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Minimax Diffusion

Background

Previous DD methods engage in sample-wise optimization at the pixel level or
embedidng level. Such scheme suffers from problems of two perspectives:

1) The parameter space is positively correlated _
with the size of the target surrogate dataset, ] if-Na N OW
leading to more time and computational
resource demands for distilling larger datasets.

2) The larger parameter space also increases the
optimization complexity. Distilling larger-IPC
datasets generates smaller pixel modifications.

We intend to incorporate diffusion models to design a more efficient dataset
distillation scheme.
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Empirical Study
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Minimax Diffusion

MethOd Algorithm 1: Minimax Diffusion Fine-tuning

Input: initialized model parameter 6, original dataset
o N T = {(x,y)}, encoder E, class encoder E., time
step t, variance schedule &, real embedding
memory M, predicted embedding memory D
Output: optimized model parameter 6*
for each step do
Obtain the original embedding: zo = E(x)
Obtain the class embedding: ¢ = E.(y)
Sample random noise: € ~ N (0, I)
Add noise to the embedding:
Z: = \/EZO + v/1 — e
Predict the noise €y (z¢, ¢) and recovered embedding
ﬁg(zt, C) = Z — 69(Zt, C)
Update the model parameter with Eq. (5)
memorized samples Enqueue the real embedding: M,. < z¢

+ + + + + o v e e _ Enqueue the predicted embedding: Mg < Zg (2, )
end
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M : storing original embeddings L, = arg max Hfgl ]0 (z9(2¢,C), Zm) -
me [N p

D: storing predicted embeddings L, = arg mein dnfax] o (zo(2¢, ), 24q) -
€[Np



Minimax Diffusion

Experiments
65 - IPC (Ratio) TestModel | Random DiT[33] DM[53] IDC-1[21] GLaD[4]| Ours
Ours-100

/\-O\ ConvNet-6 24.3:1:1,1 34.2:}:1,1 26.9:tl.2 33.3:{:1.1 33.85:0,9 37.0:1:1.()
©Y, 6071 _ours-70 10 (0.8%) ResNetAP-10 | 2944108 347105 303112 391105 329109 [39.2+13
Q>)\ 55 0urs-sog?DM'1°° ResNet-18 277+0.9 34.7+04 334407 373402 31.7+0.8 |37.6+0.9
< &om.70 . Ibc-100 ConvNet-6  |29.1x07 36.1:t0s 299+10 35.5:0s - 376502
S 5o goM- _~1DC-70 20 (1.6%) ResNetAP-10 327204 4l.1os 352106 43.4x0:3 - | 458405
jﬂ) #DM-50 ?DC-SO ResNet-18 29.7+0.5 40.5+05 29.8417 38.610.2 - 425106
- 45 Ours-20 ConvNet-6 413406 465408 444410 439412 - 5391056
) QDC-ZO 50 (3.8%) ResNetAP-10|47.2+1.3 493102 47.1+11 483410 - 56.3+1.0
-ag 40 1 Oours-10 Spc-10 ResNet-18 479418 50.1+05 46.2106 48.310s - 5714106
=35,  ¢DM-20 10G 206 30G ConvNet-6 [ 463106 50.1t1> 47.5:05 489107 - | 557500
< GLaD-10 GPU M 70 (5.4%) ResNetAP-10 | 50.840.6 543409 51.7408 52.841.8 - 58.310.2
> 30 “DM-10 emory ResNet-18 521410 51.5+10 519408 Sl.l+1.7 - 58.8.10.7
. i i i . ConvNet-6 522404 534403 55.0+13 532400 - 61.140.7
0 20 40 60 80 100 100 (7.7%) ResNetAP-10 | 59.4110 583108 564108 56.1%0.9 - 64.5:0.2
Distillation Time (h) ResNet-18 | 61.5:13 589113 602410 58.3+12 - 65.70.4

Minimax diffusion surpasses other methods with much less requirement on training
time and computational resources.
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Experiments
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35.6+0.9
344411
37.440.4
35.7+0.8
38.7+0.9
383105
392413

51.040.9
471405
495110
48.310.6
54.940.7
54.940.4
56.311.0

53.540.2
49.610.7
545410
515406
5224106
533405
53.140.2

66.310.2
60.211.2
65.040.8
64.840.8
68.410.7
66.8+0.5
69.610.2

The representativeness constraint improves
performance on small IPCs. The diveristy
constraint brings larger performance
improvement. But grouping them together
achieves the best performance.
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Minimax Diffusion

Experiments

Minimax diffusion leads to better representativeness and diversity for the generated
images.
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