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Abstract

Generative Adversarial Networks (GANs) significantly
advanced image generation but their performance heavily
depends on abundant training data. In scenarios with lim-
ited data, GANs often struggle with discriminator overfit-
ting and unstable training. Batch Normalization (BN), de-
spite being known for enhancing generalization and train-
ing stability, has rarely been used in the discriminator of
Data-Efficient GANs. Our work addresses this gap by iden-
tifying a critical flaw in BN: the tendency for gradient explo-
sion during the centering and scaling steps. To tackle this
issue, we present CHAIN (lipsCHitz continuity constrAIned
Normalization), which replaces the conventional centering
step with zero-mean regularization and integrates a Lips-
chitz continuity constraint in the scaling step. CHAIN fur-
ther enhances GAN training by adaptively interpolating the
normalized and unnormalized features, effectively avoiding
discriminator overfitting. Our theoretical analyses firmly
establishes CHAIN’s effectiveness in reducing gradients in
latent features and weights, improving stability and gener-
alization in GAN training. Empirical evidence supports our
theory. CHAIN achieves state-of-the-art results in data-
limited scenarios on CIFAR-10/100, ImageNet, five low-
shot and seven high-resolution few-shot image datasets.

1. Introduction
The availability of abundant data, exemplified by ImageNet
[19], has driven breakthroughs in deep neural networks
[52], particularly in generative models. This data rich-
ness has fueled innovations such as Generative Adversarial
Networks (GANs) [23], popular in academia and industry.
GANs, known for their rapid generation speeds [82] and
high-fidelity image synthesis [81], have become go-to tools
for applications such as text-to-image generation [35, 82,
94], image-to-image translation [45, 73, 76, 87], video syn-
thesis [86, 103, 110] and 3D generation [92, 114, 124].

Despite the advanced capabilities of modern GANs
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[8, 40, 41] in creating high-fidelity images, their success
largely depends on access to extensive training data. How-
ever, in scenarios with limited data, such as medical [43] or
art images [42, 46], where data acquisition is expensive and
privacy concerns are paramount, GANs face issues such as
discriminator overfitting and unstable training [39, 97, 120].

To overcome these obstacles, three main directions
stand out. The first leverages massive data augmentation
(“MA”), aimed at broadening the available data distribu-
tion [29, 33, 39, 55, 108, 113, 120]. The second strategy
borrows knowledge from models trained on large datasets
[15, 48, 102, 122]. However, these approaches suffer from
issues such as the potential leakage of augmentation ar-
tifacts [39, 70, 72, 113] and the misuse of pre-training
knowledge [22, 50, 106]. The third direction addresses dis-
criminator overfitting and focuses on discriminator regular-
ization to either reduce the capacity of the discriminator
[20, 25, 44, 68, 69] or increase the overlap between real and
fake data [33, 95, 97], making it harder for the discriminator
to learn. While such methods are effective, their mechanism
preventing overfitting is not clearly elucidated.

Aligning with the third direction of regularizing the dis-
criminator, we innovate by reconsidering the integration of
Batch Normalization (BN) [31] into the discriminator to im-
prove the generalization. BN has been demonstrated, both
theoretically and in practice, to improve neural network
generalization. This is achieved via its standardization pro-
cess, effectively aligning training and test distributions in a
common space [54, 83, 101]. Additionally, BN reduces the
sharpness of the loss landscape [7, 36, 62, 80] and stabilizes
the training process by mitigating internal covariate shift.

Given these benefits, Batch Normalization appears as
a good solution to preventing discriminator overfitting in
GANs. However, large-scale experiments [49, 65, 66, 105,
118] have shown that incorporating BN into the discrimina-
tor actually impairs performance. Thus, BN is often omitted
in the discriminator of modern GANs, e.g., BigGAN [8],
ProGAN [37], StyleGAN 1-3 [38, 40, 41], with few models
using BN in the discriminator, i.e., DCGAN [74].

