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Abstract

Dataset distillation methods learn a representative summary
of the full dataset such that training on the distilled data is
more efficient in terms of time and space. The current state-
of-the-art methods exploit the correspondence between in-
finitely wide neural networks (NNs) and kernel ridge regres-
sion to design distillation methods that result in high-quality
summaries of the data. In this work, we leverage the corre-
spondence between infinitely wide networks and Gaussian
Processes(GPs) for learning a distilled dataset. We investigate
the feasibility of using the inducing points method for Gaus-
sian Processes, as a data distillation method. While most of
the existing dataset distillation methods are based on loss or
gradient matching, our method looks at the function space ap-
proximation, facilitated by the NN-GP correspondence. Ad-
ditionally, using recent theoretical results on GP regression
and neural tangent kernels(NTKs), we also provide an upper
bound on the size of the distilled data. We demonstrate the
utility of inducing points as distilled data on a set of datasets
empirically.

Introduction

One of the main reasons behind the success of deep learning
models for a variety of tasks has been the availability of huge
volumes of data. As a result, these models demand a huge
computational burden both in terms of time as well as stor-
age. This has led to a lot of research in the area of data subset
selection for efficiently training neural networks. A closely
related line of work has also looked at data distillation (DD)
methods which was first introduced by (Wang et al. 2018).
These algorithms aim to distill the entire dataset into a much
smaller set of synthetic datapoints such that models trained
on this smaller dataset have performance similar to models
trained on the full dataset.

Dataset distillation algorithms received a further boost
with the discovery of the Neural Tangent Kernel (NTK)
(Jacot, Gabriel, and Hongler 2018), which revealed a cor-
respondence between neural networks and the well-studied
techniques of kernel ridge regression (KRR). This led to the
development of DD algorithms that output high-quality syn-
thetic data that perform as well as the full dataset (Loo et al.
2022). The study of infinitely wide neural networks (NNs)
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also led to the discovery of the correspondence between in-
finitely wide neural networks and Gaussian Processes (GPs).
In this work, we combine the ideas from the inducing points
method and the NN-GP correspondence to investigate the
feasibility of using these inducing points as distilled data.
While the previous DD methods aim to match the training
loss or loss gradients, our proposed method aims to approxi-
mate the distribution of the underlying function. We present
a simple algorithm that builds upon stochastic variational GP
methods.

Motivation : Inducing points which are learned by op-
timizing a lower bound to the full marginal likelihood, con-
tain enough information to approximate the posterior distri-
bution of the underlying latent function space . It indicates
that the optimized inducing points are intricately linked with
the underlying function of a given dataset. This is in contrast
to the loss or gradient matching methods, where the datasets
are distilled to match the performance of a given learning al-
gorithm (NNs or KRRs). Thus, the learned inducing points
can be utilized as distilled data for learning the underlying
function, and it is independent of the learning algorithm used
for a given problem.

Our empirical results (for classification) show that the
learned inducing points can be used to train just a simple
one hidden layer neural network to give high test accura-
cies on the original dataset. This is advantageous as there
is no need to train large complicated architectures on the
distilled dataset. Thus, along with reducing the size of the
training dataset, our method also facilitates training very
simple networks for downstream tasks. Also, the most com-
putationally involved component is the optimization of the
lower bound to the full marginal likelihood. For the induc-
ing points method, this takes 1 hour to train, which is much
faster than training RFAD, which requires time ranging from
1 — 14 hours, as mentioned in (Loo et al. 2022).

Latent Space Distillation

We present the pseudocode for our proposed method, which
we term as Latent Space Distillation in Algorithm 1. Given
the computational inefficiency of GPs for high-dimensional
data, we learn low-dimensional representations of the dat-
apoints and perform the sparse GP computations in this
low-dimensional latent space. The dimensionality reduction
method could either be PCA or a pretrained autoencoder.



