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ABSTRACT

Dataset distillation aims to optimize a small set so that a model trained on the
set achieves performance similar to that of a model trained on the full dataset.
While many supervised methods have achieved remarkable success in distilling a
large dataset into a small set of representative samples, however, they are not de-
signed to produce a distilled dataset that can be effectively used to facilitate self-
supervised pre-training. To this end, we propose a novel problem of distilling an
unlabeled dataset into a set of small synthetic samples for efficient self-supervised
learning (SSL). We first prove that a gradient of synthetic samples with respect to a
SSL objective in naive bilevel optimization is biased due to the randomness origi-
nating from data augmentations or masking for inner optimization. To address this
issue, we propose to minimize the mean squared error (MSE) between a model’s
representations of the synthetic examples and their corresponding learnable tar-
get feature representations for the inner objective, which does not introduce any
randomness. Our primary motivation is that the model obtained by the proposed
inner optimization can mimic the self-supervised target model. To achieve this,
we also introduce the MSE between representations of the inner model and the
self-supervised target model on the original full dataset for outer optimization.
We empirically validate the effectiveness of our method on transfer learning. Our
code is available at ht tps://github.com/db-Lee/selfsup_dd.

1 INTRODUCTION

As a consequence of collecting large-scale datasets and recent advances in parallel data processing,
deep models have achieved remarkable success in various machine learning problems. However,
some applications such as hyperparameter optimization (Franceschi et al., 2017), continual learn-
ing (Lopez-Paz & Ranzato, 2017), or neural architecture search (Liu et al., 2019) require repetitive
training processes. In such scenarios, it is prohibitively costly to use all the examples from the huge
dataset, which motivates the need to compress the full dataset into a small representative set of exam-
ples. Recently, many dataset distillation (or condensation) methods (Wang et al., 2018; Zhao et al.,
2021; Zhao & Bilen, 2021; Nguyen et al., 2021a;b; Cazenavette et al., 2022; Zhou et al., 2022; Loo
et al., 2022; Zhao & Bilen, 2023) have successfully learned a small number of examples on which
we can train a model to achieve performance comparable to the one trained on the full dataset.

Despite the recent success of dataset distillation methods, they are not designed to produce a distilled
dataset that can be effectively transferred to downstream tasks (Figure 1-(a)). In other words, we
may not achieve meaningful performance improvements when pre-training a model on the distilled
dataset and fine-tuning it on the target dataset. However, condensing general-purpose datasets into
a small set for transfer learning is crucial for some applications. For example, instead of using
a large pre-trained model, we may need to search a hardware-specific neural architecture due to
constraints on the device (Lee et al., 2021). To evaluate the performance of an architecture during
the search process, we repeatedly pre-train a model with the architecture on large unlabeled dataset
and fine-tune it on the target training datast, which is time consuming and expensive. If we distill
the pre-training dataset into a small dataset at once, we can accelerate the architecture search by
pre-training the model on the small set. Another example is target data-free knowledge distillation
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Figure 1:(a): Previous supervised dataset distillation methdt. Our proposed method that distillsla-
beled datasetinto a small set that can be effectively usedoe-training and transfer to target datasets.

(KD) (Lopes et al., 2017; Raikwar & Mishra, 2022), where we aim to distill a teacher into a smaller
student without access to the target training data due to data privacy or intellectual property issues.
Instead of the target dataset, we can employ a condensed surrogate dataset for KD (Kim et al., 2023).

To obtain a small representative set for ef cient pre-training, as illustrated in Figure 1-(b), we pro-
pose aself-supervised dataset distillation framewavkich distills an unlabeled dataset into a small

set on which the pre-training will be done. Speci cally, we formulate the unsupervised dataset dis-
tillation as a bilevel optimization problem: optimizing a small representative set such that a model
trained on the small set can induce a latent representation space similar to the space of the model
trained on the full dataset. Naively, we can replace the objective function of existing bilevel opti-
mization methods for supervised dataset condensation with a SSL objective function that involves
some randomness, such as data augmentations or masking inputs. However, we have empirically
found that back-propagating through data augmentation or masking is unstable. Moreover, we prove
that a gradient of the self-supervised learning (SSL) loss with randomly sampled data augmentations
or masking isa biased estimator of the true gradiemiplaining the instability.

Based on this insight, we propose to use a mean squared error (MSE) for both inner and outer
objective functions, which does not introduce any randomness due to the SSL objectives and thus
contributes to stable optimization. First, we parameterize a pair of synthetic examples and target
representations of the synthetic ones. For inner optimization, we train a model to minimize the
MSE between the target representations and a model's representations of the synthetic examples.
Then, we evaluate the MSE between the original data representation of the model trained with
the inner optimization and that of the model pre-trained on the original full dataset with a SSL
objective. Since we do not sample any data augmentations or input masks, we can avoid the biased
gradient of the SSL loss. Lastly, similar to Zhou et al. (2022), we simplify the inner optimization

to reduce computational cost. We decompose the model into a feature extractor and a linear head,
and optimize only the linear head with kernel ridge regression during the inner optimization while
freezing the feature extractor. With the linear head and the frozen feature extractor, we compute
the meta-gradient of the synthetic examples and target representations with respect to the outer loss,
and update them. To this end, we dub our proposed self-supervised dataset distillation method for
transfer learning akernel Ridge Regression orself-supervised arget (KRR-ST).

