting. We also show a simple combination strategy that is used as the default

augmentation in experiments by randomly sampling one of these six transformations

at each time. The exception is that flipping is not included in the combination for the

two number datasets - MNIST and SVHN, as it can change the semantics of a

number. Note that our goal is not to exhaustively find the best augmentation strategy

but to show that our augmentation scheme can be effectively used for dataset

condensation and we leave a more elaborate augmentation strategy for future work.

Table 4.5 depicts the results for no transformation, individual transformations and

as well as the combined strategy. We find that applying all the augmentations improve

the performance on CIFAR10 compared to the baseline (None). Cropping is the most

effective single transformation that can increase the testing accuracy from 45.5% to

49.1%. The combination of these augmentations further improves the performance to

52.1%. Interestingly, cropping and cutout transformations degrade the performance of

SVHN\@. We suppose that SVHN images are noisy and some include multiple digits
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Img/Cls None Color Crop Cutout Flip Scale Rotate Combination

MNIST 10 96.4±0.1 96.5±0.1 97.2±0.1 96.5±0.1 - 97.2±0.1 97.2±0.1 97.8±0.1

FashionMNIST 10 82.5±0.3 82.9±0.3 83.3±0.3 84.0±0.3 83.1±0.2 84.0±0.4 83.1±0.3 84.6±0.3

SVHN 10 76.7±0.6 77.4±0.5 75.9±0.8 73.1±0.6 - 78.0±0.5 77.4±0.4 79.2±0.5

CIFAR10 10 45.5±0.6 47.6±0.5 49.1±0.6 48.1±0.5 47.9±0.7 46.9±0.5 46.8±0.6 52.1±0.5

Table 4.5: Performance with different augmentation strategies. Flipping is not suitable for

number datasets - MNIST and SVHN. Combination means randomly sampling one from the six/five

transformations to implement each time.

and these transformations may pick the wrong patch of an image. Nevertheless, we

still observe that the combined strategy obtains the best performance in all datasets.

4.4.5 Continual Learning

Here we apply our method to a continual learning task (Rebuffi et al., 2017; Castro

et al., 2018; Aljundi et al., 2019) where the tasks are incrementally learned on three

digit recognition datasets, SVHN (Netzer et al., 2011), MNIST (LeCun et al., 1998)

and USPS (Hull, 1994) as in (Zhao et al., 2021) and the goal is to preserve the

performance in the seen tasks while learning new ones. We build our model on the

popular continual learning baseline – EEIL (Castro et al., 2018) which leverages

memory rehearsal and knowledge distillation (Hinton et al., 2015) to mitigate

catastrophic forgetting of old tasks. We replace the sample selection strategy, i.e.

herding, with our dataset condensation method for memory construction and keep the

rest the same. The memory budget is 10 images/class for all seen classes. We refer to

Zhao et al. (2021) for more details.

Figure 4.3 depicts the results of EEIL with three memory construction strategies -

herding (Castro et al., 2018), DC (Zhao et al., 2021) and our DSA under two settings -

with and without knowledge distillation. The results show that DSA always

outperforms the other two memory construction methods. Especially, DSA achieves

94.4% testing accuracy after learning all three tasks without knowledge distillation,

which surpasses DC and herding by 1.4% and 3.7% respectively. In our experiments,

the synthetic images learned by our method are more informative for training models

than those produced by competitors.
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Figure 4.3: Continual learning performance. We compare to the original EEIL (Castro et al., 2018)

denoted as Herding and DC (Zhao et al., 2021) under two settings: with and without knowledge

distillation. T1, T2, T3 are three learning stages.
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4.4.6 Neural Architecture Search

Our method has substantial practical benefits when one needs to train many neural

networks in the same dataset. One such application is neural architecture search

(NAS) (Zoph et al., 2018) which aims to search the best network architecture for a

given dataset. Here our goal is to verify that a small set of synthetic images learned by

our method can be used as a proxy set to efficiently train many networks and the test

performances of the neural architectures are correlated to the ones trained on the

original training set.

To this end, we design a set of candidate neural network architectures based on a

modular ConvNet by varying its depth, width, pooling, activation and normalization

layers which produces 720 candidates in total. We refer to Section 3.3.2 for more

details. We train these models on the whole CIFAR10 training set for obtaining the

ground-truth performance and also three small proxy-sets that are obtained with

random, DSA and early-stopping (Li and Talwalkar, 2020). Please refer to

Section 3.3.2 for more details about early-stopping. We randomly select 10

images/class in random and learn 10 images/class condensed set with the default

ConvNet in DSA as the proxy-sets. We train models for 300 epochs with random and

DSA\@. In early-stopping we train models for same amount of iterations to DSA

(300 iterations with batch size 100) on the whole original training set. Both random

and DSA use 100 images (0.2% of whole dataset) in total, while early-stopping uses

3× 104 images (60% of whole dataset). For the whole set baseline, we train models

for 100 epochs, which is sufficiently long to converge. Finally we pick the best

performing architectures on the validation split that are trained on each proxy set,

train them on the original training set from scratch and report their test set

performance.

We report the results in Table 4.6 in the performance of selected best architecture,

correlation between performances of proxy-set and whole-dataset training, training

time cost and storage cost. The correlation, i.e. Spearman’s rank correlation

coefficient, is calculated on the top 5% candidate architectures of each proxy-set,

which is also illustrated in Figure 4.4. The proxy-set produced by our method

achieves the strongest correlation - 0.76, while the time cost of implementing NAS on

our proxy-set is only 1.2% of implementing NAS on the whole dataset. This

promising performance indicates that our DSA can speed up NAS by training models

on small proxy-set. Although the model chosen by early-stopping achieves better
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Random DSA Early-stopping Whole Dataset

Performance (%) 78.2 81.3 84.3 85.9
Correlation 0.12 0.76 0.48 1.00

Time cost (min) 32.5 44.5 32.6 3580.2
Storage (imgs) 102 102 3×104 5×104

Table 4.6: Neural architecture search on proxy-sets and whole dataset. The search space is 720

ConvNets. We do experiments on CIFAR10 with 10 images/class randomly selected coreset and

synthetic set learned by DSA\@. Early-stopping means training models on whole dataset but with the

same iterations as random and DSA\@.
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Figure 4.5: Gradient magnitude distribution with respect to real/synthetic data.

performance than ours, early-stopping requires two orders of magnitude more

training images than ours. In addition, the correlation (0.48) between early-stopping

performance and whole-dataset training performance is significantly lower than ours

(0.76).

4.5 Discussion

4.5.1 Why Does DSA Work?

In this section, we attempt to shed light onto why DSA leads to better synthetic data.

We hypothesize that the Siamese augmentation acts as a strong regularizer on the

learned high-dimensional synthetic data S and alleviates its overfitting to the real

training set. We refer to Hernández-Garcı́a and König (2018) for more elaborate
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analysis of the relation between data augmentation and regularization. This can be

shown more explicitly by reformulating Equation (4.3) over multiple randomly

sampled augmentations:

min
S

∑︁
𝜔∼Ω

𝐷 (∇𝜽L(A(S,𝜔),𝜽),∇𝜽L(A(T ,𝜔),𝜽)), (4.4)

which forces the synthetic set to match the gradients from the real set under multiple

transformations 𝜔 when sampled from the distribution Ω and renders the optimization

harder and less prone to overfitting.

We also quantitatively analyze this by reporting the gradient magnitude distribution

| |∇𝜽L(T )|| and | |∇𝜽L(S)|| for real and synthetic sets respectively in Figure 4.5 when

learning 10 images/class synthetic set on CIFAR10 with and without DSA\@. The

gradients are obtained at the training iteration 𝑘 = 1000 (see Alg. 2). We see that the

gradient magnitudes from the synthetic data quickly vanishes and thus leads to a very

small updates in absence of DSA, while the synthetic images can still be learned with

DSA\@. Note that as backpropagation involves successive products of gradients, the

updates for S naturally vanishes when multiplied with small | |∇𝜽L(S)||.

4.5.2 Initializing Synthetic Images

In our experiments, we initialize each synthetic image with a randomly sampled real

training image (after standard image normalization) from the corresponding category.

After the initialization, we update them by using the optimization in Equation (4.3).

Once they are trained, they are used to train neural networks without any

post-processing. In Figure 4.6, we illustrate the evolution of synthetic data initialized

from random noise and real images from car and cat categories through our training

in CIFAR10. While we see significant changes over the initialization in both cases,

the ones initialized with real images preserve some of their contents such as object

pose and color.

4.5.3 Disentangling Semantics and Prior Knowledge

Here, we give an intuitive explanation why our method is better at disentangling

semantics and priors. If we randomly crop training images in a batch, for example the

“car” images, some images may contain the “land” pattern while the “land” was

cropped in other images. In every training iteration, the averaged representations or

gradients of a batch will “always” contain a certain ratio of “land” pattern, which is
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Figure 4.6: The learning/rendering process of two classes in CIFAR10 initialized from random noise

and real images respectively.

hard to disentangle from “car” semantics when learning synthetic images by matching

the mean gradients. In contrast, exactly the same “cropping” is applied to all real and

synthetic images in a batch in our differentiable Siamese augmentation. Thus, for

some iteration, the averaged representations or gradients of a batch will explicitly

have or not have the “land” pattern. Hence, “car” and “land” are manually

disentangled, and thus learning the disentanglement of semantics and priors is much

easier.

4.6 Conclusion and Limitation

In this paper, we propose a principled dataset condensation method – Differentiable

Siamese Augmentation – to enable learning synthetic training set that can be

effectively used with data augmentation when training deep neural networks.

Experiments and ablation study show that the learned synthetic training set can be

used to train neural networks with data augmentation and achieve significantly better

performance (about 7% improvement on CIFAR10/100) than state-of-the-art

methods. We also show promising results when applying the proposed method to

continual learning and neural architecture search.

Limitations. The proposed method improves the efficiency of synthetic data by

enabling them to be used more efficiently with augmentation. However, the

limitations of gradient matching method Zhao et al. (2021), such as the scalability,

optimization and generalization problems, still remain. In the future, we will further

improve the utility of dataset condensation by removing these limitations.



Chapter 5

Dataset Condensation with

Distribution Matching

Computational cost of training state-of-the-art deep models in many learning

problems is rapidly increasing due to more sophisticated models and larger datasets.

A recent promising direction for reducing training cost is dataset condensation that

aims to replace the original large training set with a significantly smaller learned

synthetic set while preserving the original information. While training deep models

on a small set of condensed images can be extremely fast, their synthesis remains

computationally expensive due to the complex bi-level optimization and second-order

derivative computation. In this work, we propose a simple yet effective method that

synthesizes condensed images by matching feature distributions of the synthetic and

original training images in many sampled embedding spaces. Our method

significantly reduces the synthesis cost while achieving comparable or better

performance. Thanks to its efficiency, we apply our method to more realistic and

larger datasets with sophisticated neural architectures and obtain a significant

performance boost. We also show promising practical benefits of our method in

continual learning and neural architecture search.

5.1 Introduction

Computational cost for training a single state-of-the-art model in various fields,

including computer vision and natural language processing, doubles every 3.4 months

in the deep learning era due to larger models and datasets (Amodei et al., 2018).

While training a single model can be expensive, designing new deep learning models

51
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or applying them to new tasks certainly require substantially more computations, as

they involve to train multiple models on the same dataset for many times to verify the

design choices, such as loss functions, architectures and hyper-parameters (Bergstra

and Bengio, 2012; Elsken et al., 2019). For instance, Ying et al. (2019) spend 100

TPU years of computation time conducting an exhaustive neural architecture search

on CIFAR10 dataset (Krizhevsky et al., 2009), while training the best-performing

architectures take only dozens of TPU minutes. Hence, there is a strong demand for

techniques that can reduce the computational cost for training multiple models on the

same dataset with minimal performance drop. To this end, this paper focuses on

lowering the training cost by reducing the training set size.