Algorithm 1: Latent Space Distillation (LD)

Require: Data (X, y), NN @y, a dimensionality reduction
method, A.
X'+ A(X) /*low dimensional representation of X */
INITIALIZE fo ~ GP(0,k = OnrK))
INITIALIZE a set Z of m inducing points via k-MEANS
DEFINE a variational distribution ¢(u | m,X’ Z),
where u are the latent function values at Z.
Define Ly, an ELBO to the marginal log likelihood of
fowrt (X', Z,y,u)
Compute Zopr < MAXIMIZEZ ELBO to get the opti-
mal set of inducing points.

return (Zopr, GP(Zopr)) as the distilled data for

(X,y)

bl e

Given the d’ dimensional representations ' € X', and the
corresponding labels y, we define a centered Gaussian pro-
cess (GP) prior over the latent function f, where f(a') = y.
We use the NTK of an infinitely wide 2-layer neural net-
work as the covariance function of the GP and maximize
a lower bound on the marginal log likelihood (evidence
lower bound, ELBO). This optimization step is done using
trainable inducing points (initialized using a k-means based
method). The learned inducing points are output as the dis-
tilled data, and the corresponding posterior means are taken
as the labels.

Bounding the number of inducing points : Recent re-
sults in GP regression indicate that the number of inducing
points required for the convergence of lower bound opti-
mization step, can be bounded. Combined with results that
show the similarity of the NTK of a 2 hidden layer network

d—1
and the Laplace kernel, we can show that loosely O (n @@+ )
inducing points are sufficient for convergence of the ELBO
maximization step.

Inducing Points Initialization

The inducing points are initialized using a k-means type
method. Specifically, suppose we want to sample r points
per class. Then, we perform a r-means clustering on the set
of points for each class. The r cluster centers are then taken
as the initial inducing points for that class.

Empirical NTK

In our experiments, we consider the ReLU NTK of an
infinitely wide neural network with two layers. For any

z1,70 € RE let B = —2L22) _ Then the NTK is

llz1l|2]lz2]]2

computed as O, i (z1,x2) = ||x1]|2]|x2||2knik (B), Where
knu(B) = %(\/1 — 82 + 2B(mw — arccos §)).
Results

In Table 1, we present the main results. All of the datasets
consists of 10 classes. The column named IPC refers to the
number of images from each class. Thus, /PC = 10 for
MNIST means that we are sampling 10 images from each
class, implying that the distilled dataset is of size 100. That
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RFAD

Dataset IPC LD to NN
[0 955101 98.5L01
MNIST 063706 988 L 0.1
Fashion- 10 945+04 87.0+0.5
MNIST 50 964105 S88L04
CIFAR 10 846117 663L05
10 50 845114 TI1L04
10 938101 749104
SVHN  ——935102 S09203

Table 1: Here, we compare the results of LD with RFAD as
the benchmark. ‘IPC’ refers to images per class while A g,
refers to the low-dimensional embedding method used. We
report our results for the best configuration of hyperparam-
eters. For our results, we have aggregated over 3 runs of the
experiments. The highest accuracies have been highlighted
in bold.

Dataset IPC Random DPP k-Means
Fashion

MNIST 100 92.4 929 94.8
CIFAR-10 100 83.6 82.7 84.6

Table 2: Downstream NN test accuracies (hard labels) for
data distilled using different inducing point initialization
methods.

is, we learn a set of 100 inducing points using the LD algo-
rithm and use these 100 points for training a 1-hidden layer
neural network, instead of the full 60000 points of M NIST.
For each of the datasets, the inducing points were learned
using 95% of the dataset. We report the test accuracies in
the column named LD obtained on test points taken from
the original dataset. The column named RFAD to NN is
the current state-of-the-art (Loo et al. 2022). The reported
results are averaged over three runs, with the standard devi-
ations also reported.

In Table 2, we show the downstream test accuracies ob-
tained with different initializations of the inducing points.
Here, DPP refers to initialization using determinantal point
process, using the NTK.

Conclusion and Future Work

In this paper, we investigated the efficacy of inducing points
as distilled data for training neural networks. We observed
empirically that the inducing points learned can be consid-
ered as high-quality distilled data. This set of distilled data
almost matches and even gives state-of-the-art results on the
datasets shown in the paper. One interesting observation is
that simple neural networks are sufficient for training on
such sets of distilled data. Since our proposed method com-
putes the inducing points in the latent space, it would be in-
teresting to see if these methods can be generalized to other
data modalities as well. A tighter analysis of the size of the
distilled data is left as a future direction of research.
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