We empirically show that our proposed KRR-ST signi cantly outperforms the supervised dataset
distillation methods in transfer learning experiments, where we condense a source dataset, which is
either CIFAR100 (Krizhevsky et al., 2009), TinylmageNet (Le & Yang, 2015), or ImageNet (Deng

et al., 2009), into a small set, pre-train models with different architectures on the condensed dataset,
and ne-tune all the models on target labeled datasets such as CIFAR10, Aircraft (Maji et al., 2013),
Stanford Cars (Krause et al., 2013), CUB2011 (Wah et al., 2011), Stanford Dogs (Khosla et al.,
2011), and Flowers (Nilsback & Zisserman, 2008). Our contributions are as follows:

* We propose a new problem eélf-supervised dataset distillatidar transfer learning, where we
distill an unlabeled dataset into a small set, pre-train a model on it, and ne-tune it on target tasks.

* We have observed training instability when utilizing existing SSL objectives in bilevel optimiza-
tion for self-supervised dataset distillation. Furthermore, we prove that a gradient of the SSL
objectives with data augmentations or masking inpugsbgsed estimator of the true gradient

» To address the instability, we propok&R-ST using MSE without any randomness at an inner
loop. For the inner loop, we minimize MSE between a model representation of synthetic samples
and target representations. For an outer loop, we minimize MSE between the original data repre-
sentation of the model from inner loop and that of the model pre-trained on the original dataset.
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» We extensively validate our proposed method on numerous target datasets and architectures, and
show that ours outperforms supervised dataset distillation methods.

2 RELATED WORK

Dataset Distillation (or Condensation) To compress a large dataset into a small set, instead of
selecting coresets (Borsos et al., 2020; Mirzasoleiman et al., 2020), dataset condensation optimizes a
small number of synthetic samples while preserving information of the original dataset to effectively
train high-performing deep learning models. Wang et al. (2018) propose the rst dataset distillation
(DD) method based on bilevel optimization, where the inner optimization is simply approximated
by one gradient-step. Instead of one-step approximation, recent works propose a back-propagation
through time for full inner optimization steps (Deng & Russakovsky, 2022), or implicit gradient
based on implicit function theorem (Loo et al., 2023). This bilevel formulation, however, incurs
expensive computational costs and hinders scaling to large datasets. To overcome this, several pa-
pers propose surrogate objective alternatives to bilevel optimization. Speci cally, DSA (Zhao et al.,
2021; Zhao & Bilen, 2021) minimizes the distance between gradients of original and synthetic sam-
ples for each training step. MTT (Cazenavette et al., 2022) proposes to match the parameter obtained
on real data and the parameter optimized on the synthetic data. DM (Zhao & Bilen, 2023) matches
the rst moments of the feature distributions induced by the original dataset and synthetic dataset.
As another line of work, Kernel Inducing Points (Nguyen et al., 2021a;b) propose DD methods
based on kernel ridge regression, which simpli es inner optimization by back-propagating through
Neural Tangent Kernel (NTK) (Lee et al., 2019). Due to the expensive cost of computing NTK
for neural networks, FRePo (Zhou et al., 2022) proposes kernel ridge regression on neural features
sampled from a pool, and RFAD (Loo et al., 2022) proposes random feature approximation of the
neural network Gaussian process. Despite the recent advances in DD methods, none of them have
tackled unsupervised/self-supervised DD for transferable learning.

Self-Supervised Learning A vast amount of works have proposed self-supervised learning (SSL)
methods. A core idea of SSL is that we use large-scale unlabeled data to train a model to learn
meaningful representation space that can be effectively transferred to downstream tasks. We intro-
duce a few representative works. SImCLR (Chen et al., 2020a) is one of the representative con-
trastive learning methods. It maximizes the similarity between two different augmentations of the
same input while minimizing the similarity between two randomly chosen pairs. MOCO (He et al.,
2020) constructs a dynamic dictionary using a moving average encoder and queue, and minimizes
contrastive loss with the dictionary. On the other hand, several non-contrastive works achieve re-
markable performance. BYOL (Grill et al., 2020) encodes two different views of an input with a
student and teacher encoder, respectively, and minimizes the distance between those two represen-
tations. Barlow Twins (Zbontar et al., 2021) constructs a correlation matrix between two different
views of a batch of samples with an encoder and trains the encoder to enforce the correlation matrix
to the identity matrix. Lastly, MAE (He et al., 2022) learns a meaningful image representation space
by masking an image and reconstructing the masked input. In this paper, we utilize Barlow Twins
as an SSL framework to train our target model.