The traditional solution to reduce training set size is coreset selection. Typically,

coreset selection methods choose samples that are important for training based on

heuristic criteria, for example, minimizing distance between coreset and

whole-dataset centers (Chen et al., 2010; Rebuffi et al., 2017; Castro et al., 2018;

Belouadah and Popescu, 2020), maximizing the diversity of selected samples

(Aljundi et al., 2019), discovering cluster centers (Farahani and Hekmatfar, 2009;

Sener and Savarese, 2018), counting the mis-classification frequency (Toneva et al.,

2019) and choosing samples with the largest negative implicit gradient (Borsos et al.,

2020). Although coreset selection methods can be very computationally efficient,

they have two major limitations. First most methods incrementally and greedily select

samples, which is short-sighted. Second their efficiency is upper bounded by the

information in the selected samples in the original dataset.

An effective way of tackling the information bottleneck is synthesizing

informative samples rather than selecting from given samples. A recent approach,

dataset condensation (or distillation) (Wang et al., 2018; Zhao et al., 2021) aims to

learn a small synthetic training set so that a model trained on it can obtain comparable

testing accuracy to that trained on the original training set. Wang et al. (2018) pose

the problem in a learning-to-learn framework by formulating the network parameters

as a function of synthetic data and learning them through the network parameters to

minimize the training loss over the original data. An important shortcoming of this

method is the expensive optimization procedure that involves updating network

weights for multiple steps for each outer iteration and unrolling its recursive

computation graph. Zhao et al. (2021) propose to match the gradients with respect to

the network weights giving real and synthetic training images that successfully avoids

the expensive unrolling of the computational graph. Another efficiency improvement
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Figure 5.1: Dataset Condensation with Distribution Matching. We randomly sample real and synthetic

data, and then embed them with the randomly sampled deep neural networks. We learn the synthetic

data by minimizing the distribution discrepancy between real and synthetic data in these sampled

embedding spaces.

is a closed form optimizer by posing the classification task as a ridge regression

problem to simplify the inner-loop model optimization (Bohdal et al., 2020; Nguyen

et al., 2021a). In spite of recent progress, dataset condensation still requires solving

an expensive bi-level optimization which jeopardizes their goal of reducing training

time due to the expensive image synthesis process. For instance, the state-of-the-art

(Zhao and Bilen, 2021) requires 15 hours of GPU time to learn 500 synthetic images

on CIFAR10 which equals to the cost of training 6 deep networks on the same dataset.

In addition, these methods also require tuning multiple hyper-parameters, e.g. the

steps to update synthetic set and network parameters respectively in each iteration,

that can be different for different settings such as sizes of synthetic sets.

In this paper, we propose a novel training set synthesis technique that combines

the advantages of previous coreset and dataset condensation methods while avoiding

their limitations. Unlike the former and like the latter, our method is not limited to

individual samples from original dataset and can synthesize training images. Like the

former and unlike the latter, our method can very efficiently produce a synthetic set

and avoid expensive bi-level optimization. In particular, we pose this task as a

distribution matching problem such that the synthetic data are optimized to match the

original data distribution in a family of embedding spaces by using the maximum

mean discrepancy, namely MMD measurement (Gretton et al., 2012) (see Figure 5.1).

Distance between data distributions is commonly used as the criterion for coreset

selection (Chen et al., 2010; Farahani and Hekmatfar, 2009; Wang and Ye, 2015;

Sener and Savarese, 2018), however, it has not been used to synthesize training data
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before. We show that the family of embedding spaces can be efficiently obtained by

sampling randomly initialized deep neural networks. Hence, our method is

significantly faster (e.g. 45× in CIFAR10 when synthesizing 500 images) than the

state-of-the-art (Zhao and Bilen, 2021) and involves tuning only one hyperparameter

(learning rate for synthetic images), while obtaining comparable or better results. In

addition, the training of our method can be independently run for each class in

parallel and its computation load can be distributed. Finally, our method provides a

different training cost/performance tradeoff for large-scale settings. In contrast to

prior works (Wang et al., 2018; Nguyen et al., 2021a) that are limited to learning

small synthetic sets on small datasets, our method can be successfully applied in more

realistic settings, i.e. synthesizing 1250 images per class for CIFAR10 (Krizhevsky

et al., 2009), and larger datasets, i.e. TinyImageNet (Le and Yang, 2015) and

ImageNet-1K (Deng et al., 2009). We also validate these benefits in two downstream

tasks by producing more data-efficient memory for continual learning and generating

more representative proxy dataset for accelerating neural architecture search.

5.2 Methodology

5.2.1 Dataset Condensation Problem

Dataset condensation aims to condense the large training set

T = {(𝒙1, 𝑦1), . . . , (𝒙 |T |, 𝑦 |T |)} with |T | image and label pairs into a small synthetic

set S = {(𝒔1, 𝑦1), . . . , (𝒔 |S|, 𝑦 |S|)} with |S| synthetic image and label pairs so that

models trained on each T and S obtain comparable performance on unseen testing

data:

E𝒙∼𝑃D [ℓ(𝜙𝜽T (𝒙), 𝑦)] ≃ E𝒙∼𝑃D [ℓ(𝜙𝜽S (𝒙), 𝑦)], (5.1)

where 𝑃D is the real data distribution, ℓ is the loss function (i.e. cross-entropy loss), 𝜙

is a deep neural network parameterized by 𝜽 , and 𝜙𝜽T and 𝜙𝜽S are the networks that

are trained on T and S respectively.

Existing Solutions. Previous works (Wang et al., 2018; Sucholutsky and Schonlau,

2019; Such et al., 2020; Bohdal et al., 2020; Nguyen et al., 2021a,b) formulate the

dataset condensation as a learning-to-learn problem, pose the network parameters 𝜽S

as a function of synthetic data S and obtain a solution for S by minimizing the training
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loss LT over the original data T :

S∗ = argmin
S
LT (𝜽S (S))

subject to 𝜽S (S) = argmin
𝜽
LS (𝜽).

(5.2)

Recently the authors of (Zhao et al., 2021; Zhao and Bilen, 2021) show that a similar

goal can be achieved by matching gradients of the losses over the synthetic and real

training data respectively with respect to the network parameters 𝜽 , while optimizing

𝜽 and the synthetic data S in an alternating way:

S∗ = argmin
S

E𝜽0∼𝑃𝜽0

[ 𝑇−1∑︁
𝑡=0

𝐷 (∇𝜽LS (𝜽𝑡),∇𝜽LT (𝜽𝑡))
]

subject to 𝜽𝑡+1← opt-alg𝜽 (LS (𝜽𝑡), 𝜍𝜽 , 𝜂𝜽),

(5.3)

where 𝑃𝜽0 is the distribution of parameter initialization, 𝑇 is the outer-loop iteration for

updating synthetic data, 𝜍𝜽 is the inner-loop iteration for updating network parameters,

𝜂𝜽 is the parameter learning rate and 𝐷 (·, ·) measures the gradient matching error. Note

that all the training algorithms (Wang et al., 2018; Zhao et al., 2021; Zhao and Bilen,

2021) have another loop of sampling 𝜽0 over the bi-level optimization.

Dilemma. The learning problems in eq. (5.2) and eq. (5.3) involve solving an

expensive bi-level optimization: first optimizing the model 𝜽S in eq. (5.2) or 𝜽𝑡 in

eq. (5.3) at the inner loop, then optimizing the synthetic data S along with additional

second-order derivative computation at the outer loop. For example, training 50

images/class synthetic set S by using the method in (Zhao et al., 2021) requires 500K

epochs of updating network parameters 𝜽𝑡 on S, in addition to the 50K updating of S.

Furthermore, Zhao et al. (2021) need to tune the hyper-parameters of the outer and

inner loop optimization (i.e. how many steps to update S and 𝜽𝑡) for different learning

settings, which requires cross-validating them and hence multiplies the cost for

training synthetic images.

5.2.2 Dataset Condensation with Distribution Matching

Our goal is to synthesize data that can accurately approximate the distribution of the

real training data in a similar spirit to coreset techniques (e.g. (Chen et al., 2010; Sener

and Savarese, 2018)). However, to this end, we do not limit our method to select a

subset of the training samples but to synthesize them as in Wang et al. (2018); Zhao

et al. (2021). As the training images are typically very high dimensional, estimating
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the real data distribution 𝑃D can be expensive and inaccurate. Instead, we assume

that each training image 𝒙 ∈ ℜ𝑑 can be embedded into a lower dimensional space by

using a family of parametric functions 𝜓𝝑 : ℜ𝑑 →ℜ𝑑′ where 𝑑′ ≪ 𝑑 and 𝝑 is the

parameter. In other words, each embedding function 𝜓 can be seen as providing a

partial interpretation of its input, while their combination provides a complete one.

Now we can estimate the distance between the real and synthetic data distribution

with commonly used maximum mean discrepancy, namely MMD (Gretton et al.,

2012):

sup
∥𝜓𝝑 ∥H≤1

(E[𝜓𝝑 (T )] −E[𝜓𝝑 (S)]), (5.4)

whereH is reproducing kernel Hilbert space. As we do not have access to ground-truth

data distributions, we use the empirical estimate of the MMD:

E𝝑∼𝑃𝝑 ∥
1
|T |

|T |∑︁
𝑖=1
𝜓𝝑 (𝒙𝑖) −

1
|S|

|S|∑︁
𝑗=1
𝜓𝝑 (𝒔 𝑗 )∥2, (5.5)

where 𝑃𝝑 is the distribution of network parameters.

Following Chapter 4, we also apply the differentiable Siamese augmentation

A(·,𝜔) to real and synthetic data that implements the same randomly sampled

augmentation to the real and synthetic minibatch in training, where 𝜔 ∼ Ω is the

augmentation parameter such as the rotation degree. Thus, the learned synthetic data

can benefit from semantics-preserving transformations (e.g. cropping) and learn prior

knowledge about spatial configuration of samples while training deep neural networks

with data augmentation. Finally, we solve the following optimization problem:

min
S
E𝝑∼𝑃𝝑

𝜔∼Ω
∥ 1
|T |

| T |∑︁
𝑖=1
𝜓𝝑 (A(𝒙𝑖 ,𝜔)) −

1
|S|

|S |∑︁
𝑗=1
𝜓𝝑 (A(𝒔 𝑗 ,𝜔))∥2. (5.6)

We learn the synthetic data S by minimizing the discrepancy between two

distributions in various embedding spaces by sampling 𝝑. Importantly eq. (5.6) can

be efficiently solved, as it requires only optimizing S but no model parameters and

thus avoids expensive bi-level optimization. This is in contrast to the existing

formulations (see eq. (5.2) and eq. (5.3)) that involve bi-level optimizations over

network parameters 𝜽 and the synthetic data S.

Note that, as we target image classification problems, we minimize the discrepancy

between the real and synthetic samples of the same class only. We assume that each

real training sample is labelled and we also set a label to each synthetic sample and

keep it fixed during training.
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5.2.3 Training Algorithm

We depict the mini-batch based training algorithm in Algorithm 3. We train the

synthetic data for 𝐾 iterations. In each iteration, we randomly sample the model 𝜓𝝑

with parameter 𝝑 ∼ 𝑃𝝑. Then, we sample a pair of real and synthetic data batches

(𝐵T𝑐 ∼ T and 𝐵S𝑐 ∼ S) and augmentation parameter 𝜔𝑐 ∼ Ω for every class 𝑐. The

mean discrepancy between the augmented real and synthetic batches of every class is

calculated and then summed as loss L. The synthetic data S is updated by

minimizing L with stochastic gradient descent and learning rate 𝜂.

Algorithm 3: Dataset condensation with distribution matching
Input: Training set T

1 Required: Randomly initialized set of synthetic samples S for 𝐶 classes,

deep neural network 𝜓𝝑 parameterized with 𝝑, probability distribution over

parameters 𝑃𝝑, differentiable augmentation A𝜔 parameterized with 𝜔,

augmentation parameter distribution Ω, training iterations 𝐾 , learning rate 𝜂.

