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Introduction

. ? Dataset Distillation (DD):

* Input: An original dataset T
« Qutput: A Smalller synthetic dataset §

 Networks with random initialization trained by S ST xN Times '3
can perform well on T T Eama
L = Match
» LLI Existing Approaches: S~ Lt
. Iteratlvgly op’.umlze S o S 5225.54 Backprop
* In each iteration, a new network is initialized
randomly

The distance of § and T is evaluated using some
metric with the network

The error is back-propagated to §
Slow due to optimization in multiple networks
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Our Solutions

* ° Accelerate via Pre-Training:

* Pre-train a synthetic data generator on a
large-scale dataset like ImageNet

=R -
itiall ' CEETE
Initialize § using random samples from T T EEE éﬁf ¢| éﬁ
» Solve synthetic labels with analytical solutions radom P = Analytical
1 . . Select Label
« Adapt the pre-trained generator for a limited EEZEN e i
| | e 4 Pl e
number of iterations .. -

» Generate the final § using the adapted
generator taking initial § as input



Pre-Training

e \ First-Order MAML.:

* |n each iteration, a new
target dataset 7 is
sampled and the meta
generator is optimized
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NEU RAL INFORMATION

\, 'i PROCESSING SYSTEMS
ole

LEARNING AND VISION o

oo NUS

National University
of Singapore

Initialize w randomly;
repeat
w' + copy(w);
Randomly choose a subset of classes C from Z;
Sample a batch of images of C as 7 ;
for1 <i:<Tdo
L = GetTraininglLoss(7); > Meta-Training
Back propagation and update w’: w’ + W’ — aV . L;
end for
L = GetTrainingLoss(7); > Meta-Testing
Back propagation and update w: w + w — BV L;
until convergence

procedure GETTRAININGLOSS(7)
Initialize X with some random real images from 7 ;
Obtain Y with the analytical solution in Eq. 3;
Forward propagation with X < g, (X5);
Randomly sample §* and compute the loss £((X*, Y. ); 0*) in Eq. 1;
return L((X¥, Y});0%)
end procedure

L(S;0%) = || for (X)W = Yi||3 = || for (Xe) for (Xs) T (for (Xs) for (Xs) 1) 71Ys — VI3
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Analytical Labels

» Get analytical labels in a random but fixed network f:
Y = fo(X)W! = fo(Xe)fo(Xe) " (fo(Xe)fo(Xe) ") 'Ys,

* The error in f4+ is upper-bounded by that in fg:

L((Xs,Y);0) = [ fo(X)W = Yell3 = [[fo(Xe) fo(Xs) T (fo(Xs) fo(Xs) )TV = V2|3 = e.

L((90(Xs), Y):6%) = || for (X)W = Y23
= || for (Xe) for (90 (X)) " (for (9o (X ))fG*(gw(X )Y~ Y13
< N for (X)W — fo(X)WL I3 + [ fo (X)W = Y3
=||fe*(Xt)W9 — fo(X)W/|3 + €
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Adaptation Stage

Input: (X,,Y;): A Target Dataset; 7": Number of Adaptation Steps; a: Learning Rate of Generator;
@: Parameter of a Random Neural Network; w: Parameter of a Meta Generator; Z: A Set of
Randomly Initialized Synthetic Samples.

Output: «': Parameter of a Target-Specific Generator.

— fe(Xt)T(fe(Xt)fe(Xt)T)_lyﬁ
for Each X, in7Z do
= Fal X W7 >Eq. 3
end for

Initialize generator parameters w’ with w;

for1 <:< 7T do
Sample a batch of real data (X7, Y,") of from (X, Y;);

Sample a initialized synthetic data (X, Y.") from Z;

X =g XN ke > Forward propagation

Sample neural parameters 6* from a random distribution;

£ = || For(e) for (X2)T (For (X2 for (X2) )12 — Wi 13 >Eg. |

Update o’ via w’ + ' — oV, L; > Back propagation
: end for

oo ol b ol M o e

o
W N = O O
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Deployment Stage

* |nitialize § using random samples from T

» Solve synthetic labels with analytical
solutions

» Generate the final § using the adapted
generator taking initial § as input

Sl
2 s
:] &

| & ]
Random Analytical
Select 1 i Label
FEOHM Generator 2 P S
LA~ E ' o Pl as™
Initialized S Final §
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« Comparisons under the Same Number of
Training/Adaptation Steps
Dataset | IPC DC [60] DSA [58] IDC [20] MTT [2] DM [59] FRePo [61] Ours

1 88.710.5 87.710.6 76.110.1 73.1£0.8 87.8£0.7 64.81+0.9 87.8+0.2
MNIST 10 96702 96.7+0.1 95.1£0.1 92.840.2 96.21-0.1 96.310.1 952201
50 957302 98.310.1 98.440.1 96.610.1 98.040.1 98.540.1 98.61-0.1

1 10307 10.3+0.7 64.440.4 312 71:3£993 61.5+0.3 71.9+0.4
FashionMNIST 10 79.8+£0.2 79.040.3 82.940.2 80.140.5 83.0£0.1 81.240.2 83.440.2
50 185202 86.940.1 87.040.1 86.210.1 86.8+0.2 85.940.1 87.210.1

1 28 220 7 28.11+0.7 253-k1.0 36.8+0.5 26.84+0.8 2523405 42.610.3
CIFARI0 10 397505 48.7+0.3 49.5+0.3 50.84+0.5 48.81+0.2 49.440.3 58.94+0.4
50 39.1:+10 56.01+0.4 61.710.2 56.5+05 31703 61.81+0.2 66.8+0.2

1 12.440.2 13.840.2 15.440.2 13.24:0.6 11.9:0.20 10.140.2 20.81+0.2
10 211402 31.3+0.4 28.940.3 30.21+0.4 30.0+0.4 26.61+0.4 32.210.3

CIFARI100
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Experiments
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Performance on CIFAR100 1 Qualitative Results Performance on Different Performance on Different IPCs

IPC Adaptation Steps ~ (Only 10 and 50 IPCs are seen)
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