3 METHOD
3.1 PRELIMINARIES

Problem De nition Sugapose that we are given an unlabeled datéset [x1  x,]” 2 R" %

where each rowx; 2 R% is an i.i.d sample. We de ne the problem sélf-supervised dataset
distillation as the process of creating a compact synthetic da¥set [R;  &m]> 2 R™ &

that preserves most of the information from the unlabeled daXasktr pre-training any neural net-
works, while keepingn  n. Thus, after the dataset distillation process, we can transfer knowledge
embedded in the large dataset to various tasks using the distilled dataset. Speci cally, our nal goal
is to accelerate the pre-training of a neural network with any architectures by utilizing the distilled
datasek s in place of the full unlabeled datasét for pre-training. Subsequently, one can evaluate
the performance of the neural network by ne-tuning it on various downstream tasks.

Bilevel Optimization with SSL  Recent success of transfer learning with self-supervised learning
(SSL) (Chen et al., 2020a; He et al., 2020; Grill et al., 2020; Zbontar et al., 2021) is deeply rooted
in the ability to learn meaningful and task-agnostic latent representation space. Inspired by the SSL,
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we want to nd a distilled dataseX s such that a moddy : R% ! R% trained onXs with a

SSL objective, achieves low SSL loss on the full datasetHere, denotes the parameter of the
neural networlg . Similar to previous supervised dataset condensation methods (Wang et al., 2018;
Zhao et al., 2021; Cazenavette et al., 2022; Deng & Russakovsky, 2022), estimaXigrcah be
formulated as a bilevel optimization problem:

min)i(mize Lssi( (Xs); Xt); where (Xs) =argmin Lsgi( ;Xs): (1)

Here,Lssi( ; Xs) denotes a SSL loss function with evaluated on the dataskt,. The bilevel
optimization can be solved by iterative gradient-based algorithms. However, it is computationally
expensive since computing gradient with respect taequires back-propagating through unrolled
computational graphs of inner optimization steps. Furthermore, we empirically nd out that back-
propagating through data augmentations involved in SSL is unstable and challenging.

3.2 KERNEL RIDGE REGRESSION ONSELF-SUPERVISEDTARGET

Motivation We theoretically analyze the instability of the bilevel formulation for optimizing a
condensed dataset with an SSL objective and motivate our objective function. Betye 2 RY

Let us writeLssi( ;Xs) = E p [ (;Xs)] where D is the random variable corresponding
to the data augmentatlon (or input mask), ands SSL loss with the sampled Igata augmentatlon

(or input mask) . De ne "(Xs) = argmin ssi( ; Xs) wherel'sgi( ; Xs) = & (5 Xs)
and ; D . In practice, we comput%ﬁs)x to updateXs. The use of the empirical

estimateIfSSL( ; Xs) in the place of the true SSL lodsss( ; Xs) is justied in standard SSL
without bilevel optimization because its gradient is always an unbiased estimator of the true gradient:

e, E [l Xs)) = @sal Xs) \yhere = ( ), . However, the following theorem shows that
this is not the case for bilevel optimization. This explains the empirically observed instability of the
SSL loss in bilevel optimization. A proof is deferred to Appendix A.

Theorem 1. The derivative% is a biased estimator ofw,

e, E [@-ss&@gis):Xx)] 6 @ ssu( @(XS);XI)’ unless (@-SSL( XI)J - (Xs)) @Xs)j) =
X4 : X d X X
E [@—SSL( t)J X )]E [g)gs “)] + 4 Cov [@-ssl( I)J Ay @@f\g( ).)Jk] for all

(I;J ) 2f l ..... mg f 1 ..... dxg

Regression on Self-supervised Target Based on the insight of Theorem 1, we propose to replace
the inner objective function with a mean squared error (MSE) by parameterizing and optimizing
both synthetic example$s and their target representatiovis=[¢:  $m]” 2 R™ % as:

Limed XsiYe)= 2KYs 0 (Xa)kE 2

which avoids the biased gradient of SSL loss due to the absence of random variedesponding

to data augmentation (or input mask) in the MSE. Hkre; denotes a Frobenius norm. Similarly,

we replace the outer objective with the MSE between the original data representation of the model
trained withL inned{ ; Xs; Ys) and that of the target modgl : R% I R% trained on the full dataset

Xt with the SSL objective as follows:

oo 1 .
ml)pln\;lzeE g (Xt) 0 (xeve)(Xy) i;where (Xs;Ys) =argmin Linned ; Xs;Ys): (3)

Note that we rst pre-train the target modgl on the full dataseK with the SSL objectivei.e.,

= argmin Lsg( ;X¢). After that,g (X;) is a xed target which is considered to be con-
stant during the optimization ofs andYs. Here,g (X;) =[g (x1) g (xn)]> 2 R" % and
g (XS;YS)(XI) = [/g (XsiYs)(Xl) g (XS;YS)(XH)]> 2 R" dy. The intuition behind the ObjeC'
tive function is as follows. Assuming that a model trained with an SSL objective on a large-scale
dataset generalizes to various downstream tasks (Chen et al., 2020b), we aim to ensure that the rep-
resentation space of the modgl (x . .y,), trained on the condensed data, is similar to that of the
self-supervised target modg!.