2 for 𝑘 = 0, · · · ,𝐾 −1 do
3 Sample 𝝑 ∼ 𝑃𝝑

4 Sample mini-batch pairs 𝐵T𝑐 ∼ T and 𝐵S𝑐 ∼ S and 𝜔𝑐 ∼Ω for every class 𝑐

5 Compute

L =
∑𝐶−1
𝑐=0 ∥

1
|𝐵T𝑐 |

∑
(𝒙,𝑦)∈𝐵T𝑐 𝜓𝝑 (A𝜔𝑐

(𝒙)) − 1
|𝐵S𝑐 |

∑
(𝒔,𝑦)∈𝐵S𝑐 𝜓𝝑 (A𝜔𝑐

(𝒔))∥2

6 Update S ←S−𝜂∇SL
Output: S

5.2.4 Discussion

Randomly Initialized Networks. The family of embedding functions 𝜓𝝑 can be

designed in different ways. Here we use a deep neural network with different random

initializations rather than sampling its parameters from a set of pre-trained networks

which is more computationally expensive to obtain. We experimentally validate that

our random initialization strategy produces better or comparable results with the more

expensive strategy of using pretrained networks in Section 5.3.4. However, one may

still question why randomly initialized networks provide meaningful embeddings for

distribution matching. Here we list two reasons based on the observations from

previous work. First, randomly initialized networks are reported to produce powerful

representations for multiple computer vision tasks (Saxe et al., 2011; Cao et al., 2018;
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Amid et al., 2022). Second, such random networks are showed to perform a

distance-preserving embedding of the data, i.e. smaller distances between samples of

same class and larger distances across samples of different classes (Giryes et al.,

2016). In addition, the combination of many weak embeddings provides a complete

interpretation of the inputs.

Connection to Gradient Matching. While we match the mean features of the real

and synthetic image batches, Zhao et al. (2021) match the mean gradients of network

weights over the two batches. We find that, given a batch of data from the same class,

the mean gradient vector with respect to each output neuron in the last layer of a

network is equivalent to a weighted mean of features where the weights are a function

of classification probabilities predicted by the network and proportional to the

distance between prediction and ground-truth. In other words, while our method

weighs each feature equally, Zhao et al. (2021) assign larger weights to samples

whose predictions are inaccurate. Note that these weights dynamically vary for

different networks and training iterations. We provide the derivation in Appendix B.4.

Generative Models. The classic image synthesizing techniques, includes

AutoEncoders (Kingma and Welling, 2013) and Generative Adversarial Networks

(GANs) (Goodfellow et al., 2014a), aim to synthesize real-looking images, while our

goal is to generate data-efficient training samples. Regularizing the images to look

real may limit the data-efficiency. Previous work (Zhao et al., 2021) showed that the

images synthesized by cGAN (Mirza and Osindero, 2014) are not better than the

randomly selected real images for training networks. We further provide the

comparison to state-of-the-art VAE and GAN models and GMMN method (Li et al.,

2015) in Appendix B.2. Although generative models can be trained to produce

data-efficient training samples with adapted objectives, e.g. Wang et al. (2018) and

our gradient matching in Chapter 3 and distribution matching in Chapter 5, attempts

so far have not achieved state-of-the-art results (Such et al., 2020). We leave it as

future work.

5.3 Experiments

5.3.1 Experimental Settings

Datasets. We evaluate the classification performance of deep networks that are

trained on the synthetic images generated by our method. We conduct experiments on
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five datasets including MNIST (LeCun et al., 1998), CIFAR10, CIFAR100

(Krizhevsky et al., 2009), TinyImageNet (Le and Yang, 2015) and ImageNet-1K

(Deng et al., 2009). MNIST consists of 60K 28×28 gray-scale training images of 10

classes. CIFAR10 and CIFAR100 contain 50k 32× 32 training images from 10 and

100 object categories respectively. TinyImageNet and ImageNet-1K have 100K

training images from 200 categories and 1.3M training images from 1K categories

respectively. We resize these ImageNet images with 64× 64 resolution. These two

datasets are significantly more challenging than MNIST and CIFAR10/100 due to

more diverse classes and higher image resolution.

Experimental Settings. We first learn 1/10/50 image(s) per class synthetic sets for

all datasets by using the same ConvNet architecture in (Zhao et al., 2021). Then, we

use the learned synthetic sets to train randomly initialized ConvNets from scratch and

evaluate them on real test data. The default ConvNet includes three repeated

convolutional blocks, and each block involves a 128-kernel convolution layer,

instance normalization layer (Ulyanov et al., 2016), ReLU activation function (Nair

and Hinton, 2010) and average pooling. Note that four-block ConvNets are used to

adjust to the larger input size (64×64) of TinyImageNet and ImageNet-1K images. In

each experiment, we learn one synthetic set and use it to test 20 randomly initialized

networks. We repeat each experiment for 5 times and report the mean testing

accuracy of the 100 trained networks. We also do cross-architecture experiments in

Section 5.3.3. where we learn the synthetic set on one network architecture and use

them to train networks with different architectures.

Hyper-parameters. Like the standard neural network training, dataset condensation

also involves tuning a set of hyperparameters. Our method needs to tune only one
hyper-parameter, i.e. the learning rate for the synthetic images, for learning different

sizes of synthetic sets, while existing methods (Wang et al., 2018; Zhao et al., 2021;

Nguyen et al., 2021a; Wang et al., 2022; Cazenavette et al., 2022a) have to tune more

hyper-parameters such as the steps to update synthetic images and network parameters

respectively. We use a fixed learning rate of 1 for optimizing synthetic images for

all 1/10/50 images/class learning on all datasets. When learning larger synthetic sets

such as 100/200/500/1,000 images per class, we use a larger learning rate (i.e. 10)

due to the relatively smaller distribution matching loss. We train synthetic images for

20,000 iterations on MNIST, CIFAR10/100 and 10,000 iterations on TinyImageNet

and ImageNet-1K respectively. The mini-batch size for sampling real data is 256. We

initialize the synthetic images using randomly sampled real images with corresponding
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labels. All synthetic images of a class are used to compute the class mean. We use the

same augmentation strategy proposed in Chapter 4.

5.3.2 Comparison to State of the Art

Competitors. We compare our method to three standard coreset selection methods,

namely, Random Selection, Herding (Chen et al., 2010; Rebuffi et al., 2017; Castro

et al., 2018; Belouadah and Popescu, 2020) and Forgetting (Toneva et al., 2019).

Herding method greedily adds samples into the coreset so that the mean vector is

approaching the whole dataset mean. Toneva et al. (2019) count how many times a

training sample is learned and then forgotten during network training. The samples

that are less forgetful can be dropped. Please refer to Section 2.1 for implementation

details of sample selection methods. We also compare to four state-of-the-art training

set synthesis methods, namely, DD (Wang et al., 2018), LD (Bohdal et al., 2020),

DC (Zhao et al., 2021) and DSA (Zhao and Bilen, 2021). Please refer to Section 3.2

and Section 4.3 for implementation details of DC and DSA respectively. Note that we

are aware of concurrent works (Lee et al., 2022; Kim et al., 2022; Cazenavette et al.,

2022a) that largely improves the existing bilevel optimization based dataset

condensation solutions. Unlike them, we contribute the first solution that has neither

bi-level optimization nor second-order derivative, and provide a different training

cost/performance tradeoff. Compared to them, our method is significantly simpler

and faster. Thus, it is able to scale to large settings i.e. learning 1250 images per class

for CIFAR10 and large datasets i.e. ImageNet-1K. More detailed comparison and

discussion to other methods (Such et al., 2020; Nguyen et al., 2021a,b), MMD

baseline (Gretton et al., 2012) and generative baselines including DC-VAE (Parmar

et al., 2021), BigGAN (Brock et al., 2019) and GMMN (Li et al., 2015) can be found

in Appendix B.2.

Performance Comparison. Here we evaluate our method on MNIST, CIFAR10

and CIFAR100 datasets and report the results in Table 5.1. Among the coreset

selection methods, Herding performances the best in most settings. Especially, when

small synthetic sets are learned, the Herding method performs significantly better. For

example, Herding achieves 8.4% testing accuracy when learning 1 image/class

synthetic set on CIFAR100, while Random and Forgetting obtains only 4.2% and

4.5% testing accuracies respectively.

Training set synthesis methods have clear superiority over coreset selection
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Img/Cls Ratio %
Coreset Selection Training Set Synthesis Whole-

Random Herding Forgetting DD† LD† DC DSA DM Dataset

MNIST
1 0.017 64.9±3.5 89.2±1.6 35.5±5.6 60.9±3.2 91.7±0.5 88.7±0.6 89.7±0.6

99.6±0.010 0.17 95.1±0.9 93.7±0.3 68.1±3.3 79.5±8.1 87.3±0.7 97.4±0.2 97.8±0.1 97.5±0.1
50 0.83 97.9±0.2 94.8±0.2 88.2±1.2 - 93.3±0.3 98.8±0.2 99.2±0.1 98.6±0.1

CIFAR10
1 0.02 14.4±2.0 21.5±1.2 13.5±1.2 - 25.7±0.7 28.3±0.5 28.8±0.7 26.0±0.8

84.8±0.110 0.2 26.0±1.2 31.6±0.7 23.3±1.0 36.8±1.2 38.3±0.4 44.9±0.5 52.1±0.5 48.9±0.6
50 1 43.4±1.0 40.4±0.6 23.3±1.1 - 42.5±0.4 53.9±0.5 60.6±0.5 63.0±0.4

CIFAR100
1 0.2 4.2±0.3 8.4±0.3 4.5±0.2 - 11.5±0.4 12.8±0.3 13.9±0.3 11.4±0.3

56.2±0.310 2 14.6±0.5 17.3±0.3 15.1±0.3 - - 25.2±0.3 32.3±0.3 29.7±0.3
50 10 30.0±0.4 33.7±0.5 30.5±0.3 - - - 42.8±0.4 43.6±0.4

Tiny-
1 0.2 1.4±0.1 2.8±0.2 1.6±0.1 - - - - 3.9±0.2

37.6±0.4
ImageNet

10 2 5.0±0.2 6.3±0.2 5.1±0.2 - - - - 12.9±0.4
50 10 15.0±0.4 16.7±0.3 15.0±0.3 - - - - 24.1±0.3

Table 5.1: Comparing to coreset selection and training set synthesis methods. We first learn the

synthetic data and then evaluate them by training neural networks from scratch and testing on real testing

data. The testing accuracies (%) are reported. Img/Cls: image(s) per class. Ratio (%): the ratio of

condensed set size to the whole training set size. Note: DD† and LD† use different architectures i.e.

LeNet for MNIST and AlexNet for CIFAR10. The rest methods all use ConvNet.

methods, as the synthetic training data are not limited to a set of real images. The best

results were obtained either by DSA or our method. While DSA produces more

data-efficient samples with a small number of synthetic samples (1/10 image(s) per

class), our method outperforms DSA at 50 images/class setting in CIFAR10 and

CIFAR100. The possible reason is that the inner-loop model optimization in DSA

with limited number of steps is more effective to fit the network parameters on smaller

synthetic data (see eq. (5.3)). In case of bigger learned synthetic data, the solution

obtained in the inner-loop becomes less accurate as it can use only limited number of

steps to keep the algorithm scalable. In contrast, our method is robust to increasing

synthetic data size, and can be efficiently optimized significantly faster than DSA\@.

