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I Dataset Condensation
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Figure 2: Visualization of condensed 1 im-
age/class with ConvNet for MNIST, Fashion-
MNIST, SVHN and CIFARI10.



I Dataset Condensation

Coreset Selection

Img/Cls Ratio % Random  Herding K-Center Forgetting Ours Whole Dataset

1 0.017 649435 89.24+1.6 893+15 355456 91.7+0.5

MNIST 10 0.17 95.1£09 93.7+£03 844+17 68.1£33 97.410.2 99.6£0.0
50 0.83 97.9+£0.2 949+0.2 974+03 88.2+1.2 98.8+0.2
| 0.017 51443.8 67.0£19 669+1.8 42.04£55 70.510.6

FashionMNIST 10 0.17 73.8+£0.7 71.1£0.7 547+15 539420 823104 93.5+0.1
50 0.83 82.540.7 7194+0.8 68.3+0.8 55.0£1.1 83.6104
1 0.014 14.64+1.6 209+1.3 21.0£15 12.1£1.7 31.2+14

SVHN 10 0.14 35.1+4.1 50.54+3.3 14.0+1.3 16.8£1.2 76.110.6 95.4£0.1
50 0.7 709+0.9 72.6+£0.8 20.1E£14 272415 82.3+0.3
1 0.02 144+2.0 21.5+1.2 21.5+13 13.5+£1.2 28.3+0.5

CIFARI10 10 0.2 260£1.2 31.6£0.7 14.7£09 233110 44.91+0.5 84.810.1
50 1 434+1.0 404+06 27.0+£1.4 233+£1.1 53.9+05

Table 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: 1mage(s) per class,
Ratio (%): the ratio of condensed 1images to whole training set.



I Dataset Condensation

Dataset Img/Cls DD Ours | Whole Dataset
I  85.04+1.6

MNIST 1y 795481 93.9+0.6| 29500
1 242409

CIFARIO 1 368412 39.1+1.2| 83-1=02

Table 3: Comparison to DD (Wang et al.,
2018) 1n terms of testing accuracy (%).
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Figure 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 w.r.t. 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.
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The key idea is that we wish 6° to be close to not only the final 6" but also to
follow a similar path to 6" throughout the optimization
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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 Fg,, deep neural network ¢e, number of outer-loop steps KA, number of
inner-loop steps 7', number of steps for updating weights o and synthetic samples ¢s in each inner-loop
step respectively, learning rates for updating weights ng and synthetic samples 7s.

2 fork=0,--- , K —1do

3 Initialize 8y ~ Py,

4 fort=20,---,T —1do

5 forc=0,---,C—-1do

6 Sample a minibatch pair Bl ~Tand BS ~ S > BT and BY are of the same class c.

7 Compute L] = ﬁ Z(m,y}esf Udo,(x),y) and LT = ﬁ Z(S,.y}egf t(¢e,(s),y)

s Update S, + opt-algs(D(VeLS(0:),VeLl (6:)).55.m5)

9 . Update 041 < opt-algy(L5(0t),50,76) > Use the whole &
Output: S

D(VeLS,VoLT) =51 d(Vewy L5, Ven LT)

out
Ai. . Bi-
d(A.B) = L -

=1
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Experiments

Img/Cls Ratio % Coreset Sfelection - g Trainir;g Set Synthesis Wikile st
Random Herding Forgetting DD LD DC DSA

1 0.017 | 649435 89.2+1.6 35.5+£5.6 60.9+3.2 91.740.5 88.7+0.6

MNIST 10 0.17 951409 93.740.3 68.14+3.3 | 79.548.1 87.31+0.7 97.440.2 97.840.1 99.6+0.0
50 0.83 |97.940.2 94.840.2 88.241.2 - 93.3+0.3 98.8+£0.1 99.210.1
1 0.017 |514+£3.8 67.0£1.9 42.0£5.5 - - 70.5+0.6 70.6+0.6

FashionMNIST 10 017 |73.8+07 71107 53.9420 - - 82.3+0.4 84.610.3 93.510.1
50 0.83 |82.5+£0.7 71.94+0.8 .55.0:k1.1 - - 83.6+0.4 88.740.2
1 0014 | 14.6+1.6 209413 12.1+1.7 - - 312414 275414

SVHN 10 014 |35.114+41 505+3.3 168+1.2 - - 76.11+06 79.210.5 95.4+0.1
50 0.7 70909 726108 27.2+15 - - 82.3+0.3 84.4+04
1 0.02 144420 215412 135%12 - 25.7+£0.7 28.340.5 28.8+0.7

CIFAR10 10 0.2 26.0+£1.2 31.64+0.7 23.341.0 [ 36.84+1.2 383404 4494+0.5 52.110.5 84.81+0.1
50 1 43441.0 40.4+0.6 23.341.1 - 42.5+04 539405 60.60.5

Table 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 T use LeNet for MNIST and AlexNet for CIFAR10, while the rest use ConvNet for training and testing.
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I Idea

O Label loss buffer & Predicted loss buffer

Label Loss Predicted Loss

0.13 0.27 0.36 0.77 0.13 0.17 0.16 0.37
2 0.68 0.70 0.82 0.99 2 0.30 0.21 0.11 0.09
3 0.11 0.13 0.34 0.56 3 0.11 0.13 0.24 0.36
100 0.01 0.02 0.03 0.07 100 0.01 0.02 0.03 0.07
L(f(x;),v; pred
K_yizk Lye=y; - £(f Cerd, vie) K—yzk vie=y; " Liavet (F (Xi), Vi)

pred
score3(x;) = - Craper (f (x1), ;) — gpred(f(xl) )

R, Zie L=y~ (aver (£ (60, 310 = Eprealf e 3)
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I Idea

O Label loss buffer & Predicted loss buffer & Predicted class-loss buffer

Label Loss Predicted Loss

0.13 0.27 0.36 0.77 0.13 0.17 0.16 0.37
2 0.68 0.70 0.82 0.99 2 0.30 0.21 0.11 0.09
3 0.11 0.13 0.34 0.56 3 0.11 0.13 0.24 0.36
100 0.01 0.02 0.03 0.07 100 0.01 0.02 0.03 0.07
Predicted class Predicted Loss
1 0.13 0.17 0.16 0.37
2 0.30 0.21 0.11 0.09
3 0.11 0.13 0.24 0.36

100 0.01 0.02 0.03 0.07
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