Addressing the challenges of BN in GAN discrimina-
tor design, we have identified that the centering and scal-
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ing steps of BN can lead to gradient explosion, a significant
barrier in GAN convergence [44, 63, 96, 115]. To circum-
vent this issue while leveraging the benefits of BN, we pro-
pose replacing the centering step with zero mean regulariza-
tion and enforcing the Lipschitz continuity constraint on the
scaling step. This modification resolves gradient issues and
also helps the discriminator effectively balance discrimina-
tion and generalization [115] through adaptive interpolation
of normalized and unnormalized features.

We call our approach lipsCHitz continuity constrAIned
Normalization, in short, CHAIN, symbolized as ⃝⃝. Such
a name and symbol represent the role of our model in bridg-
ing the gap between seen and unseen data and reducing
the divergence between fake and real distributions. Despite
CHAIN’s simplicity, our theoretical analysis confirms its
efficacy in reducing the gradient norm of both latent acti-
vations and discriminator weights. Experimental evidence
shows that CHAIN stabilizes GAN training and enhances
generalization. CHAIN outperforms existing methods that
limit discriminator overfitting, achieving state-of-the-art re-
sults on data-limited benchmarks such as CIFAR-10/100,
ImageNet, 5 low-shot and 7 high-resolution few-shot image
generation tasks. Our contributions are as follows:

i. We tackle discriminator overfitting by enhancing GAN
generalization, deriving a new error bound that empha-
sizes reducing the gradient of discriminator weights.

ii. We identify that applying BN in the discriminator, both
theoretically and empirically, tends to cause gradient
explosion due to the centering and scaling steps of BN.

iii. We provide evidence, both theoretical and practical,
that CHAIN stabilizes GAN training by moderating the
gradient of latent features, and improves generalization
by lowering the gradient of the weights.

2. Background
Improving GANs. Generative Adversarial Networks [23],
effective in image generation [8, 40, 57], image-to-image
translation [45, 88, 89, 125], video synthesis [86, 103, 110],
3D generation [92, 114, 124] and text-to-image generation
[35, 82, 94], suffer from unstable training [44, 96], mode
collapse [63, 77], and discriminator overfitting [39, 120].
Improving GANs includes architecture modifications [8,
38, 40, 41, 53, 112], loss function design [3, 71, 119, 123]
and regularization design [25, 44, 59, 65, 97]. BigGAN
[8] scales up GANs for large-scale datasets with increased
batch sizes. StyleGANs [38, 40, 41] revolutionize genera-
tor architecture by style integration. OmniGAN [123] mod-
ifies the projection loss [64] into a multi-label softmax loss.
WGAN-GP [25], SNGAN [65] and SRGAN [59] regular-
ize discriminator using a gradient penalty or spectral norm
constraints for stable training. Our novel normalization ef-
fectively enhances GANs under limited data scenarios, ap-
plicable across various architectures and loss functions.

Image generation under limited data. To address dis-
criminator overfitting in limited data scenarios, where data
is scarce or privacy-sensitive, previous methods have em-
ployed data augmentation techniques such as DA [120],
ADA [39], MaskedGAN [29], FakeCLR [55] and InsGen
[108] to expand the data diversity. Approaches [48, 122],
KDDLGAN [15], and TransferGAN [102], leverage knowl-
edge from models trained on extensive datasets to enhance
performance. However, these approaches may risk leaking
augmentation artifacts [39, 72, 113] or misusing pre-trained
knowledge [22, 50, 106]. Alternatives such as LeCam loss
[97], GenCo [14] and the gradient norm reduction of Dig-
GAN [20] aim to balance real and fake distributions. Our
approach uniquely combines generalization benefits from
BN with improved stability in GAN training, offering an
effective and distinct solution to regularizing discriminator.

GAN Generalization. Deviating from conventional meth-
ods that link the generalization of GANs [32, 115] with the
Rademacher complexity [6] of neural networks [116], we
introduce a new error bound that highlights the need for
reducing discrepancies between seen and unseen data for
enhanced generalization. This bound is further refined us-
ing the so-called non-vacuous PAC-Bayesian theory [10],
focusing on discriminator weight gradients for a practical
GAN generalization improvement.

