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Slimmable Generative Adversarial Networks
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Motivation Generation Results

For real-time gene ration tasks. different devices m ay requ ire models of different sizes Table 1: FID and IS on both unconditional (uncond) and class-conditional (cond) generation. We do not calculate IS on CelebA
’ as it is a face dataset that lacking inter-class diversity, which IS measures. For class-conditional generation, (+4) is our proposed

due to their different com puting power. And even for the same device, it also needs sliceable conditional batch normalization while (x) is the naive way that extends each sBN to cBN. Bold numbers indicate our
models of different sizes due to different power modes. Consequently, numerous slimmable method outperforms the individually trained models.

models need to be trained and deployed for a single task. FID (}) IS (1)
Backbone Dataset Method 0.25x 0.5x 0.75x 1.0x 0.25x 05x 0.75x 1.0x
, : . Individual 469 346 304 267 6.08 695 7.39 7.43
To combat the above issues, we develop a width-switchable generator that can CIFAR-10 g mmable 37.3 285 258 252 690 7.31 743 7T.44
flexibly switch the width (the number of channels in layers) of the generator at DCGAN (uncond) 11 10 Individual 931 69.1 61.8 574 651 7.82 796 8.38
. , . . Slimmable 689 609 562 551 7.67 800 834 838
runtime to accommodate various quality-efficiency trade-offs. —
CelebA Individual 244 132 104 9.8 - - - -
Slimmable 233 133 106 94 - - - -
CIFAR.1o  Individual 418 241 216 203 736 768 793 7.1
MEthOdS Slimmable 29.9 216 19.6 200 7.32 802 815 8.09
ResNet (uncond) STL-10 Individual 66.6 58.9 06.3 52.9 7.90 8.52 8.30 8.60
Slimmable 69.1 59.0 50.8 506 7.60 823 883 881
X CelehA Individual 180 119 9.9 89 - - - -
~a Slimmable 13.9 10.6 9.8 8.5 - - - -
v —
N s > D R Individual 55.1 335 165 155 6.46 7.90 822  8.52
A , Gl-"?(z) - D1.00(®) CIFAR-10  Slimmable (x) 21.7 172 161 162 7.87 831 849 834
Go7s —» 60.7*5 (Z) —> Dy s — > D0_75(x) ¢GAN-pd (cond) Shr'nr.nable (+) 195 145 136 142 788 838 8.67 8.59
Z — ¥ : Individual 458 237 225 199 7.26 849 850 9.1
Goso — Goso(2) Doso > Dy50(x) CIFAR-100 Slimmable (x) 26.8 19.9 189 19.0 813 890 914 9.22
oV ; Slimmable (+) 23.8 189 186 17.9 826 9.08 917 9.29
0% > Gogs(2) Dozs | —* Dgas5(x)

G D Ablation Study

Figure 1: lllustration of SIimGAN with width multiplier list W = [0.25, 0.5, 0.75, 1.0] x. Wide generators contain the channels

of narrow ones. Multiple discriminators share first several layers. Blue dashed lines indicate the stepwise inplace distillation.
Table 4: Ablation Study on CIFAR-10.

* To train the slimmable generator, we utilize adversarial training with multiple FID (1)
. . i DCGAN on CIFAR-10 AVG ()  mIC(})
discriminators that share first several layers, and employ the Hinge loss: 025x  0.5x  0.75x 1.0x
_ _ Individual 46.9 34.6 30.4 27.4 34.8 i
max Ey .p_ . [mln (O, —1+ Dy, (x))] + B, p, [mln 0,—1 — Dy, (Gwi (Z)) ] Individual-f 45.6 33.2 29.4 27.4 33.9 .
D Slimmable G 40.0 35.2 34.4 33.4 35.8 264.3
. + shared D 40.9 30.2 27.0 25.2 30.8 282.7
max ;. p, [D wi (GWi (Z))] 1=12..,N + shared D + distillation (SimGAN) 37.3 285 258 252 29.2 231.3
+ same D 180.4 1369  141.3  158.6 154.3 376.8
. . . + slimmable D 43.6 35.8 31.0 33.0 35.9 269.5
* To achieve Con515tency between these sub-generators, WeE propose stepw1se + distillation (w/o GAN loss for narrows) 87.9 56.2 37.8 28.9 52.7 204.8
inplace distillation that encourage narrows generators learn from wide ones: + shared D + naive distillation 36.6 29.8 26.3 25.5 29.6 232.5
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BV Consistency Results

* To incorporate class-conditional label information into generators under the width-
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switchable mechanism, we present sliceable conditional batch normalization: L @ B Y § } gi_ \3; ; ‘?' H b é‘
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Specifically, we slice cBN vectors y;. and f5; to sub-vectors yc:ji and ,Béj" with the first

s; elements to match the length of sBN vectors y,,,, and §3,,. at current width w;.

(b) Slimmable GAN with distillation, showing improved consistency.

Eva I u at I o n M et Il cs Figure 2: Qualitative consistency on CelebA.
* FID and IS: evaluate the quality and diversity of generated samples. Table 3: mIC (]) on CIFAR-10, STL-10, and CelebA. Paper
* mIC: evaluate the consistency between generators at different widths, and is SEmDCGAN CIFAR0  STL-10 _ CelobA

defined as follows: +who distillation  282.7 2774 110.2
1 N N 2 + w/ distillation 231.3 243.2 96.1
miIC = E E IEZ~IPZ b (GW(Z)) — P (GW(Z)) ” SlimResGAN CIFAR-10 STL-10 CelebA
— l ]
N(N—-1)4a 2 + who distillation _ 285.7 3424  116.9

=1 j=1,i#j

. . + w/ distillation 2414 248.7 97.9
where ®(-) extracts the image features from the Inception v3 network.
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