TinyImageNet and ImageNet-1K. Due to higher image resolution and more

diverse classes, prior bilevel optimization based methods do not scale to

TinyImageNet and ImageNet-1K. Our method takes 27 hours with one Tesla V100

GPU to condense TinyImageNet into three condensed sets (1/10/50 images/class

synthetic sets), and it takes 28 hours with ten GTX 1080 GPUs to condense

ImageNet-1K into these three sets. As shown in Table 5.1, our method achieves 3.9%,

12.9% and 24.1% testing accuracies when learning 1, 10 and 50 images/class

synthetic sets for TinyImageNet, and recovers 60% classification performance of the

baseline that is trained on the whole original training set with only 10% of data. Our
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Figure 5.2: Visualization of generated 10 images per class synthetic sets of MNIST and CIFAR10

datasets.

method significantly outperforms the best coreset selection method, Herding, which

obtains 2.8%, 6.3% and 16.7% testing accuracies. On the ImageNet-1K dataset, our

method achieves 1.3%, 5.7% and 11.4% testing accuracies when learning 1, 10 and

50 images/class synthetic sets, which outperforms random selection (0.52%, 1.94%

and 7.54%) by large margins.

Visualization. The learned synthetic images of MNIST and CIFAR10 are visualized

in Figure 5.2. We find that the synthetic MNIST images are clear and noise free,

while the number images synthesized by previous methods contain obvious noise and

some unnatural strokes. The synthetic images of CIFAR10 dataset are also visually

recognizable and diverse. It is easy to distinguish the background and foreground

object.

Figure 5.3 depicts the feature distribution of the (50 images/class) synthetic sets

learned by DC, DSA and our method (DM)\@. We use a network trained on the whole

training set to extract features and visualize the features with T-SNE (Van der Maaten

and Hinton, 2008). We find that the synthetic images learned by DC and DSA do not

cover the real image distribution. In contrast, our synthetic images successfully cover

the real image distribution. Furthermore, fewer outlier synthetic samples are produced

by our method.

Learning with Batch Normalization. Zhao et al. (2021) showed that instance

normalization (Ulyanov et al., 2016) works better than batch normalization, namely

BN (Ioffe and Szegedy, 2015), when learning small synthetic sets, because the

synthetic data number is too small to calculate stable running mean and standard
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InstanceNorm BatchNorm
DSA DM DSA DM

CIFAR10 60.6±0.5 63.0±0.4 59.9±0.8 65.2±0.4
CIFAR100 42.8±0.4 43.6±0.4 44.6±0.5 48.0±0.4

TinyImageNet - 24.1±0.3 - 28.2±0.5

Table 5.2: 50 images/class learning with Batch Normalization.

C\T ConvNet AlexNet VGG ResNet

DSA ConvNet 59.9±0.8 53.3±0.7 51.0±1.1 47.3±1.0

DM

ConvNet 65.2±0.4 61.3±0.6 59.9±0.8 57.0±0.9
AlexNet 60.5±0.4 59.8±0.6 58.9±0.4 54.6±0.7

VGG 54.2±0.6 52.6±1.0 52.8±1.1 49.1±1.0
ResNet 52.2±1.0 50.9±1.4 49.6±0.9 52.2±0.4

Table 5.3: Cross-architecture testing performance (%) on CIFAR10. The 50 img/cls synthetic set is

learned on one architecture (C), and then tested on another architecture (T).

deviation (std). When learning with batch normalization, they first pre-set the BN

mean and std using many real training data and then freeze them for synthetic data.

Thus, the inaccurate mean and std will make optimization difficult (Ioffe and

Szegedy, 2015). In contrast, we estimate running mean and std by inputting

augmented synthetic data from all classes. Hence, our method benefits from the true

mean and std of synthetic data. Table 5.2 show that using ConvNet with BN can

further improve our performance. Specifically, our method with BN achieves 65.2%,

48.0% and 28.2% testing accuracies when learning 50 images/class synthetic sets on

CIFAR10, CIFAR100 and TinyImageNet respectively, which means 2.2%, 4.4% and

4.1% improvements over our method with the default instance normalization, and

also outperforms DSA with BN by 5.3% and 3.4% on CIFAR10 and CIFAR100

respectively.

Training Cost Comparison. Our method is significantly more efficient than bi-level

optimization based methods. We compare the training time of ours and DSA in the

setting of learning 50 images/class synthetic data on CIFAR10. Figure 5.4 shows that

our method needs less than 20 minutes to reach the performance of DSA trained for 15

hours, which means less than 2.2% training cost. Note that we run the two methods in

the same computation environment with one GTX 1080 GPU.
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DC DSA DM

Figure 5.3: Distributions of synthetic images learned by DC, DSA and DM\@. The red, green and

blue points are the real images of first three classes in CIFAR10. The stars are corresponding learned

synthetic images.
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Figure 5.4: Training time comparison to DSA when learning 50 img/cls synthetic sets on CIFAR10.
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Figure 5.5: Learning larger synthetic sets on CIFAR10.
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Figure 5.6: 5-step class-incremental learning on CIFAR100.
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Figure 5.7: 10-step class-incremental learning on CIFAR100.

Learning Larger Synthetic Sets We show that our method can also be used to learn

larger synthetic sets, while the bi-level optimization based methods typically requires

more training time and elaborate hyper-parameter tuning for larger settings. Figure 5.5

compares our method to random selection baseline in CIFAR10 in terms of absolute

and relative performance with respect to whole dataset training performance. Clearly

our method outperforms the random baseline at all operating points which means that

our synthetic set is more data-efficient. The advantage of our method is remarkable in

challenging settings, i.e. settings with small data budgets. Our method obtains 67.0±
0.3%, 71.2±0.4%, 76.1±0.3%, 79.8±0.3% and 80.8±0.3% testing accuracies when

learning 100, 200, 500, 1000 and 1250 images/class synthetic sets on CIFAR10 dataset

respectively, which means we can recover 79%, 84%, 90%, 94% and 95% relative

performance using only 2%, 4%, 10%, 20% and 25% training data compared to whole

dataset training. We see that the performance gap between the two methods narrows

when we learn larger synthetic set. This is somewhat expected, as randomly selecting

more samples will approach the whole dataset training which can be considered as the

upper-bound. As we initialize synthetic images from random real images, the initial

distribution discrepancy becomes tiny when the synthetic set is large.

5.3.3 Cross-architecture Generalization

Zhao et al. (2021); Zhao and Bilen (2021) verified the cross-architecture

generalization ability of synthetic data in an easy setting – learning 1 image/class for

MNIST dataset. In this paper, we implement a more challenging cross-architecture

experiment – learning 50 images/class for CIFAR10 dataset. In Table 5.3, the

synthetic data are learned with one architecture (denoted as C) and then be evaluated

on another architecture (denoted as T) by training a model from scratch and testing on

real testing data. We test several sophisticated neural architectures namely ConvNet,
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AlexNet (Krizhevsky et al., 2012), VGG-11 (Simonyan and Zisserman, 2014) and

ResNet-18 (He et al., 2016). Batch Normalization is used in all architectures.

Table 5.3 shows that learning and evaluating synthetic set on ConvNet achieves

the best performance 65.2%. Comparing with DSA, the synthetic data learned by

our method with ConvNet have better generalization performance than that learned by

DSA with the ConvNet. Specifically, our method outperforms DSA by 8.0%, 8.9% and

9.7% when testing with AlexNet, VGG and ResNet respectively. These results indicate

that the synthetic images learned with distribution matching have better generalization

performance on unseen architectures than those learned with gradient matching. The

learning of synthetic set can be worse with more sophisticated architecture such as

ResNet. It is reasonable that the synthetic data fitted on sophisticated architecture will

contain some bias that doesn’t exist in other architectures, therefore cause worse cross-

architecture generalization performance. We also find that the evaluation of the same

synthetic set on more sophisticated architectures will be worse. The reason may be

that sophisticated architectures are under-fitted using small synthetic set.

5.3.4 Ablation Study on Network Distribution

Here we study the effect of using different network distributions while learning

1/10/50 image(s)/class synthetic sets on CIFAR10 with ConvNet architecture.

Besides sampling randomly-initialized network parameters, we also construct a set of

networks that are pre-trained on the original training set. In particular, we train 1,000

ConvNets with different random initializations on the whole original training set and

also store their intermediate states. We roughly divide these networks into nine

groups according to their validation accuracies, sample networks from each group,

learn the synthetic data on them and use learned synthetic data to train randomly

initialized neural networks. Interestingly we see in Table 5.4 that our method works

well with all nine network distributions and the performance variance is small. The

visualization and analysis about synthetic images learned with different network

distributions are provided in Appendix B.3.

5.3.5 Continual Learning

We also use our method to store more efficient training samples in the memory for

relieving the catastrophic forgetting problem in continual (incremental) learning

(Rebuffi et al., 2017). We set up the baseline based on GDumb (Prabhu et al., 2020)
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Random 10-20 20-30 30-40 40-50 50-60 60-70 ≥70 All

1 26.0 26.2 25.9 26.1 26.7 26.8 27.3 26.5 26.4
10 48.9 48.7 48.1 50.7 51.1 49.9 48.6 48.2 50.7
50 63.0 62.7 62.1 62.8 63.0 61.9 60.6 60.0 62.5

Table 5.4: The performance of synthetic data learned on CIFAR10 with different network distributions.

All standard deviations in this table are < 1. These networks are trained on the whole training set and

grouped based on the validation accuracy (%).

which stores training samples in memory greedily and keeps class-balance. The

model is trained from scratch on the latest memory only. Hence, the continual

learning performance completely depends on the quality of the memory construction.

We compare our memory construction method i.e. training set condensation to the

random selection that is used in (Prabhu et al., 2020), herding (Chen et al., 2010;

Rebuffi et al., 2017; Castro et al., 2018; Belouadah and Popescu, 2020) and DSA

(Zhao and Bilen, 2021). We implement class-incremental learning on CIFAR100

dataset with an increasing memory budget of 20 images/class. We implement 5 and

10 step learning, in which we randomly and evenly split the 100 classes into 5 and 10

learning steps i.e. 20 and 10 classes per step respectively. The default ConvNet is

used in this experiment.

As depicted in Figure 5.6 and Figure 5.7, we find that our method GDumb + DM

outperforms others in both two settings, which means that our method can produce

the best condensed set as the memory. The final performances of ours, DSA, herding

and random are 34.4%, 31.7%, 28.2% and 24.8% in 5-step learning and 34.6%,

30.5%, 27.4% and 24.8% in 10-step learning. We find that ours and random selection

performances are not influenced by how the classes are split namely how many new

training classes and images occur in each learning step, because both two methods

learn/generate the sets independently for each class. However, DSA and herding

methods perform worse when the training classes are densely split into more learning

steps. The reason is that DSA and herding needs to learn/generate sets based on the

model(s) trained on the current training data, which is influenced by the data split.

More details can be found in Appendix B.1.
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Random DSA DM Early-stopping Whole Dataset

Performance (%) 84.0 82.6 82.8 84.3 85.9
Correlation -0.04 0.68 0.76 0.11 1.00

Time cost (min) 142.6 142.6 142.6 142.6 3580.2
Storage (imgs) 500 500 500 5×104 5×104

Table 5.5: We implement neural architecture search on CIFAR10 dataset with the search space of 720

ConvNets.

5.3.6 Neural Architecture Search

The synthetic sets can also be used as a proxy set to accelerate model evaluation in

Neural Architecture Search (NAS) (Elsken et al., 2019). Following Zhao et al. (2021),

i.e. Chapter 3, we implement NAS on CIFAR10 with the search space of 720 ConvNets

varying in network depth, width, activation, normalization and pooling layers. Please

refer to Section 3.3.2 for more details. We train all architectures on the learned 50

images/class synthetic set, i.e. 1% size of the whole dataset, from scratch and then

rank them based on the accuracy on a small validation set. We compare to random,

DSA and early-stopping methods. The same size of real images are selected as the

proxy set in random. DSA means that we use the synthetic set learned by DSA in

the same setting. In early-stopping, we use the whole training set to train the model

but with the same training iterations like training on the proxy datasets. Therefore,

all these methods have the same training time. We train models on the proxy sets for

200 epochs and whole dataset for 100 epochs. The best model is selected based on

validation accuracies obtained by different methods. The Spearman’s rank correlation

between performances of proxy-set and whole-dataset training is computed for the top

5% architectures selected by the proxy-set.