Normalization. Batch Normalization (BN) [31] and its
variants such as Group Normalization (GN) [104], Layer
Normalization (LN) [5], Instance Normalization (IN) [98]
have been pivotal in normalizing latent features to improve
training. BN, in particular, is renowned for its role in im-
proving generalization across various tasks [7, 36, 62, 80].
However, its application in discriminator design, especially
under limited data scenarios where generalization is crucial,
remains underexplored. Several BN modifications, such as
RMSNorm [111], GraphNorm [9], PowerNorm [85], MBN
[107] and EvoNorm [58] have been proposed to address is-
sues such as the gradient explosion in transformers [99] or
information loss in graph learning, often by altering or re-
moving the centering step. Our work stands out in GAN
discriminator design by linking centering, scaling, and gra-
dient issues in GAN training. Our innovative solution not
only mitigates the gradient explosion but also retains the
benefits of BN, offering a robust solution for GAN training.

3. Method

We begin by linking GAN generalization with the gradient
of discriminator weights, motivating the use of BN for gen-
eralization and identifying gradient issues in BN. We then
introduce CHAIN, a design that tackles these gradient is-
sues while retaining benefits of BN. Lastly, we present a
theoretical justification for CHAIN, underscoring its effi-
cacy in improving generalization and training stability.
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3.1. Generalization Error of GAN

The goal of GAN is to train a generator capable of deceiv-
ing a discriminator by minimizing the integral probability
metric (IPM) [67], typically with the assumption of infinite
real and fake distributions pµ, νq. However, in real-world
scenarios, we are usually confined to working with a finite
real dataset µ̂n of size n. This limitation restricts the opti-
mization of GAN to the empirical loss as discussed in [115]:

inf
νPG

␣

dHpµ̂n, νq :“ sup
hPH

tEx„µ̂n
rhpxqs ´Ex̃„νrhpx̃qsu

(

, (1)

where x and x̃ are real and fake samples. Function sets of
discriminator and generator, H and G, are typically parame-
terized as neural network classes Hnn :“thp¨;θdq :θd PΘdu

and Gnn :“tgp¨;θgq :θg PΘgu. Given the varied divergence
[84, 115] encompassed by the IPM and the variability of
discriminator loss function ϕp¨q across different tasks and
architectures, we integrate it with the discriminator D for
simplified analysis [3, 4, 115], yielding hp¨q :“ ϕpDp¨qq.
This integration streamlines the alternating optimization
process between the discriminator and the generator:
$

&

%

LD :“ min
θd

Ex̃„νnrhpx̃;θdqs ´ Ex„µ̂nrhpx;θdqs

LG :“ min
θg

´Ez„pz rhpgpz;θgqqs,
(2)

where z „ pz represents the noise input to the generator and
it is assumed that νn minimizes dHpµ̂n, νq to a precision
ϵě0, implying that dHpµ̂n, νnqď infνPG dHpµ̂n, νq`ϵ.

To evaluate how closely the generator distribution νn ap-
proximates the unknown infinite distribution µ, we draw on
work of Ji et al. [32] who extended Theorem 3.1 in [115] by
considering the limited access to both real and fake images.

Lemma 3.1 (Partial results of Theorem 1 in [32].) Assume
the discriminator set H is even, i.e., hPH implies ´hPH,
and ∥h∥8 ď ∆. Let µ̂n and ν̂n be empirical measures of
µ and νn with size n. Denote ν˚

n “ infνPG dHpµ̂n, νq. The
generalization error of GAN, defined as ϵgan :“dHpµ, νnq´

infνPG dHpµ, νq, is bounded as:

ϵgan ď 2
`

sup
hPH

ˇ

ˇEµrhs ´ Eµ̂n
rhs

ˇ

ˇ ` sup
hPH

ˇ

ˇEν˚
n

rhs ´ Eν̂nrhs
ˇ

ˇ

˘

“ 2dHpµ, µ̂nq ` 2dHpν˚
n , ν̂nq. (3)