Again, one notable advantage of using the MSE is that it removes the need for data augmentations
or masking inputs for the evaluation of the inner objective. Furthermore, we can easily evaluate
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Algorithm 1 Kernel Ridge Regression on Self-supervised Target (KRR-ST)
1: Input: DatasefX;, batch sizéb, learning rate; , SSL objective. ss|, and total steps .
2: Optimizeg with SSL loss onX; using data augmentation: argmin Lgsi( ; X¢).
3: Initialize Xs =[R1  &m[” with a random subset of;.
4: Initialize Ys =[¢1  $m]” with¢i = g (Rj) fori =1;:::;m.
5: Initialize a model pooM = f(! 1;Wq;ty) :::; (1 ;W t)gusingX s andYs.
6
7
8

: while not convergedio
Uniformly sample a mini batcX; =[x;  xp]” from the full dataseX;.

9:  Compute the outer objective, el X s; Ys) with f, in equation 4.
10:  UpdateXs andYs: Xs  Xs I x LoutefXsiYs), Ys  Ys T v LoutedXs; Ys).
11: ift; <T then

12: Sett; t; +1 and evaluate MSE lodsyse ~ 3kYs hw, fi (Xs)k2.
13: Update! ; andW; with ! ; i r, Luse, Wi Wi r w, Lvse.
14: else

15: Sett; 0 and randomly initializeé ; andW;.

16: endif

17: end while

18: Output: Distilled datase{Xs;Ys)

the inner objective with full batclX ¢ since the size oK s (i.e., m) is small enough and we do not
needm m pairwise correlation matrix required for many SSL objectives (Chen et al., 2020a; He
et al., 2020; Zbontar et al., 2021; Bardes et al., 2022). Consequently, the elimination of randomness
enables us to get an unbiased estimate of the true gradient and contributes to stable optimization.

Kernel Ridge Regression Lastly, following Zhou et al. (2022), we simplify the inner optimization

to reduce the computational cost of bilevel optimization in equation 3. First, we decompose the
functiong into a feature extractdr, : R% | RY% and a linear heatly : v 2 R% 7! v>W 2

R% , whereW 2 R% % and =(I;W ) (i.e,§ = hw f,). Naively, we can train the feature
extractor and linear head ofs andYs during inner optimization and compute the meta-gradient

of Xs andYs w.r.t the outer objective while considering the feature extractor constant. However,
previous works (Cazenavette et al., 2022; Zhou et al., 2022; Zhao et al., 2023) have shown that
using diverse models at inner optimization is robust to over tting compared to using a single model.

Based on this insight, we maintain a model pbblconsisting ofl different feature extractors and

I andW to minimize the MSE in equation 2 on randomly initializ¥d andYs with full-batch
gradient descent algorithms foisteps, wherd is the maximum number of steps. Afterward, we
sample a feature extractbr fromM for each meta-update. We then optimize another hgadon
top of the sampled feature extractoerwhich is xed. Here, kernel ridge regression (Murphy, 2012)
enables getting a closed form solution of the linear healdwas : v 7! v f, (Xs)” (Kx,x. +

I m) 1Ys, where > 0is a hyperparameter for, regularization,|,, 2 R™ ™ is an identity
matrix, andK x . x . = i (Xs)fi (Xs)” 2 R™ M™withf, (Xs) =[f1 (R1) 1 (Rm)]” 2 R™ ¢
Then, we sample a mini-batck, = [x1  Xp]” 2 RP % from the full setX; and compute a
meta-gradient oK s andYs with respect to the following outer objective function:

LowedXsi¥) = 2 9 (X0 11 (X (Xs)” (Ko, + 1 m) 2¥s £ (4)

whereg (Xi) = [g (x1) g (xp)]” 2 R® & andf, (X¢) = [fi (x1) fi (xp)]” 2 R® .
Finally, we update the distilled dataset andYs with gradient descent algorithms. After updating
the distilled dataset, we update the selected feature extrctand its corresponding heddy
with the distilled dataset for one step. Based on this, we dub our proposed metkedhatRidge
Regression orself-supervisedarget(KRR-ST), and outline its algorithmic design in Algorithm 1.

Transfer Learning We now elaborate on how we deploy the distilled dataset for transfer learning
scenarios. Given the distilled datagets; Ys), we rst pre-train a randomly initialized feature
extractorf, and heachy, : v 2 R% 7! v>W 2 R% on the distilled dataset to minimize either
MSE for our KRR-ST, KIP (Nguyen et al., 2021a), and FRePO (Zhou et al., 2022), or cross-entropy
loss for DSA (Zhao & Bilen, 2021), MTT (Cazenavette et al., 2022), and DM (Zhao & Bilen, 2023):
xn
mip\i{/nize%kf! (X)W Yskﬁ ;oor mir'w_\i/U"nize ‘(i softmax (f, (Ri))”W)); (5
' v i=1
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P
where"(p;q) = i-y Pilogg for p = (p1;:iiipe)iq = (Guiiiiiqe) 2 ¢ 'oand ©F
is simplex overR®. Then, we discarthyy, and ne-tune the feature extractbér with a randomly
initialized task-speci c heatlg : v 2 R% 7! softmax (v> Q)2 ¢ !on atargetlabeled dataset
to minimize the cross-entropy lossHere,Q 2 R% ¢ andcis the number of classes. Note that we
can use any loss function for ne-tuning, however, we only focus on the classi cation in this work.