The NAS results are provided in Table 5.5. Although the architecture selected by

early-stopping achieves the best performance (84.3%), its performance rank

correlation (0.11) is remarkably lower than DSA (0.68) and DM (0.76). In addition,

early-stopping needs to use the whole training set, while other proxy-set methods

need only 500 training samples. The performance rank correlation of Random (-0.04)

is too low to provide a reliable ranking for the architectures. Our method (DM)

achieves the highest performance rank correlation (0.76), which means that our

method can produce reliable ranking for those candidate architectures while using

only around 1
25 training time of whole dataset training. Although our method needs 72

min to obtain the condensed set, it is negligible compared to whole-dataset training
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(3580.2 min). More implementation details and analysis can be found in

Appendix B.1.

5.4 Conclusion and Limitation

In this paper, we propose an efficient dataset condensation method based on

distribution matching. To our knowledge, it is the first solution that has neither

bi-level optimization nor second-order derivatives. Thus, the synthetic data of

different classes can be learned independently and in parallel. Thanks to its efficiency,

we can apply our method to more challenging datasets – TinyImageNet and

ImageNet-1K, and learn larger synthetic sets – 1250 images/class on CIFAR10. Our

method is 45 times faster than the state-of-the-art for learning 50 images/class

synthetic set on CIFAR10. We also empirically demonstrate that our method can

produce a more informative memory for continual learning and better proxy set for

speeding up model evaluation in NAS\@.

Limitations. Though remarkable progress has been seen in this area since the

pioneering work of Wang et al. (2018), dataset condensation is still in its early stage.

The state of the art of dataset condensation is still much lower than the upperbound,

i.e. whole-dataset training, especially on large-scale datasets, such as

ImageNet-1K\@. In the future, we will further improve dataset condensation

performance and extend it to more complex vision tasks.



Chapter 6

Conclusion and Future Work

Here, we summarize our three works, discuss their limitations, and provide several

promising future work directions.

In Chapter 3, we propose a principled, effective and scalable solution to dataset

condensation problem. We expect a model trained on synthetic dataset should follow

similar solution path to that trained on the original dataset. Thus, we learn synthetic

data by minimizing the matching loss of two gradients of network parameters with

respect to the real and synthetic training data. Extensive experiments and an ablation

study have been implemented to verify the effectiveness of the proposed method. We

also show promising results in applications of continual learning and neural

architecture search.

In Chapter 4, we investigate the reason why data augmentation does not improve

the efficiency of synthetic training data for training deep neural networks. To solve

this problem, we design the differentiable Siamese augmentation for learning more

informative synthetic images that can be use to train deep neural networks more

efficiently with data augmentation. Remarkable performance improvements have

been achieved by applying the proposed augmentation to the state-of-the-art method.

Although training deep models on the small set of condensed images can be

extremely fast, the dataset condensation procedure is expensive due to the bilevel

optimization. In Chapter 5, we propose a simple yet effective method that synthesizes

condensed images by matching feature distributions of the synthetic and original

training images in many sampled embedding spaces. To our knowledge, this is the

first dataset condensation method that has neither bilevel optimization nor

second-order derivative. Thanks to its simplicity, we can implement dataset

condensation on larger datasets and synthesize larger synthetic sets.

70
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6.1 Impact

Our works have achieved significant impact on the community. We for the first time

make dataset condensation an easy-to-use tool for downstream tasks such as continual

learning (Zhao et al., 2021; Zhao and Bilen, 2023), neural architecture search (Zhao

et al., 2021; Zhao and Bilen, 2021), federated learning (Goetz and Tewari, 2020; Hu

et al., 2022a; Song et al., 2022) and privacy protection (Dong et al., 2022).

Many followup works have been accepted by top conferences and journals. For

example, Cazenavette et al. (2022a) propose the trajectory matching and achieve the

new state of the art by combining our parameter matching method and meta-learning

method (Wang et al., 2018). Based on our gradient matching, Wang et al. (2022) design

the feature alignment and discrimination loss and dynamic bilevel optimization. Lee

et al. (2022) introduce the contrastive signal and improve the robustness of gradient

matching. Kim et al. (2022) improves data efficiency of gradient matching method

by multi-formation that combines multiple low-resolution synthetic images into one.

Jin et al. (2022b,a) adapt our method for graph data and achieves good performance.

Dong et al. (2022) introduce our distribution matching (Zhao and Bilen, 2023) into

privacy protection and prove that our method can preserve data privacy and training

efficiency simultaneously. Wiewel and Yang (2021) extend our method by learning

shared components and apply it in continual learning. Our designed gradient matching

loss is also verified effective in (Hu et al., 2022b). Schirrmeister et al. (2022) find that

our synthetic images can be further simplified with lower bits and achieve almost the

same performance for training deep neural networks. Zhao and Bilen (2022); Lee et al.

(2022) integrate our distribution matching method into generative models and further

reduce the storage of synthetic images.

Though we only implement image dataset condensation in this thesis, the

proposed methods can be easily adapted for condensing other kinds of datasets. For

example, Sucholutsky and Schonlau (2019) embed the discrete text data (words) into

continuous vectorized representations using off-the-shelf embedding functions

(Devlin et al., 2018), and then pad/truncate each sentence to the same length. After

learning a small number of condensed embeddings, the closest discrete words can be

found by searching their nearest neighbors in the embedding space. Similarly, Jin

et al. (2022b) embed the nodes in a graph dataset into features, and then learn the

condensed node features by adapting our gradient matching method.
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6.2 Limitations

Though remarkable progress (Wang et al., 2018; Zhao et al., 2021; Zhao and Bilen,

2021, 2023; Nguyen et al., 2021a,b; Wang et al., 2022; Cazenavette et al., 2022a) has

been achieved in this research area since the pioneering work of Wang et al. (2018),

dataset condensation research is still at an early stage. The current research still has

the following limitations:

1. Low performance and limited utility. Although we can achieve 99.2% testing

accuracy by training models on 50 images/class condensed MNIST images, the

state-of-the-art performance on CIFAR10 is around 70%, which is far from the

upper-bound about 95% obtained by training models on the whole dataset (5K

images/class). The performance gap is larger if we condense more challenging

dataset, e.g. TinyImageNet and ImageNet-1K\@. The low performance hinders

its application in real-world tasks. In addition, current dataset condensation

research focuses on classification tasks, and more efforts are needed to extend it

to complex tasks, e.g. object detection and semantic segmentation.

2. Limited generalization ability. The model architectures used in the

condensation and evaluation can be different. In this thesis, we show the

performance varies when learning and evaluating synthetic data on different

architectures. Specifically, Table 5.3 shows that learning synthetic data with a

more sophisticated architecture would produce worse performance for the same

evaluating architecture. Vice versa, with the synthetic data learned on the same

architecture, evaluating it on more sophisticated architecture would produce

worse performance.

3. Poor scalability. Most of the existing condensation methods are based on bilevel

optimization, which have poor scalability. The training time and memory cost

will increase along with the size of image resolution, original dataset, synthetic

dataset and the model. Thus, it is challenging to learn large synthetic set from

large dataset with sophisticated architectures.
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6.3 Future Work

6.3.1 Large-scale and Complex Tasks

Dataset condensation for large-scale datasets, e.g. ImageNet (Deng et al., 2009), is

still challenging. ImageNet is more challenging due to the higher resolution images

with larger variations in pose, appearance of objects, background and more categories.

These challenges hinder the effective and efficient learning of condensed images. Thus,

future work is needed to deal with the large variations of images in many categories.

In addition, how to improve the dataset condensation speed is also important. The new

condensation methods should be able to run in parallel, so that the huge computation

can be distributed on multiple machines.

There exist a few early works about synthesizing training data for complex tasks

such as semantic segmentation (Zhang et al., 2021; Yang et al., 2022). The two works

focus on learning an annotator that can label GANs generated images, thus the

annotator together with GANs can produce numerous training data pairs for

segmentation task. These generated training data are not guaranteed to be more

informative than real data. How to improve the informativeness of synthesized

segmentation training samples needs further research.

6.3.2 More Applications

Existing works have applied dataset condensation to image classification (Wang et al.,

2018; Zhao et al., 2021), text classification (Sucholutsky and Schonlau, 2019; Li and

Li, 2021), privacy protection (Dong et al., 2022; Tsilivis et al., 2022), federated

learning (Goetz and Tewari, 2020; Hu et al., 2022a; Song et al., 2022), continual

learning (Zhao et al., 2021; Zhao and Bilen, 2021, 2023), graph model (Jin et al.,

2022b,a), neural architecture search (Such et al., 2020; Zhao et al., 2021; Zhao and

Bilen, 2021), medical application (Li et al., 2020, 2022) and art (Cazenavette et al.,

2022b). The preliminary results have shown that dataset condensation techniques are

promising for advancing these applications by providing informative synthetic

training samples. In the future, more efforts are required to design better and

customized dataset condensation methods for these applications. For example, in

continual learning, the joint use of real and synthetic data should be investigated.

Applying dataset condensation in other tasks such as video (Tavakolian et al.,

2019b,a; Qiu et al., 2021) and speech classification (Baevski et al., 2021; Nassif et al.,
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2019) is also worth exploring.

6.3.3 Dataset Condensation with Generative Models

The well-studied generative models, e.g. GAN and auto-encoders, can synthesize

high-resolution and real-looking images. A nature idea is to integrate dataset

condensation with these classic generative models. Ideally, the combination can

benefit from the powerful generation ability of generative models and achieve much

better performance than optimizing image pixels directly. However, the previous

attempt (Such et al., 2020) does not show much advantage. Zhao and Bilen (2022)

integrate distribution matching and a pre-trained generator. Their results show that,

under the same storage budget, storing informative latent vectors and the generator

can achieve better performance compared to storing the learned synthetic images

directly. Despite the promising results, the informativeness of individual images

learned with generator is still lower than that learned by optimizing image pixels

directly. The underlying reason and how to improve the data efficiency demands more

investigation.

6.3.4 Joint Use of Real and Synthetic Data

Another important research direction is the joint use of real and synthetic data. To

our knowledge, existing works on dataset condensation use only synthetic data to train

models. However, the joint use of real and synthetic data is important in practical

learning scenarios. For example, in continual learning, the learned synthetic images

of old tasks will be used together with real images of new tasks. In this scenario, the

synthesis based condensation of old-task images should be regularized by the new-

task real images. In such task, the imbalance of number and informativeness between

synthetic and real images is worth investigating.

Due to the limitation of computation resources and the difficulty of optimization,

how to jointly synthesize and select images in one algorithm for dataset condensation

is an interesting but challenging problem. Previous work (Zhao and Bilen, 2023) has

shown that learning a large synthetic set is challenging and the performance

advantage over sample selection narrows quickly. The joint learning algorithm is

expected to significantly reduce the training cost while preserving performance by

balancing sample synthesis and selection.
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Appendix: Dataset Condensation with

Gradient Matching

A.1 Implementation Details

In this part, we explain the implementation details for the dataset condensation,

continual learning and neural architecture search experiments.

Dataset Condensation. The presented experiments involve tuning of six

hyperparameters – the number of outer-loop 𝐾 and inner-loop steps 𝑇 , learning rates

𝜂S and number of optimization steps 𝜍S for the condensed samples, learning rates 𝜂𝜽
and number of optimization steps 𝜍𝜽 for the model weights. In all experiments, we set

𝐾 = 1000, 𝜂S = 0.1, 𝜂𝜽 = 0.01, 𝜍S = 1 and employ Stochastic Gradient Descent

(SGD) as the optimizer. The only exception is that we set 𝜂S to 0.01 for synthesizing

data with MLP in cross-architecture experiments (Table 3.2), as MLP requires a

slightly different treatment. Note that while 𝐾 is the maximum number of outer-loop

steps, the optimization can early-stop automatically if it converges before 𝐾 steps.