Lemma 3.1 (proof in §B.1) indicates that GAN generaliza-
tion can be improved by reducing the divergence between
real training and unseen data, as well as observed and un-
observed fake distributions. Given that the ideal ν˚

n aligns
with the observed real data µ̂n, Lemma 3.1 also implies the
importance of narrowing the gap between observed fake and
real data. This explains why prior efforts [12, 20, 27, 33, 97]
focusing on diminishing the real-fake distribution diver-
gence help limit overfitting. However, caution is needed
to avoid an excessive reduction, as this makes the discrimi-
nator struggle to differentiate real and fake data [115].

To determine a practical generalization error for GAN
parameterized as neural networks, we adopt the PAC
Bayesian theory [10] to derive the generalization error
bound on GANs. Integrating the analytical process of The-
orem 1 from [21], we formulate the following proposition.

Proposition 3.1 Utilizing notations from Lemma 3.1, we
define ϵnn

gan as the generalization error of GAN parameter-
ized as neural network classes. Let ∇θd

andHθd
represent

the gradient and Hessian matrix of discriminator h evalu-
ated at θd over real training data µ̂n, and r∇θd

and ĂHθd

over observed fake data ν̂n. Denoting λHmax and λĂH
max as the

largest eigenvalues of Hθd
and ĂHθd

, respectively, and for
any ω ą 0, the generalization error is bounded as:

ϵnn
gan ď2ω

`

∥∇θd
∥2 ` ∥ r∇θd

∥2
˘

` 4R

ˆ∥θd∥22
ω2

,
1

n

˙

` ω2
`

|λHmax| ` |λ
ĂH
max|

˘

, (4)

where R
´

∥θd∥2
2

ω2 , 1
n

¯

, a term related to discriminator
weights norm, is inversely related to the data size n.

Prop. 3.1 (proof in §B.2) suggests several strategies to
lower the generalization error of GANs. These include in-
creasing data size (n), implementing regularization to de-
crease weight norm of the discriminator and the largest
eigenvalues in Hessian matrices, and crucially, reducing
the gradient norm of discriminator weights. Although this
proposition is specific to GANs, the concept of regularizing
weight gradient norms aligns with findings in other studies
[60, 91, 93, 100, 117, 121], which emphasize that reducing
weight gradients can smooth the loss landscape, thereby en-
hancing generalization of various deep learning tasks.

3.2. Motivation and the Batch Normalization Issues

Leveraging the insight of Lemma 3.1 that reducing real-
fake divergence boosts generalization, we propose applying
Batch Normalization in the discriminator to normalize real
and fake data in separate batches. As depicted in Figure 1,
normalizing real and fake data in separate batches via the
centering and scaling steps aligns their statistical moments
to lower the real-fake divergence. Moreover, BN’s ability to
reduce loss sharpness, as indicated by the maximum eigen-
value of Hessian [36, 62, 80], supports the motivation that
using BN in the discriminator favors GAN generalization.
Yet, incorporating BN poses a risk of gradient explosion.

For a specific layer in a network, consider A P RBˆd

as the feature input, where B is the batch size and d is the
feature size. For brevity, we exclude bias and focus on layer
weights W P Rdˆd. In line with studies [9, 61, 80, 85],
we also omit the affine transformation step for theoretical
clarity, as it does not impact the theoretical validity, and
does not change our method. The processing of features
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Motivation of BN
Fake Real training

Real test

Centering & Scaling

Pytorch-style pseudo code for CHAINbatch

# Y:BxdxHxW size; lbd:hyperparameter λ
def CHAIN batch(Y, p, lbd, eps=1e-5):
M=(torch.rand(*Y.shape[:2],1,1)<p) * 1.0
psi s=Y.square().mean([0,2,3],keepdim=True)
psi=(psi s + eps).sqrt()
psi min=psi.min().detach()
Y arms=(1-M)*Y + M*(Y/psi* psi min)
reg=Y.mean([0,2,3]).square().sum()*(p*lbd)
return Y arms, reg

Figure 1. Motivation of using BN, discriminator with CHAIN, modules in CHAIN and the Pytorch-style pseudo-code for CHAINbatch.

through the weights and the Batch Normalization contains:

Linear transformation: Y “ AW (5)

Centering:
c
Y “ Y ´ µ (6)

Scaling:
s
Y “

c
Y {σ. (7)

Using these notations, we identify the gradient issues in
the centering and scaling steps, as detailed below.