4 EXPERIMENTS

In this section, we empirically validate the ef cacy of our KRR-ST on various applications: transfer
learning, architecture generalization, and target data-free knowledge distillation.

4.1 EXPERIMENTAL SETUPS

Datasets We use either CIFAR100 (Krizhevsky et al., 2009), TinylmageNet (Le & Yang, 2015), or
ImageNet (Deng et al., 2009) as a source dataset for dataset distillation, while evaluating the distilled
dataset on CIFAR10 (Krizhevsky et al., 2009), Aircraft (Maji et al., 2013), Stanford Cars (Krause
et al., 2013), CUB2011 (Wah et al., 2011), Stanford Dogs (Khosla et al., 2011), and Flowers (Nils-
back & Zisserman, 2008). For ImageNet, we resize the images into a resolu@én 64, following

the previous dataset distillation methods (Zhou et al., 2022; Cazenavette et al., 2022). We resize the
images of the target dataset into the resolution of the source datased2e.@2 for CIFAR100 and

64 64for TinylmageNet and ImageNet, respectively.

Baselines We compare the proposed method KRR-ST with 8 different baselines including a simple
baseline without pre-training, 5 representative supervised baselines from the dataset condensation
benchmark (Cui et al., 2022), and 2 kernel ridge regression baselines as follows:

1) w/o pre: We train a model on solely the target dataset without any pre-training.
2) Random We pre-train a model on randomly chosen images of the source dataset.

3) Kmeans(Cui et al., 2022): Instead &f) Random choice, we choose the nearest image for
each centroid of kmeans-clustering (Lloyd, 1982) in feature space of the source dataset.

4-6) DSA(Zhao & Bilen, 2021)DM (Zhao & Bilen, 2023), andMTT (Cazenavette et al., 2022):
These are representative dataset condensation methods based on surrogate objectives such as
gradient matching, distribution matching, and trajectory matching, respectively.

7) KIP (Nguyen et al., 2021a;b): Kernel Inducing Points (KIP) is the rst proposed kernel ridge
regression method for dataset distillation. For transfer learning, we use the distilled datasets
with standard normalization instead of ZCA-whitening.

8) FRePo(zZhou et al., 2022): Feature Regression with Pooling (FRePo) is a relaxed version of
bilevel optimization, where inner optimization is replaced with the analytic solution of ker-
nel ridge regression on neural features. Since FRePo does not provide datasets distilled with
standard normalization, we re-run the of cial code of Zhou et al. (2022) with standard normal-
ization for transfer learning.

Implementation Details Following Nguyen et al. (2021a;b); Zhou et al. (2022), we use convo-
lutional layers consisting of batch normalization (loffe & Szegedy, 2015), ReLU activation, and
average pooling for distilling a dataset. We choose the number of layers based on the resolution of
images,j.e., 3layers for32 32and 4 layers fo64 64, respectively. We initialize and maintain

| =10 models for the model podl , and update the models in the pool using full-batch gradient de-
scent with learning rate, momentum, and weight decay being 8&t,t6:9, and0:001, respectively.

The total number of stepk is set t01;000. We meta-update our distilled dataset 1&0,000 iter-
ations using AdamW optimizer (Loshchilov & Hutter, 2019) with an initial learning rate:@®1,
0:00001 and0:00001for CIFAR100, TinylmageNet, and ImageNet, respetively. The learning rate
is linearly decayed. We use ResNet18 (He et al., 2016) as a self-supervised targey mebiegh

is trained on a source dataset with Barlow Twins (Zbontar et al., 2021) objective.

After distillation, we pre-train a model on the distilled dataset®®00 epochs with a mini-batch
size of256using stochastic gradient descent (SGD) optimizer, where learning rate, momentum, and
weight decay are set @1, 0:9, and0:001, respectively. For the baselines, we follow their original
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Table 1: The results otransfer learning with CIFAR100. The data compression ratio for source dataset
is 2%. ConvNet3 is pre-trained on a condensed dataset, and then ne-tuned on target datasets. We report the
average and standard deviation over three runs. The best results are bolded.