For the remaining hyperparameters, we use different sets for 1, 10 and 50

image(s)/class learning. We set 𝑇 = 1, 𝜍𝜽 = 1 for 1 image/class, 𝑇 = 10, 𝜍𝜽 = 50 for 10

images/class, 𝑇 = 50, 𝜍𝜽 = 10 for 50 images/class learning. Note that when 𝑇 = 1, it is

not required to update the model parameters (Step 9 in Algorithm 1), as this model is

not further used. For those experiments where more than 10 images/class are

synthesized, we set 𝑇 to be the same number as the synthetic images per class and

𝜍𝜽 = 500/𝑇 , e.g. 𝑇 = 20, 𝜍𝜽 = 25 for 20 images/class learning. The ablation study on

hyper-parameters are given in Appendix A.2 which shows that our method is not

sensitive to varying hyper-parameters.
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We do separate-class mini-batch sampling for Step 6 in Algorithm 1. Specifically,

we sample a mini-batch pair 𝐵T𝑐 and 𝐵S𝑐 that contain real and synthetic images from the

same class 𝑐 at each inner iteration. Then, the matching loss for each class is computed

with the sampled mini-batch pair and used to update corresponding synthetic images

S𝑐 by back-propogation (Step 7 and 8). This is repeated separately (or parallelly given

enough computational resources) for every class. Training as such is not slower than

using mixed-class batches. Although our method still works well when we randomly

sample the real and synthetic mini-batches with mixed labels, we found that separate-

class strategy is faster to train as matching gradients with respect to data from single

class is easier compared to those of multiple classes. In experiments, we randomly

sample 256 real images of a class as a mini-batch to calculate the mean gradient and

match it with the mean gradient that is averaged over all synthetic samples with the

same class label. The performance is not sensitive to the size of real-image mini-batch

if it is greater than 64.

In all experiments, we use the standard train/test splits of the datasets – the

train/test statistics are shown in Table T1. We apply data augmentation (crop, scale

and rotate) only for experiments (coreset methods and ours) on MNIST\@. The only

exception is that we also use data augmentation when compared to DD (Wang et al.,

2018) on CIFAR10 with AlexCifarNet, and data augmentation is also used in (Wang

et al., 2018). For initialization of condensed images, we tried both Gaussian noise and

randomly selected real training images, and obtained overall comparable

performances in different settings and datasets. Then, we used Gaussian noise for

initialization in experiments.

USPS MNIST FashionMNIST SVHN CIFAR10 CIFAR100

Train 7,291 60,000 60,000 73,257 50,000 50,000
Test 2,007 10,000 10,000 26,032 10,000 10,000

Table T1: Train/test statistics for USPS, MNIST, FashionMNIST, SVHN, CIFAR10 and CIFAR100

datasets.

In the first stage – while training the condensed images –, we use Batch

Normalization in the VGG and ResNet networks. For reliable estimation of the

running mean and variance, we sample many real training data to estimate the running

mean and variance and then freeze them ahead of Step 7. In the second stage – while

training a deep network on the condensed set –, we replace Batch Normalization

layers with Instance Normalization in VGG and ResNet, due to the fact that the batch
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Figure F1: The performance correlation between the training on proxy dataset and

whole-dataset. For each proxy dataset, the best 10 models are selected based on

validation set performance. In the figure, each point represents an architecture.

statistics are not reliable when training networks with few condensed images.

Another minor modification that we apply to the standard network ResNet

architecture in the first stage is replacing the strided convolutions where 𝑠𝑡𝑟𝑖𝑑𝑒 = 2
with convolutional layers where 𝑠𝑡𝑟𝑖𝑑𝑒 = 1 coupled with an average pooling layer. We

observe that this change enables more detailed (per pixel) gradients with respect to

the condensed images and leads to better condensed images.

Continual Learning. In this experiment, we focus on a task-incremental learning

on SVHN, MNIST and USPS with the given order. The three tasks share the same

label space, however have significantly different image statistics. The images of the

three datasets are reshaped to 32 × 32 RGB size for standardization. We use the

standard splits for training sets and randomly sample 2,000 test images for each

datasets to obtain a balanced evaluation over three datasets. Thus each model is tested

on a growing test set with 2,000, 4,000 and 6,000 images at the three stages

respectively. We use the default ConvNet in this experiment and set the weight of

distillation loss to 1.0 and the temperature to 2. We run 5,000 and 500 iterations for

training and balanced finetuning as in (Castro et al., 2018) with the learning rates 0.01

and 0.001 respectively. We run 5 experiments and report the mean and standard

variance in Figure 3.4.

Neural Architecture Search. To construct the searching space of 720 ConvNets,

we vary hyper-parameters 𝑊 ∈ {32,64,128,256}, 𝐷 ∈ {1,2,3,4}, 𝑁 ∈ {None,

BatchNorm, LayerNorm, InstanceNorm, GroupNorm}, 𝐴 ∈ {Sigmoid, ReLu,

LeakyReLu}, 𝑃 ∈ {None, MaxPooling, AvgPooling}. We randomly sample 5,000

images from the 50,000 training images in CIFAR10 as the validation set. Every

candidate ConvNet is trained with the proxy dataset, and then evaluated on the

validation set. These candidate ConvNets are ranked by the validation performance.

10 architectures with top validation accuracies are selected to calculate Spearman’s
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C\T Sigmoid ReLu LeakyReLu

Sigmoid 86.7±0.7 91.2±0.6 91.2±0.6
ReLu 86.1±0.9 91.7±0.5 91.7±0.5

LeakyReLu 86.3±0.9 91.7±0.5 91.7±0.4

Table T2: Cross-activation experiments in accuracy (%) for 1 condensed image/class in

MNIST.

C\T None MaxPooling AvgPooling

None 78.7±3.0 80.8±3.5 88.3±1.0
MaxPooling 81.2±2.8 89.5±1.1 91.1±0.6
Avgpooing 81.8±2.9 90.2±0.8 91.7±0.5

Table T3: Cross-pooling experiments in accuracy (%) for 1 condensed image/class in

MNIST.

rank correlation coefficient, because the best model that we want will come from the

top 10 architectures. We train each ConvNet for 5 times to get averaged validation

and testing accuracies.

We visualize the performance correlation for different proxy datasets in Figure F1.

Obviously, the condensed proxy dataset produced by our method achieves the highest

performance correlation (0.79) which significantly higher than early-stopping (0.42).

It means our method can produce more reliable results for NAS\@. Note that the

NAS performance is sensitive to hyper-parameters of model training, e.g. learning

rate, training epoch and data augmentation. Our experiments demonstrate that dataset

condensation techniques can be a promising solution to speeding up NAS\@.

A.2 Further Analysis

Next we provide additional results on ablative studies over various deep network

layers including activation, pooling and normalization functions and also over depth

and width of deep network architecture. We also study the selection of

hyper-parameters and the gradient distance metric. An additional qualitative analysis

on the learned condensed images is also given.

Ablation Study on Activation Functions. Here we study the use of three activation

functions – Sigmoid, ReLU, LeakyReLu (negative slope is set to 0.01) – in two

stages, when training condensed images (denoted as C) and when training a ConvNet
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C\T None BatchNorm LayerNorm InstanceNorm GroupNorm

None 79.0±2.2 80.8±2.0 85.8±1.7 90.7±0.7 85.9±1.7

BatchNorm 78.6±2.1 80.7±1.8 85.7±1.6 90.9±0.6 85.9±1.5

LayerNorm 81.2±1.8 78.6±3.0 87.4±1.3 90.7±0.7 87.3±1.4

InstanceNorm 72.9±7.1 56.7±6.5 82.7±5.3 91.7±0.5 84.3±4.2

GroupNorm 79.5±2.1 81.8±2.3 87.3±1.2 91.6±0.5 87.2±1.2

Table T4: Cross-normalization experiments in accuracy (%) for 1 condensed

image/class in MNIST.

from scratch on the learned condensed images (denoted as T). The experiments are

conducted in MNIST dataset for 1 condensed image/class setting. Table T2 shows

that all three activation functions are good for the first stage while generating good

condensed images, however, Sigmoid performs poor in the second stage while

learning a classifier on the condensed images – its testing accuracies are lower than

ReLu and LeakyReLu by around 5%. This suggests that ReLU can provide

sufficiently informative gradients for learning condensed images, though the gradient

of ReLU with respect to its input is typically sparse.

Ablation Study on Pooling Functions. Next we investigate the performance of two

pooling functions – average pooling and max pooling – also no pooling for 1

image/class dataset condensation with ConvNet in MNIST in terms of classification

accuracy. Table T3 shows that max and average pooling both perform significantly

better than no pooling (None) when they are used in the second stage. When the

condensed samples are trained and tested on models with average pooling, the best

testing accuracy (91.7 ± 0.5%) is obtained, possibly, because average pooling

provides more informative and smooth gradients for the whole image rather than only

for its discriminative parts.

Ablation Study on Normalization Functions. Next we study the performance of

four normalization options – No normalization, Batch (Ioffe and Szegedy, 2015),

Layer (Ba et al., 2016), Instance (Ulyanov et al., 2016) and Group Normalization (Wu

and He, 2018) (number of groups is set to be four) – for 1 image/class dataset

condensation with ConvNet architecture in MNIST classification accuracy. Table T4

shows that the normalization layer has little influence for learning the condensed set,

while the choice of normalization layer is important for training networks on the

condensed set. LayerNorm and GroupNorm have similar performance, and

InstanceNorm is the best choice for training a model on condensed images.
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C\T 1 2 3 4

1 61.3±3.5 78.2±3.0 77.1±4.0 76.4±3.5
2 78.3±2.3 89.0±0.8 91.0±0.6 89.4±0.8
3 81.6±1.5 89.8±0.8 91.7±0.5 90.4±0.6
4 82.5±1.3 89.9±0.8 91.9±0.5 90.6±0.4

Table T5: Cross-depth performance in accuracy (%) for 1 condensed image/class in

MNIST.

BatchNorm obtains lower performance which is similar to None (no normalization),

as it is known to perform poorly when training models on few condensed samples as

also observed in (Wu and He, 2018). Note that Batch Normalization does not allow

for a stable training in the first stage (C); thus we replace its running mean and

variance for each batch with those of randomly sampled real training images.

Ablation Study on Network Depth and Width. Here we study the effect of

network depth and width for 1 image/class dataset condensation with ConvNet

architecture in MNIST in terms of classification accuracy. To this end we conduct

multiple experiments by varying the depth and width of the networks that are used to

train condensed synthetic images and that are trained to classify testing data in

ConvNet architecture and report the results in Table T5 and Table T6. In Table T5, we

observe that deeper ConvNets with more blocks generate better condensed images

that results in better classification performance when a network is trained on them,

while ConvNet with 3 blocks performs best as classifier. Interestingly, Table T6

shows that the best results are obtained with the classifier that has 128 filters at each

block, while network width (number of filters at each block) in generation has little

overall impact on the final classification performance.

Ablation Study on Hyper-parameters. Our performance is not sensitive to

hyper-parameter selection. The testing accuracy for various 𝐾 and 𝑇 , when learning

10 images/class condensed sets, is depicted in Figure F2. The results show that the

optimum 𝐾 and 𝑇 are around similar values across all datasets. Thus we simply set 𝐾

to 1000 and 𝑇 to 10 for all datasets. Similarly, for the remaining ones including

learning rate, weight decay, we use a single set of hyperparameters that are observed

to work well for all datasets and architectures in our preliminary experiments.

