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Summary Method Experimental Results

Background: Limited data in GANs causes discriminator | | L.owering real/fake discrepancy aids generalization: Comparison with the state-of-the-art methods: Method | 29% ImageNet | 5% ImageNet | 10% ImageNet

overfitting and unstable training. Batch Normalization (BN) | | GAN generalization error: €g,, < 2dy (i, fin) + 2dy (VY 0y) CIFAR-T0 CIFAR-T00 [ST (FID| vFID|| IST (FID| vFID]| IST tFID] vFID]

b i : d .o bilitv but ; 1 d; Method 109% data | 20% data | 100% data | 10% data | 20% data | 100% data BigGAN| 8.61 101.62100.09] 6.27 90.32 88.01[12.44 50.75 49.84

oosts generalization and training stability but 1s rarely used in d: discrepancy of D. u, fi,: unseen/seen real data. v.°, 0,,: ideal/seen fake. v ~ IST tFID|| IST (FID|| IST tFID|| IST tFID|| IST tFID|| IST (FID|||l+CHAINI14.68 30.66 29.32 |17.34 21.13 19.95 |20.45 14.70 13.84

data-etficient GAN qlsmmmator S as 1T Impairs P?ff(?fmance- i, implies lowering real/fake gap reduces egn. 4 inaccessible, thus we derive €™ | | [BigGAN 8.24 31.45]8.74 16.20(9.21 5.48 [7.58 50.79|9.94 25.83[11.02 7.86 ||ADA  [7.93 67.84 66.55 [11.56 47.56 46.25[14.82 31.75 30.68

Goal: Integrate BN into data-efficient GAN discriminators. +CHAIN 8.63 12.02| 8.98 8.15|9.49 4.18 [10.04 13.13]10.15 11.58|11.16 6.04 ||+CHAIN|16.57 23.01 21.90 [19.15 16.14 15.17 [22.04 12.91 12.17

Contributions: Lowering weight gradient norms of D aids generalization: | | [LeCam+DA 8.81 12.64/9.01 8.53(9.45 4.329.17 22.75/10.12 15.96(11.25 6.45 m

* We derive a new error bound emphasizing reduced discrim- <9 w( A H% H ) A R(H%H% 1) (| \H ‘ \H ) +CHAIN 8.96 8.54|9.27 592|952 3.51[10.11 12.69]10.62 9.02 |11.37 5.26 || MM TV o 00, GrumpyCat Panda [ Cat  Dog

« We find that BN in the discriminator tends to cause gradient | | €’ €sn on neural networks, w>0. 6 D's weights. Vo, \ek,: real gradient, top | | [+CHAIN 10.10 6.22 [10.26 3.98 [10.31 2.22 |12.70 9.49 |12.98 7.02 [13.98 4.02 || +CHAIN 28.72 27.21 9.51 | 38.93 53.27
explosion due to its centering and scaling steps Hessian eigenvalue. Vj ., Amx: fake versions. R: related to ||8;]|3 and data size n. Method (FID.) Shells Skulls AnimeFace BreCaHAD MessidorSetl Pokemon ArtPainting giVAug iégg ;8; 1421(7)2 j;jg ggg

: - ) : : 64 imgs 97 1mgs 120 1mgs 162 imgs 400 1mgs 833 1imgs 1000 1mgs ' ' ' ' '

e We deS{gn CHAIN by rep.lam.ng BN’s cent.ermg and scaling Separate BN reduces dlscrepancy but enlarges gradlent — TR T RN, — TEE 010 InskGen 32.42 22.01 0.85 | 33.01 44.93
steps with O-mean regularization and adaptive RMS normal- | FakeCLR 26.95 19.56 8.42 1 26.34  42.02
o We show that CHATN bils q transform: Y =AW centermg.Y =Y —p scaling: Y= Y/ o | | |FreGAN 12375 84.58  49.09 S7.87 34.61 39.09  43.14 || KDDLGAN 29.38 19.65 8.41 | 31.89 50.22
1zation. Ve show that LN 1mproves stability and gener- . , FastGAN Dig| 17135 16564 7602 68.63 3738 5348 4304 || AugSelfGAN | 2600 1981 836 | 3053 48.19
alization of GANs by reducing feature and weight gradients. | | (Centering) similarity dropping causes feature divergence: | | |, cyaIn 78.62 8247 4627 5898 2876 3194 3883 || DA+CHAIN | 2287 1757 693 | 19.58 30.88

tyl,yg[COS(yh Yy)] = 351,52[@05@17 yz)] =0

Pipeline Y1 ,131: pre- & post-centering features. Features similar in early layers diverge in later layers. Analyses on 10% CIFAR-10: Generated ImageS:

— . . . . . —— OmniGAN +0C +A0C —— OmniGAN +0C +A0C
Motivation of BN o eudo code for CHAINpuer (Scaling) unbounded Lipschitz causes gradient explosion: 206 200-
Fake . Real test : 5 : 0C: centering. AOC:
;7 \Realtrammg ‘e.s > # Y:BxdxHXxW size; lbd:hyperparameter A ‘dlag(l/U) HIC — 1/Umin = 0.4- B = 200- . .
.’ ‘ /¥ ® 0. def CHAIN_batch(Y 1bd, eps=le-5): o o , £° | & adaptive centering. Cen-
'ol«oobl - > P » €P . % 5 . o .
* o‘ox’ ' reg = Y.mean([0,2,3]).square().sum() * (p * 1bd) Lipschitz constant (Ic) 1s large when omin = min. o, s small. © ().2 S 100 tering reduces similarity
\ j . = (torch.rand(*Y.shapel:2], 1, 1) < p) * 1.0 Z 0ol 3 0 and raises gradient.
i_s = V. O . ([0,2,3], keepdim = True) : : . 2y . . . . | . . . .
Centermg&Scahng Dei = (psis + ope).oartO SOPEE T RS T CHAIN replaces centering/scaling with OMR/ARMS: 0 50 100 150 195 0 50 100 150 195
/,»JL Y pei_min = psi.min().detach() . B 1 v iterations ( x 1000) iterations (< 1000)
|I|{ }“3‘\“') Y_arms = (1 - M) * VYV + M x (Y / psi * psi_min) mearnl "l" MC  BxHxW Zb,h,w b,c,h,w . .
\\\\\\ 28 ;x, return Y_arms, reg OmniGAN +CHAIN +CHAIN_; ¢
root mean square ¢; wc — \/(Bxhlfo - wY}?QC > w) + € ||_||2 eRank —LC: WlthOut Lipschitz
CHAIN: OMR & ARMS R S0 125- constraint. CHAIN
0-Mean Regularization loss: 0-mean regularization: KOMR(Y) = \- p - H MHQ 40: 100: reduces latent gradients
. 30 75 while removing LC
77 Y) = A-p-lipll; Adaptive root mean square normalization: 20 50 - -
; P q y 104 R S S B P raises gradient and
: Adaptive Root Mean Square normalization: ARMS(Y )= (1—- M Y M Y o 0- . . j . 0- . . . - 1mpairs feature eRank.
; (Y)=(1-M)OY + MO — Ymin, Umin=min, 0 50 100 150 195 0 50 100 150 195
|ARMS(Y) = (1-M) QY+ M@K i ¢ ¢ iterations (x 1000) iterations (x 1000)
C _,m_, c. - CHAIN Y e = 107°. \: a hyperparameter. p controls £°~ and Bernoulli mask M ~ B(p) .
‘ . < ﬁ . M ~ B(p). u, P are mean and root mean Real images Fake images === Test images =—|2
CHAIN square of feature map Y. . . . D(z) T D(x) , SR
CHAIN reduces gradients of features and weights in D: 24- 12- Re4 { ——OmniGAN e D(z): CH‘KSI‘;\?mglator
. ey —+CHAIN
e |0, 1]: Bernoulli probablhty and (MR strength, updated (1—P)het phmin2 2(1—p)pa 16- 8- Ted- output. & reduces
R N 2 ion (D B A . HAy H < HA H ( P)¥YeTP mm) P) PP min (A Y ) 8- 44 | bed- D’s weight gradient,
Wlt T(:I;) o J[Slgn( (w))]’ pt—|_1 _pt —I_ P . Slgn(r(aj) o T)' cll2 : wc ch C ¢ O ' S R SR O%—%—wm 564‘ R lOwerlng dlscrepanCleS
: : —8- R —4 4¢4 -
CHAIN 1s applied separately to real and fake data batches. [Awe|[; <Al Ay —lé-K | @] 34 among unseen/seen real

0 50 100 150 195 0 50 100 150 195 0 50 100 150 195 data and fake data.
iterations (x 1000) iterations (x 1000) 1terations (x 1000)
OmniGAN OmniGAN+CHAIN weight gradient norm

Ay., Ay.: c-th column of gradient for CHAIN input/output Y, Y. Ama: top

x: Real image. B;: [-th block. Cs: Conv. in skip branch. D: Discriminator. 7: A 5
eigenvalue of A. y_: c-th column of Y =Y /1. Aw.: c-th column of grad for W'

predefined threshold. A,: A small value. B: Bernoulli noise. A\: Hyperparameter.