Source | Target
Method CIFAR100| CIFAR10 Aircraft Cars CuUB2011 Dogs Flowers

w/opre 64:95 o021 | 87:34 0:13 34:66 0:39 19:43 0:14 1846 o011 22:31 0:22 5875 0:41
Random 65:23 o0:12 | 87:55 0:19 33:99 0:45 1977 0:21 1818 0:21 21:69 o0:18 5931 o:27
Kmeans 65:67 o0:25 | 87.:67 0:09 35:08 0:69 20:02 0:44 1812 o0:15 21:86 0:18 59:58 o0:18
DSA 6548 o0:21 | 87:21 0:12 34:38 0:17 1959 0:25 18:08 0:33 21:90 0:24 5850 o0:04
DM 65:47 o0:12 | 87:64 0:20 3524 o0:64 20:13 0:33 18:68 o0:33 21:87 0:23 59:89 o0:57
MTT 65:92 o0:18 | 87:87 0:08 36:11 0:27 21:42 o0:.03 1894 0:41 22:82 0:02 60:88 o0:45
KIP 65:97 o0:.02 | 87:90 0:19 37:67 0:36 23:12 0:69 20:10 o0:57 23:83 0:28 63:04 0:33
FRePo 6564 o0:40 | 87:67 0:22 35:34 0:85 21:05 0:06 1888 0:20 22:90 0:29 60:35 o:07

KRR-ST 66:81 0:11\88:72 0:11 41:54 o0:37 28:68 0:32 25:30 0:37 26:39 008 67:88 o0:18

Table 2:The results ofransfer learning with TinylmageNet. The data compression ratio for source dataset
is 2%. ConvNet4 is pre-trained on a condensed dataset, and then ne-tuned on target datasets. We report the
average and standard deviation over three runs. The best results are bolded.

Source | Target
Method TinylmageNet CIFAR10 Aircraft Cars CuUB2011 Dogs Flowers

w/opre 4957 o8 | 8874 0:10 4381 o056 2342 0:16  22:19 o027 24774 0:49  59:48 0:37
Random 50:49 o:30 | 8846 0:18 43:17 0:3¢ 24:74 o0:36 21:91 o008 25:17 0:28 62:49 o0:40
Kmeans 50:69 o0:37 | 8858 0:16 43.77 0:31 26:26 0:33 2252 0:37 25:85 0:25 6363 o0:38
DSA 50:42 o0:05 | 8877 0:13 43.63 0:13 26:02 0:84 22:98 0:48 2652 0:33 63:98 o0:42
DM 49:81 o0:10 | 8848 0:08 42:14 o0:38 2568 0:44 2248 o062 2505 0:28 63:45 0:14
MTT 50:92 o0:18 | 89:20 o0:05 4821 o0:30 30:35 0:22 2595 0:14 2853 0:26 66:07 o:18
FRePo 49:71 o.06 | 88:28 0:09 47:59 059 2925 0:41 24:81 o066 27:68 0:37 62:91 o0:47

KRR-ST 51:86 o0:24 \89:31 0:08 58:83 0:30 49:26 o0:64 35:55 o0:66 35:78 0:46 71:16 o0:70

Table 3:The results ofransfer learning with ImageNet. The data compression ratio for the source dataset
is 0.08%. ConvNet4 is pre-trained on a condensed dataset and then ne-tuned on target datasets. We report
the average and standard deviation over three runs. The best results are bolded.

Method CIFAR10 CIFAR100 Aircraft Cars CuB2011 Dogs Flowers

w/o pre 8866 009 66:62 0:32 4245 0:46 23:62 0:70 22:00 o0:09 24:59 0:46 59:39 o0:29
Random 88:46 o0.09 6597 o:08 40:09 0:46 20:92 0:42 1941 0:28 2308 0:40 56:81 0:44
FRePo 87:88 0:20 65:23 047 39:03 0:35 20:00 0:73 19:26 o0:21 22:05 0:45 52:50 o:51

KRR-ST 89:33 o0:19 68:04 o0:22 57:17 o0:16 46:95 0:37 35:66 0:56 35:51 0:45 70:45 o0:34

experimental setup to pre-train a model on their condensed dataset. For ne-tuning, all the experi-
mental setups are xed as follows: we use the SGD optimizer with learning r&@hfmomentum

of 0:9 and weight decay dd:0005 We ne-tune the models fot0;000iterations (CIFAR100, CI-
FAR10, and Tinylmagenet), & 000iterations (Aircraft, Cars, CUB2011, Dogs, and Flowers) with

a mini-batch size of 256. The learning rate is decayed with cosine scheduling.

4.2 EXPERIMENTAL RESULTS AND ANALYSIS

Transfer learning We investigate how our proposed KRR-ST can be effectively used for transfer
learning. To this end, we pre-train a model on the distilled source dataset and ne-tune the model
using a target training dataset. We report the average and standard deviation of the model's accu-
racy on the target test dataset over three runs. First, we use ConvNet3 (3-layer CNN) to distill the
CIFAR100 dataset int&;000synthetic examples, which is equivalent2® of the original dataset.

After distillation, we pre-train the model with the synthetic samples and ne-tune it on the target
training datasets. As shown in Table 1, KRR-ST outperforms all the baselines, including those
using labels for distillation. Next, we distill TinylmageNet ir2®00synthetic images, which con-
stitute 2% of the original dataset. We pre-train ConvNet4 on the distilled dataset and ne-tune the
model on the target datasets. As shown in Table 2, we observe that our unsupervised dataset distilla-
tion method outperforms all the baselines by a larger margin than in the previous experiments with
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(a) CIFAR100 (b) TinylmageNet

Figure 2:Visualization of the distilled images, their feature representation and corresponding distilled labels
in the output space of the target model. All distilled images are provided in Appendix B.