Ablation Study on Gradient Distance Metric. To prove the effectiveness and

robustness of the proposed distance metric for gradients (or weights), we compare to

the traditional ones (Lopez-Paz et al., 2017; Aljundi et al., 2019; Zhu et al., 2019)
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C\T 32 64 128 256

32 90.6±0.8 91.4±0.5 91.5±0.5 91.3±0.6
64 91.0±0.8 91.6±0.6 91.8±0.5 91.4±0.6

128 90.8±0.7 91.5±0.6 91.7±0.5 91.2±0.7
256 91.0±0.7 91.6±0.6 91.7±0.5 91.4±0.5

Table T6: Cross-width performance in accuracy (%) for 1 condensed image/class in

MNIST.
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Figure F2: Ablation study on the hyper-parameters 𝐾 and 𝑇 when learning 10

images/class condensed sets.

which vectorize and concatenate the whole gradient, GT ,GS ∈ R𝐷 , and compute the

squared Euclidean distance ∥GT −GS ∥2 and the Cosine distance 1− cos (GT ,GS),
where 𝐷 is the number of all network parameters. We do 1 image/class learning

experiment on MNIST with different architectures. For simplicity, the synthetic

images are learned and tested on the same architecture in this experiment. Table T7

shows that the proposed gradient distance metric remarkably outperforms others on

complex architectures (e.g. LeNet, AlexNet, VGG and ResNet) and achieves the best

performances in most settings, which means it is more effective and robust than the

traditional ones. Note that we set 𝜂S = 0.1 for MLP-Euclidean and MLP-Cosine

because it works better than 𝜂S = 0.01.

Further Qualitative Analysis We first depict the condensed images that are learned

on MNIST, FashionMNIST, SVHN and CIFAR10 datasets in one experiment using the

default ConvNet in 10 images/class setting in Figure F3. It is interesting that the 10

images/class results in Figure F3 are diverse which cover the main variations, while the

condensed images for 1 image/class setting (see Figure 3.2) look like the “prototype”

of each class. For example, in Figure F3 (a), the ten images of “four” indicate ten

different styles. The ten “bag” images in Figure F3 (b) are significantly different from
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each other, similarly “wallet” (1st row), “shopping bag” (3rd row), “handbag” (8th

row) and “schoolbag” (10th row). Figure F3 (c) also shows the diverse house numbers

with different shapes, colors and shadows. Besides, different poses of a “horse” have

been learned in Figure F3 (d).

A.3 Comparison to More Baselines

Optimal Random Selection. One interesting and strong baseline is Optimal

Random Selection (ORS) that we implement random selection experiments for 1,000

times and pick the best ones. Table T8 presents the performance comparison to the

selected Top 1000 (all), Top 100 and Top 10 coresets. These optimal coresets are

selected by ranking their performance. Obviously, the condensed set generated by our

method surpasses the selected Top 10 of 1000 coresets with a large margin on all four

datasets.

Generative Model. We also compare to the popular generative model, namely,

Conditional Generative Adversarial Networks (cGAN) (Mirza and Osindero, 2014).

The generator has two blocks which consists of the Up-sampling (scale factor=2),

Convolution (stride=1), BatchNorm and LeakyReLu layers. The discriminator has

three blocks which consists of Convolution (stride=2), BatchNorm and LeakyReLu

layers. In additional to the random noise, we also input the class label as the

condition. We generate 1 and 10 images per class for each dataset with random noise.

Table T8 shows that the images produced by cGAN have similar performances to

those randomly selected coresets (i.e. Top 1000). It is reasonable, because the aim of

cGAN is to generate real-look images. In contrast, our method aims to generate

images that can train deep neural networks efficiently.

MLP ConvNet LeNet AlexNet VGG ResNet

Euclidean 69.3±0.9 92.7±0.3 65.0±5.1 66.2±5.6 57.1±7.0 68.0±5.2

Cosine 45.2±3.6 69.2±2.7 61.1±8.2 58.3±4.1 55.0±5.0 68.8±7.8

Ours 70.5±1.2 91.7±0.5 85.0±1.7 82.7±2.9 81.7±2.6 89.4±0.9

Table T7: Ablation study on different gradient distance metrics. Obviously, the proposed

distance metric is more effective and robust. Euclidean: squared Euclidean distance,

Cosine: Cosine distance.
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0 1 2 3 4 5 6 7 8 9

(a) MNIST

Top PantsPulloverDress Coat Sandal ShirtSneaker Bag Boot

(b) FashionMNIST

0 1 2 3 4 5 6 7 8 9

(c) SVHN

Plane Car Bird Cat Deer Dog Frog Horse Ship Truck

(d) CIFAR10

Figure F3: The synthetic images for MNIST, FashionMNIST, SVHN and CIFAR10

produced by our method with ConvNet under 10 images/class setting.
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Img/Cls Ratio %
Optimal Random Selection

cGAN Ours Whole Dataset
Top 1000 Top 100 Top 10

MNIST
1 0.017 64.3±6.1 74.4±1.8 78.2±1.7 64.0±3.2 91.7±0.5

99.6±0.0
10 0.17 94.8±0.7 96.0±0.2 96.4±0.1 94.9±0.6 97.4±0.2

FashionMNIST
1 0.017 51.3±5.4 59.6±1.3 62.4±0.9 51.1±0.8 70.5±0.6

93.5±0.1
10 0.17 73.8±1.6 76.4±0.6 77.6±0.2 73.9±0.7 82.3±0.4

SVHN
1 0.014 14.3±2.1 18.1±0.9 19.9±0.2 16.1±0.9 31.2±1.4

95.4±0.1
10 0.14 34.6±3.2 40.3±1.3 42.9±0.9 33.9±1.1 76.1±0.6

CIFAR10
1 0.02 15.0±2.0 18.5±0.8 20.1±0.5 16.3±1.4 28.3±0.5

84.8±0.1
10 0.2 27.1±1.6 29.8±0.7 31.4±0.2 27.9±1.1 44.9±0.5

Table T8: The performance comparison to optimal random selection (ORS) and conditional generative

adversarial networks (cGAN) baselines. This table shows the testing accuracies (%) of different methods

on four datasets. ConvNet is used for training and testing. Img/Cls: image(s) per class, Ratio (%): the

ratio of condensed images to whole training set. Top 1000, Top 100 and Top 10 means the selected

1000, 100 and 10 optimal coresets by ranking their performances.

Analysis of Coreset Performances. We find that K-Center (Sener and Savarese,

2018) and Forgetting (Toneva et al., 2019) don’t work as well as other general coreset

methods, namely Random and Herding (Rebuffi et al., 2017), in this experimental

setting. After analyzing the algorithms and coresets, we find two main reasons. 1)

K-Center and Forgetting are not designed for training deep networks from scratch,

instead they are for active learning and continual learning respectively. 2) The two

algorithms both tend to select “hard” samples which are often outliers when only a

small number of images are selected. These outliers confuse the training, which

results in worse performance. Specifically, the first sample per class in K-Center

coreset is initialized by selecting the one closest to each class center. The later ones

selected by the greedy criterion that pursues maximum coverage are often outliers

which confuse the training.

Performance on CIFAR100. We provide the performance comparison on

CIFAR100 dataset which includes 10 times as many classes as other benchmarks.

More classes while fewer images per class makes CIFAR100 significantly more

challenging than other datasets. We use the same set of hyper-parameters for

CIFAR100 as other datasets. Table T9 depicts the performances of coreset selection

methods, Label Distillation (LD) (Bohdal et al., 2020) and ours. Our method achieves

12.8% and 25.2% testing accuracies on CIFAR100 when learning 1 and 10 images

per class, which are the best compared with others.
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Img/Cls Ratio %
Core-set Selection

LD† Ours Whole Dataset
Random Herding K-Center Forgetting

CIFAR100
1 0.2 4.2±0.3 8.4±0.3 8.3±0.3 3.5±0.3 11.5±0.4 12.8±0.3

56.2±0.3
10 2 14.6±0.5 17.3±0.3 7.1±0.3 9.8±0.2 - 25.2±0.3

Table T9: The performance comparison on CIFAR100. This table shows the testing

accuracies (%) of different methods. ConvNet is used for training and testing except

that LD† uses AlexNet. Img/Cls: image(s) per class, Ratio (%): the ratio of condensed

images to whole training set.

Method MLP ConvNet LeNet AlexNet VGG ResNet

DD 72.7±2.8 77.6±2.9 79.5±8.1 51.3±19.9 11.4±2.6 63.6±12.7

Ours 83.0±2.5 92.9±0.5 93.9±0.6 90.6±1.9 92.9±0.5 94.5±0.4

Table T10: Generalization ability comparison to DD. The 10 condensed images per

class are trained with LeNet, and tested on various architectures. It shows that

condensed images generated by our method have better generalization ability.

A.4 Further Comparison to Dataset Distillation

Next we compare our method to DD (Wang et al., 2018) first quantitatively in terms of

cross-architecture generalization, then qualitatively in terms of synthetic image quality,

and finally in terms of computational load for training synthetic images. Note that we

use the original source code to obtain the results for DD that is provided by the authors

of DD in the experiments.

Generalization Ability Comparison. Here we compare the generalization ability

across different deep network architectures to DD\@. To this end, we use the

synthesized 10 images/class data learned with LeNet on MNIST to train MLP,

ConvNet, LeNet, AlexNet, VGG11 and ResNet18 and report the results in Table T10.

We see that the condensed set produced by our method achieves good classification

performances with all architectures, while the synthetic set produced by DD perform

poorly when used to trained some architectures, e.g. AlexNet, VGG and ResNet. Note

that DD generates learning rates to be used in every training step in addition to the

synthetic data. This is in contrast to our method which does not learn learning rates

for specific training steps. Although the tied learning rates improve the performance

of DD while training and testing on the same architecture, they will hinder the

generalization to unseen architectures.
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Method Dataset Architecture Memory (MB) Time (min) Test Acc.

DD MNIST LeNet 785 160 79.5±8.1
Ours MNIST LeNet 653 46 93.9±0.6

DD CIFAR10 AlexCifarNet 3211 214 36.8±1.2
Ours CIFAR10 AlexCifarNet 1445 105 39.1±1.2

Table T11: Time and memory use for training DD and our method in 10 images/class

setting.

Qualitative Comparison. We also provide a qualitative comparison to DD in terms

of image quality in Figure F4. Note that both of the synthetic sets are trained with

LeNet on MNIST and AlexCifarNet on CIFAR10. Our method produces more

interpretable and realistic images than DD, although it is not our goal. The MNIST

images produced by DD are noisy, and the CIFAR10 images produced by DD do not

show any clear structure of the corresponding class. In contrast, the MNIST and

CIFAR10 images produced by our method are both visually meaningful and diverse.

Training Memory and Time. One advantage of our method is that we decouple the

model weights from its previous states in training, while DD requires to maintain the

recursive computation graph which is not scalable to large models and inner-loop

optimizers with many steps. Hence, our method requires less training time and

memory cost. We compare the training time and memory cost required by DD and

our method with one NVIDIA GTX1080-Ti GPU\@. Table T11 shows that our

method requires significantly less memory and training time than DD and provides an

approximation reduction of 17% and 55% in memory and 71% and 51% in train time

to learn MNIST and CIFAR10 datasets respectively. Furthermore, our training time

and memory cost can be significantly decreased by using smaller hyper-parameters,

e.g. 𝐾 , 𝑇 and the batch size of sampled real images, with a slight performance decline

(refer to Figure F2).

A.5 Extended Related Work

Variations of Dataset Distillation. There exists recent work that extends Dataset

Distillation (Wang et al., 2018). For example, Sucholutsky and Schonlau (2019);

Bohdal et al. (2020) aim to improve DD by learning soft labels with/without synthetic

images. Such et al. (2020) utilizes a generator to synthesize images instead of directly

updating image pixels. However, the reported quantitative and qualitative
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improvements over DD are minor compared to our improvements. In addition, none

of these methods have thoroughly verified the cross-architecture generalization ability

of the synthetic images.

Zero-shot Knowledge Distillation. Recent zero-shot KD methods (Lopes et al.,

2017; Nayak et al., 2019) aim to perform KD from a trained model in the absence of

training data by generating synthetic data as the intermediate production to further

use. Unlike them, our method does not require pretrained teacher models to provide

the knowledge, i.e. to obtain the features and labels.

