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Background: Challenges in training GANSs on limited data

m Discriminator overfitting on limited training data.
m Training instability.
Goal: To improve the generalization of GAN.
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Methods: Generalization error of GAN

n: dataset size. H/G: discriminator/generator sets. Yh €H, ||h||cc <A. p/v: measures on
real/fake data. fi,/v,,: empirical measures. Assume dy (fin, Vn)—inf,eg dyy(fin,v) < €.

da; (11, V) — inf dyy(p, V) < 2sup|E,[h] — Eg,[}] +e
o veg P _ hen !
How far the fake data is from the real unseen data. Discrepancy between S;gn and unseen real data.
2log(1/6
< 2R (H) +2A 2log(1/0) +€
N—_—— n

Rademacher complexity of the discriminator.

Lower Rademacher complexity of discriminator — better generalization ©
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Methods: Rademacher complexity of a neural network

For Vi€ {1,...,n}, |22 < q and a t-layer fully-connected network parameterized from
set V = {vg : [Willip < ki, [W{ |21 < bi}:

Weight norm.

~ =
(») q LB\
o= o (1) ()

Smaller weight norms — lower complexity — better generalization ©
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Methods: Regularization through multiplicative noise

wy: the k-th column vector of the second layer weight Ws. ax: mean feature norm > 0.
(3%: variance of noise. y: label. Multiplicative noise modulation z on the latent feature a®
in a two-layer net induces weight regularization.

Noise modulation with latent feature.
~ ~ . — 9
Lnoise(w) L= EzEz [Hy(l) - W2( z© a'(l) )”2]
Mean feature norm>0.

. . . =
Efly® = Waea® 5] + 82> “an lwilf3
k

N J/

TV
Implicit regularization on ||wy||2.

Noise modulation — smaller weight norms — better generalization ©
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Methods: Noise incurs gradient issue

Noise modulation has the potential to amplify gradient

I%in LYY =EgE, [h(z ©® a)] — E.E. [h(z ® a)]
d

~E;[h(a)] ~Ea[h(a)]+ T (Ba[ X, @ H (@)] —Eo[ X, atHyy (a)])

min L&Y := — . E4[h(z © @)] ~ —Ea [h(@)] —2Ea[ Y, a2H (@)]

g

a: real feature, a: fake feature.
H®" (a) : Hessian matrix of discriminator  evaluated at a.

Noise modulation — greater gradient norms — unstable training ©
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Methods: Consistency regularization

Enforces the discriminator to be consistent for same input under different noises.

fNICE((I) L= E21,zz [(f(zl © a’) - f(zz © a))Z]
~ 287, a2Vif(a)+B'Y, alal(HY (a))?

Vf(a), HY)(a): gradient and Hessian matrix of feature extractor f evaluated at a.
NICE =~ Gradient penalization — smaller gradient norms ©

NICE: weight regularization — smaller weight norms — better generalization
NICE: gradient penalization — smaller gradient norms — stable training
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Pipeline

Discriminator with adaptive noise (AN) Nolse-modulated Consistency rEgularization (NICE)

—> By > B, »> B, —> head

o == £

D/G loss B, >~ B,

no noise modulation
sign(@(x) >1) NN MR shared weights
Overfit ? 1 11X non-shared noises
x v

IG*
[ ANGO=X©2Z s N — £ ()2
& B> B, 150 ~ OB

d': feature dim. ®: expands Z to d’' x d"x d"then performs element-wise product. Bj:i-th
block. Cs: Conv. in skip branch. f: feat. extractor. x/&: real/fake image. 1): a threshold.

head — D/G loss

i

f0)

Update [7: control the variance of noise by monitoring r(x)=E[sign(D(x))].
Update ;1 =B+ Ag-sign (r(x) >n).
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Experiments: Analysis

—=—=Fake images
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—+— Weight Norm Real images
W11 [Eo 213 [l
e~ 0.

46621 A et 3L 3e2 9e-3 ]

Rtz e T
4.3e2 /,M %8i 2e-4 2¢2 i 6e-31 /="
4.0e2 led T Le2 follmmmmm 5 R
3.7¢2 0Oc-4 = 0= pemmmm—| o3 T —

0 50 100 150195 <0 50 100 150195 70 50 100 150195 00 50 100 130 195

iterations (X 1000)

iterations (< 1000)

iterations (X 1000)

iterations (< 1000)

Real images Fake images == = Test images (FID
D) | D) D) T T Zomioe |
18 Lot P 6 6 35 ——OmniGAN+AN |
9 31 3 F AU R — ~——OmniGAN-+NICE
(1] (R pE |0 0 | 25 |
BT\ — ] 3 -3 15
—18 —6 —6 5
0 50 100 150 195 0 50 100 150 195 0 50 100 150 195 0 100 200 300 390
iterations (x 1000) iterations (x 1000) iterations (x 1000) iterations (x 1000)
(2) OmniGAN (b) OmniGAN+AN (c) OmniGAN+NICE (d) tFID curves
NeurIPS 2023

Yao Ni, Piotr Koniusz

NICE: Nolse-modulated Consistency rEgularization for Data-Efficient GANs

9/11



Experiments: Results

CIFAR-10 CIFAR-100

FID | on ImageNet
Method 100% data 20% data 10% data 100% data 20% data  10% data Method ]m
ISTAFID) ISTAFID) ISTAFID, ISTAFID, ISTAFID) ISTAFID. cor
- BigGAN 3830 91.16 133.80
BigGAN 9.21/5.48 8.74/16.20 8.24/31.45 11.02/7.86 9.94/25.83 7.58/50.79 spA 3189 4321 56.83
+NICE 9.50/4.19 8.96/8.51 8.73/13.65 10.99/6.31 10.32/13.17 8.96/19.53 ), 3082 5675 6349
LeCam+DA 9.45/432 9.01/8.53 8.81/12.64 11.25/6.45 10.12/15.96 9.17/22.75 MaskedGAN 2651 3570  38.62
+NICE 9.52/3.72 9.12/6.92 8.99/9.86 11.28/5.72 10.54/10.02 9.35/14.95 KDDLGAN 20.32 2235  28.79
NICE 2144 24.72 3145
OmniGAN+ADA 10.24/4.95 9.41/27.04 7.86/40.05 13.07/6.12 12.07/13.54 8.95/44.65 ADA+NICE 18.29 20.07 24.41

+NICE 10.38/2.25 10.18/4.39 10.08/5.49 13.82/3.78 12.75/6.28 12.04/9.32
Method (FIDJ) Obama GrumpyCat Panda AnimalCat AnimalDog Method (FID{ on FFHQ) 100 1K 2K 5K
StyleGAN2 8020 4890 3427 71.71 131.90  StyleGAN2 179 100.16 54 49.68
StyleGAN2+NICE ~ 24.56  18.78  8.92 2525 46.56 ~ ADA 85.8 21.29 15.39 10.96
ADA-Linear 82 19.86 13.01 9.39
ADA 45.69 26.62 1290 40.77 56.83 InsGen 4575 1821 11.47 7.83
LeCam+KDDLGAN  29.38 19.65 8.41 31.89 50.22 FakeCLR 4256 1592 990 7.25
ADA+NICE 20.09 15.63 8.18  22.70 28.65 ADA+NICE 38.42 14.57 8.85 6.48
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Conclusions

m The noise modulation regularizes the weight norm
— improved generalization.

m The consistency regularization penalizes the gradient norm
— stable GAN training.
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