Figure 3:The results ofirchitecture generalization ConvNet4 is utilized for condensing TinylmageNet into

2,000 synthetic examples. Models with different architectures are pre-trained on the condensed dataset and
ne-tuned on target datasets. We report the average and standard deviation over three runs. The above results
are reported as a tabular format in Appendix C.

the distilled CIFAR100 dataset. Lastly, we distill ImageNet ibifd00 synthetic samples which are
approximately 0.08% of the original full dataset using ConvNet4, and report experimental results
in Table 3. For ImageNet experiments, FRePo is the only available supervised dataset distillation
method since we can not run the other baselines due to their large memory consumption. These
experimental results demonstrate the ef cacy of our method in condensing an unlabeled dataset for
pre-training a model that can be transferred to target datasets.

Visualization In this paragraph, we analyze how our method distills images and their correspond-
ing target representations in both pixel and feature space. We rst present the distilled ¥hages
and visualize their representatign(Xs) 2 R™ 512 along with the learned target representation

Ys 2 R™ 512 and representations of the original full data(X;) 2 R" 52, whereg is the target
ResNet18 trained with SSL Barlow Twins objective on the original datdsetFor visualization,

we employ t-SNE (Van der Maaten & Hinton, 2008) to project the high-dimensional representations
to 2D vectors. Figure 2 demonstrates the distilled images and corresponding feature space of Cl-
FAR100 and TinylmageNet. As reported in Zhou et al. (2022), we have found that distilled images
with our algorithm result in visually realistic samples, which is well-known to be a crucial factor for
architecture generalization. Lastly, we observe that the distilled data points cover most of the feature
space induced by the full dataset, even with eith800or 2;000synthetic samples which are only

2% of the full dataset. All distilled images are provided in Appendix B.

Architecture Generalization To examine whether our method can produce a distilled dataset that
can be generalized to different architectures, we perform the following experiments. First, we use
ConvNet4 ag) in equation 3 to condense TinylmageNet i&000 synthetic examples. Then, we
pre-train models of VGG11 (Simonyan & Zisserman, 2015), AlexNet (Krizhevsky et al., 2012),
MobileNet (Howard et al., 2017), and ResNet10 (Gong et al., 2022) architectures on the condensed
dataset. Finally, the models are ne-tuned on ve target datasets — Stanford Cars, Stanford Dogs,
Aircraft, CUB2011, and Flowers dataset. We choose those architectures since they are lightweight
and suitable for small devices, and pre-trained weights of those architectufes fd4 resolution

are rarely available on the internet. As shown in Figure 3 and Tables 5 to 8 from Appendix C,
our method achieves signi cant improvements over baselines across different architectures except
for one setting (MobileNet on the Aircraft dataset). These results showcase that our method can
effectively distill the source dataset into a small one that allows pre-training models with different
architectures.
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Table 4:The results ofarget data-free KD on CIFAR10. ConvNet4 is utilized for condensing TinylmageNet
into 2,000 synthetic examples. Models with different architectures are pre-trained on the condensed dataset and
ne-tuned on CIFAR10 using KD loss. We report the average and standard deviation over three runs.

Method ConvNet4 VGG11 AlexNet MobileNet ResNet10

Gaussian 32:45 o:es5 3325 1:33 30:58 o:56 23:96 o0:94 24:83 1:86
Random 49:98 o:73 51:47 1:10 51:16 o:22 44:27 0:92 40:63 o:54
Kmeans 52:00 1:10 53:86 0:92 53:31 o:65 48:10 o:46 40:90 o:42
DSA 4564 1:28 4797 o013 4742 o:70 39:67 0:92 37:33 1:70
DM 46:90 o:18 4841 o:34 48.61 o:25 40:09 1:30 39:35 o:40
MTT 49:62 o0:90 53:18 o:72 51:22 o:38 44:48 1:04 38.75 0:47
FRePo 4525 o:40 50:51 o:50 A47:24 o:21 42:98 o:71 42:16 o:81

KRR-ST 58:31 0:94 62:15 1:.08 59:80 o069 54:13 0:49 52:68 1:47

Target Data-Free Knowledge Distillation One of the most challenging transfer learning scenar-

ios is data-free knowledge distillation (KD) (Lopes et al., 2017; Yin et al., 2020; Raikwar & Mishra,
2022), where we aim to distill the knowledge of teacher into smaller student models without a target
dataset due to data privacy or intellectual property issues. Inspired by the success of KD with a sur-
rogate dataset (Orekondy et al., 2019; Kim et al., 2023), we utilize distilled TinylmageNet dataset
X s as a surrogate dataset for KD instead of using the target dataset CIFAR10. Here, we investigate
the ef cacy of each dataset distillation method on this target data-free KD task. First, we are given
a teacher model T: R% | ¢ 1 which is trained on the target dataset CIFAR10, where10

is the number of classes. We rst pre-train a feature extrafotoras demonstrated in equation 5.
After that, we randomly initialize the task hehd : v 2 R 7! softmax (v> Q) 2 ¢ 1 with