Data Privacy & Federated Learning. Synthetic dataset is also a promising solution

to protecting data privacy and enabling safe federated learning. There exists some

work that uses synthetic dataset to protect the privacy of medical dataset (Li et al.,

2020) and reduce the communication rounds in federated learning (Zhou et al., 2020).

Although transmitting model weights or gradients (Zhu et al., 2019; Zhao et al., 2020a)

may increase the transmission security, the huge parameters of modern deep neural

networks are prohibitive to transmit frequently. In contrast, transmitting small-scale

synthetic dataset between clients and server is low-cost (Goetz and Tewari, 2020).
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Figure F4: Qualitative comparison between the condensed images produced by DD

and ours under 10 images/class setting. LeNet and AlexCifarNet are utilized for MNIST

and CIFAR10 respectively.



Appendix B

Appendix: Dataset Condensation with

Distribution Matching

B.1 Implementation details

Dataset Condensation. As Zhao and Bilen (2021) didn’t report 50 images/class

learning performance on CIFAR100, we obtain the result in Table 1 by running their

released code and coarsely searching the hyper-parameters (outer and inner loop

steps). Then, we set both outer and inner loop to be 10 steps. The rest

hyper-parameters are the default ones in their released code. To obtain the DSA

results with batch normalization in Table 2 and Table 3, we also run DSA code and set

batch normalization in ConvNet.

We follow the modification of ResNet in (Zhao et al., 2021). They replace the

𝑠𝑡𝑟𝑖𝑑𝑒 = 2 convolution layer with 𝑠𝑡𝑟𝑖𝑑𝑒 = 1 convolution layer followed by an average

pooling layer in the ResNet architecture that is used to learn the synthetic data. This

modification enables smooth error back-propagation to the input images. We directly

use their released ResNet architecture.

Continual Learning. Prabhu et al. (2020) use cutmix (Yun et al., 2019)

augmentation strategy for training models. Different from them, we follow (Zhao and

Bilen, 2021) and use the default DSA augmentation strategy in order to be consistent

with other experiments in this paper. We run DSA training algorithm on the new

training classes and images only in every learning step. It is not a easy work to take

old model and memory into DSA training and achieve better performance. The

synthetic data learned with old model can also be biased to it, and thus perform

worse. Similarly, we train the embedding function (ConvNet) for herding method on

89
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the new training classes and images only.

Neural Architecture Search. We randomly select 10% training samples in

CIFAR10 dataset as the validation set. The rest are the training set. The batch size is

250, then one training epoch on the small (50 images/class) proxy sets includes 2

batches. The DSA augmentation strategy is applied to all proxy-set methods and

early-stopping. We train each model 5 times and report the mean accuracies. We do

NAS experiment on one Tesla v100 GPU.

We visualize the performance rank correlation between proxy-set and

whole-dataset training in Figure F1. The top 5% architectures are selected based on

the validation accuracies of models trained on each proxy-set. Each point represents a

selected architecture. The horizontal and vertical axes are the testing accuracies of

models trained on the proxy-set and the whole dataset respectively. The figure shows

that our method can produce better proxy set to obtain more reliable performance

ranking of candidate architectures.
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Figure F1: Performance rank correlation between proxy-set and whole-dataset training.

B.2 Comparison to More Baselines and Related Works

Comparison to Generative Models. In this subsection, we compare the

data-efficiency of samples generated by our dataset condensation method to those

generated by traditional generative models, namely VAE and GAN\@. Specifically,

we choose the state-of-the-art DC-VAE (Parmar et al., 2021) and BigGAN (Brock

et al., 2019). The BigGAN model is trained with the differentiable augmentation

(Zhao et al., 2020b). In addition, we also compare to a related generative model

GMMN (Li et al., 2015) which aims to learn an image generator that can map a

uniform distribution to real image distribution. Our method differs from GMMN in

many ways significantly. First, GMMN aims to generate real-looking images, while
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our goal is to condense a training set by synthesizing informative training samples

that can be used to efficiently train deep networks through MMD\@. Second, our

method learns pixels directly, while GMMN learns a generator network. Third, our

method learns a few synthetic samples to approximate the distribution of large real

training set in any embedding space with any augmentation, while GMMN learns to

map a uniform distribution to real image distribution which is an easier task.

We train these generative models on CIFAR10 dataset. ConvNets are trained on

these synthetic images and then evaluated on real testing images. The results in

Table T1 verify that our method outperforms them by large margins, indicating that

our synthetic images are more informative for training deep neural networks. The

comparison to random baseline indicates that the images generated by traditional

generative models are not more informative than randomly selected real images.

Img/Cls Random GMMN VAE BigGAN MMD DM

1 14.4±2.0 16.1±2.0 15.7±2.1 15.8±1.2 22.7±0.6 26.0±0.8
10 26.0±1.2 32.2±1.3 29.8±1.0 31.0±1.4 34.9±0.3 48.9±0.6
50 43.4±1.0 45.3±1.0 44.0±0.8 46.2±0.9 50.9±0.3 63.0±0.4

Table T1: Comparison to traditional generative models and MMD baseline. Random

means randomly selected real images. The experiments are implemented with

ConvNets on CIFAR10 dataset.

Comparison to MMD Baseline. Another baseline is to learn synthetic images by

distribution matching with vanilla MMD in the pixel space. This baseline can also

been considered as the ablation study of the embedding function and differentiable

augmentation in our method. We try this baseline with linear, polynomial, RBF and

Laplacian kernels and with various kernel hyper-parameters. We find that only MMD

with linear kernel can achieve better synthetic images, i.e. better than randomly

selected real images. The performance of MMD with linear kernel in the pixel space

is presented in Table T1, which outperforms all generative models while is inferior to

our method. This result also verifies that the distribution matching mechanism

enables learning more informative synthetic samples.

Comparison to GTN and KIP Methods. We notice the recent works Generative

Teaching Networks (GTN) (Such et al., 2020) and Kernel Inducing Point (KIP)

(Nguyen et al., 2021a,b) on dataset condensation. Such et al. (2020) propose to learn

a generative network that outputs condensed training samples by minimizing the
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meta-loss on real data. They report the performance of 4,096 synthetic images learned

on MNIST which is comparable to our 50 images/class synthetic set (i.e. 500 images

in total) performance.

Nguyen et al. (2021a,b) propose to replace the neural network optimization in the

bi-level optimization (Wang et al., 2018) with kernel ridge regression which has a

closed-form solution. Zero Component Analysis (ZCA) (Krizhevsky et al., 2009) is

applied for pre-processing images. Although Nguyen et al. (2021b) report the results

on 1024-width neural networks while we train and test 128-width neural networks, our

results still outperform theirs in some settings, for example 98.6± 0.1% v.s. 98.3±
0.1% when learning 50 images/class on MNIST and 29.7± 0.3% v.s. 28.3± 0.1%
when learning 10 images/class on CIFAR100. Note that they achieve those results

by leveraging distributed computation environment and training for thousands of GPU

hours. In contrast, our method can learn synthetic sets with one GTX 1080 GPU in

dozens of minutes, which is significantly more efficient.

B.3 Extended Visualization and Analysis

We visualize the 10 images/class synthetic sets learned on CIFAR10 dataset with

different network parameter distributions in Figure F2. It is interesting that images

learned with “poor” networks that have lower validation accuracies look blur. We can

find obvious checkerboard patterns in them. In contrast, images learned with “good”

networks that have higher validation accuracies look colorful. Some twisty patterns

can be found in these images. Although synthetic images learned with different

network parameter distributions look quite different, they have similar generalization

performance. We think that these images are mainly different in terms of their

background patterns but similar in semantics. It means that our method can produce

synthetic images with similar network optimization effects while significantly

different visual effects. Our method may have promising applications in protecting

data privacy and federated learning (Lyu et al., 2020).

B.4 Connection to Gradient Matching

In this section, we show the connection between gradient matching (Zhao et al., 2021)

and our method. Both (Zhao et al., 2021) and our training algorithm sample real and

synthetic image batches from one class in each iteration, which is denoted as class
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Figure F2: Synthetic images of CIFAR10 dataset learned with different network

parameter distributions, i.e. networks with different validation accuracies (%). Each

row represents a class.

𝑦. We embed each training sample (𝒙𝑖, 𝑦) and obtain the feature 𝒆𝑖 using a neural

network 𝜓𝝑 followed a linear classifier W = [𝒘0, ...,𝒘𝐶−1], where 𝒘 𝑗 is the weight

vector connected to the 𝑗 th output neuron and 𝐶 is the number of all classes. Note that

the weight and its gradient vector are organized in the same way in (Zhao et al., 2021).

We focus on the weight and gradient of the linear classification layer (i.e. the last layer)

of a network in this paper. The classification loss 𝐽𝑖 of each sample is denoted as

𝐽𝑖 =− log
exp (𝒘𝑇𝑦 · 𝒆𝑖)

Σ𝑘 exp (𝒘𝑇
𝑘
· 𝒆𝑖)

. (B.1)

Then, we compute the partial derivative with respect to each weight vector,

𝒈𝑖, 𝑗 =
𝜕𝐽𝑖

𝜕𝒘 𝑗

=


−𝒆𝑖 +

exp (𝒘𝑇𝑦 · 𝒆𝑖)
Σ𝑘 exp (𝒘𝑇

𝑘
· 𝒆𝑖)
· 𝒆𝑖, 𝑗 = 𝑦

exp (𝒘𝑇
𝑗
· 𝒆𝑖)

Σ𝑘 exp (𝒘𝑇
𝑘
· 𝒆𝑖)
· 𝒆𝑖, 𝑗 ≠ 𝑦

(B.2)

This equation can be simplified using the predicted probability 𝑝𝑖, 𝑗 =
exp (𝒘𝑇

𝑗
·𝒆𝑖)

Σ𝑘 exp (𝒘𝑇
𝑘
·𝒆𝑖)

that

classifies sample 𝒙𝑖 into category 𝑗 :

𝒈𝑖, 𝑗 =


(𝑝𝑖,𝑦 −1) · 𝒆𝑖, 𝑗 = 𝑦

(𝑝𝑖, 𝑗 −0) · 𝒆𝑖, 𝑗 ≠ 𝑦
(B.3)

Eq. B.3 shows that the last-layer gradient vector 𝒈𝑖, 𝑗 is equivalent to a weighted

feature vector 𝒆𝑖 and vice versa. The weight is a function of classification probability.

Generally speaking, the weight is large when the difference between predicted

probability 𝑝𝑖, 𝑗 and ground-truth one-hot label (1 or 0) is large.
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As the real and synthetic samples in each training iteration are from the same class

𝑦, we can obtain the mean gradient over a data batch by averaging the corresponding

gradient components:

1
𝑁
Σ𝑁𝑖 𝒈𝑖, 𝑗 =


1
𝑁
Σ𝑁𝑖 (𝑝𝑖,𝑦 −1) · 𝒆𝑖, 𝑗 = 𝑦

1
𝑁
Σ𝑁𝑖 (𝑝𝑖, 𝑗 −0) · 𝒆𝑖, 𝑗 ≠ 𝑦

(B.4)

𝑁 is the batch size. Thus, last-layer mean gradient is equivalent to the weighted mean

feature, and the mean gradient matching is equivalent to the matching of weighted

mean feature.

Our method can learn synthetic images with randomly initialized networks. Given

networks with random parameters, we assume that the predicted probability is uniform

over all categories, i.e. 𝑝𝑖, 𝑗 = 1
𝐶

. Then, the mean gradient is

1
𝑁
Σ𝑁𝑖 𝒈𝑖, 𝑗 =


1−𝐶
𝐶
· 1
𝑁
Σ𝑁𝑖 𝒆𝑖, 𝑗 = 𝑦

1
𝐶
· 1
𝑁
Σ𝑁𝑖 𝒆𝑖, 𝑗 ≠ 𝑦

(B.5)

which is equivalent to the mean feature with a constant weight. Thus, with randomly

initialized networks, the last-layer mean gradient matching is equivalent to mean

feature matching multiplied by a constant.
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