Q2 R% ¢ and ne-tune! andQ with the cross-entropy lossusing the teacher Tas a target:

1 X
mir|1_i(5nizeE T (R);softmax (f; (Ri)” Q) : (6)
K i=1

In preliminary experiments, we have found that direct use of distilled daXasktr KD is not bene-

cial due to the discrepancy between the source and target dataset. To address this issue, we always
use a mean and standard deviation of current mini-batch for batch normalization in both student and
teacher models, even at test time, as suggested in Raikwar & Mishra (2022). We optimize the param-
eter! andQ of the student model fat;000epochs with a mini-batch size 612, using an Adamw
optimizer with a learning rate di:0001 Besides the supervised dataset distillation baselines, we
introduce another baseline (Raikwar & Mishra, 2022) referred to as “Gaussian”, which uses Gaus-
sian noise as an input to the teacher and the student for computing the KD loss in equaéen 6,

i N (0O;lq,). Table 4 presents the results of target data-free KD experiments on CIFAR1O.
Firstly, we observe that utilizing a condensed surrogate dataset is more effective for knowledge dis-
tillation than using a Gaussian noise. Moreover, supervised dataset distillation methods (DSA, DM,
MTT, and FRePO) even perform worse than the baseline Random. On the other hand, our proposed
KRR-ST consistently outperforms all the baselines across different architectures, which showcases
the effectiveness of our method for target data-free KD.

5 CONCLUSION

In this work, we proposed a novel problem of unsupervised dataset distillation where we distill
an unlabeled dataset into a small set of synthetic samples on which we pre-train a model on, and
ne-tune the model on the target datasets. Based on a theoretical analysis that the gradient of the
synthetic samples with respect to existing SSL loss in naive bilevel optimization is biased, we pro-
posed minimizing the mean squared error (MSE) between a model's representation of the synthetic
samples and learnable target representations for the inner objective. Based on the motivation that the
model obtained by the inner optimization is expected to imitate the self-supervised target model, we
also introduced the MSE between representations of the inner model and those of the self-supervised
target model on the original full dataset for outer optimization. Finally, we simplify the inner op-
timization by optimizing only a linear head with kernel ridge regression, enabling us to reduce the
computational cost. The experimental results demonstrated the ef cacy of our self-supervised data
distillation method in various applications such as transfer learning, architecture generalization, and
target data-free knowledge distillation.
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Reproducibility Statement We use Pytorch (Paszke et al., 2019) to implement our self-supervised
dataset distillation method, KRR-ST. First, we have provided the complete proof of Theorem 1
in Appendix A. Moreover, we have detailed our method in Algorithm 1 and specied all the
implementation details including hyperaparameters in Section 4.1. Our code is available at
https://github.com/db-Lee/selfsup _dd.

Ethics Statement Our work is less likely to bring about any negative societal impacts. However,
we should be careful about bias in the original dataset, as this bias may be transferred to the distilled
dataset. On the positive side, we can signi cantly reduce the search cost of NAS, which, in turn, can
reduce the energy consumption when running GPUs.
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A PROOF OFTHEOREM1

Qssi( (Xs); X)) - @ssu 5 Xy) @ (Xs) )
@Xs)ij @ = (Xs) @Xs)ij
Similarly,
@ssi("(Xs) Xt) - @ssi( X0) @(Xs)
@Xs)ij @ ="(Xs) @Xs)ij
By taking expectation and using the de nition of the covariance,
" # " #
E @ ssi("(Xs); X4) - E @ ssi( 5 Xt) d(Xs)
@x s)ij . @ ="(xs) @X s)ij "
- E X @sal ;X0 A(Xs)x
kel @« ="(xs)  @Xs)j
' #
_ X £ @ ssi( 5 Xt) A(Xs)x
- @« ="xs)  @Xs)j
X X
=  EMIE[ ]+  Cov [v; «];
k=1 k=1

wherey, = @ssaliXoj rx.y @nd k= @ixss)?jk . By de ning the vectorsy = [va:Vvo;:::vg T 2

RO and =[ 1; 2;::5; 417 2RY,
" #
A ) h4 b
E @'SSL(X(Xﬁ)'Xt) = E [WIE [ «]+ Cov [vk; «]
@Xs)i k=1 k=1 3
E[ 4] N
=[E [vi] E [vq ]]2 : £+ cov [Vi; «]
s l4d 7
1 X
= E [w va JE 99 : 88+ cov v 4
g k=1

X
ENMEI[]+ Cov[v; «l

k=1
h i
A . P
Therefore E %ﬁ;j)’m =E [V E []+ Y, Cov[w; k] Comparing this with equa-
tion 7 proves the statement. O
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B VISUALIZATION OF DISTILLED IMAGES

Figure 4:Visualization of the synthetic images distilled by our method in CIFAR100.

Figure 5:Visualization of the synthetic images distilled by our method in TinylmageNet.

Figure 6:Visualization of the synthetic images distilled by our method in ImageNet.
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