Theorem 3.1 (The issue of the centering step.) Consider
y1,y2 as i.i.d. samples from a symmetric distribution cen-
tered atµ, where the presence of y implies 2µ´y is also in-
cluded (important in proof). After the centering step, cy1,

c
y2

are i.i.d. samples from the centered distribution. The ex-
pected cosine similarity between these samples is given by:

Ey1,y2

“

cospy1,y2qs ě Ec
y1,

c
y2

“

cosp
c
y1,

c
y2q

‰

“ 0. (8)

Theorem 3.1 (proof in §B.3) states that after centering by
batch normalization, the expected cosine similarity between
features drops to zero. This implies that features which
are similar in early network layers diverge significantly in
the later layers, suggesting that minor perturbations in early
layers have the risk to lead to abrupt changes in later layers.
Consequently, such an effect implies large gradients.

Theorem 3.2 (The issue of the scaling step.) The scaling
step, defined in Eq. 7, can be expressed as matrix multipli-

cation
s
Y “

c
Y diagp1{σq. The Lipschitz constant w.r.t. the

2-norm of the scaling step is:∥∥∥diag
ˆ

1

σ

˙∥∥∥
lc

“
1

σmin
, (9)

where σmin “ minc σc represents the minimum value in σ.
Theorem 3.2 (proof in §B.4) establishes that the Lipschitz
constant for the scaling step in batch normalization is in-
versely proportional to σmin. This means if σmin is less than
1, the Lipschitz constant exceeds 1. Given the emphasis
placed by previous studies [3, 13, 25, 56, 65] on the impor-
tance of lowering the Lipschitz constant in the discrimina-
tor, it follows that without a Lipschitz continuity constraint
on the scaling step, discriminators employing batch normal-
ization are prone to gradient explosion. See [24] for further
insights into the Lipschitz constant of batch normalization
concerning the affine transformation step.

3.3. CHAIN ⃝⃝

To harness the generalization benefits of BN while sidestep-
ping its gradient issue in GAN discriminator, we introduce
CHAIN. Our modification involves replacing the centering
step (as in Eq. 6) with zero-mean regularization, substitut-
ing the scaling step (as in Eq. 7) with Lipschitz continuity
constrained root mean square normalization, and removing
the affine transformation step for enhanced performance.

We start by calculating the mean µ and the root mean
square ψ across batch and spatial dimensions for features
Y P RBˆdˆHˆW in a discriminator layer as follows:

µc “
1

B ˆH ˆW

B
ÿ

b

H
ÿ

h

W
ÿ

w

Yb,c,h,w, (10)

ψc “

g

f

f

e

ˆ

1

BˆHˆW

B
ÿ

b

H
ÿ

h

W
ÿ

w

Y 2
b,c,h,w

˙

` ϵ, (11)

where ϵ is a small constant to avoid division by 0. The term
Yb,c,h,w denotes the pb, c, h, wq-th entry in Y while µc and
ψc represent the c-th element in µ and ψ, respectively.

To achieve a soft zero-mean effect akin to the centering
step in Eq. 6 while also avoid its gradient issue, we adopt
0-Mean Regularization (0MR) as follows:

ℓ0MRpY q “ λ ¨ p ¨ ∥µ∥22, (12)

where λ is a hyperparameter and p P r0, 1s adaptively con-
trols the regularization strength. The term ℓ0MR for layers
applying CHAIN is added to the loss of the discriminator.

The root mean square normalization, constrained by Lip-
schitz condition, is defined as follows:

pY “ qY ¨ ψmin, with qY “
Y

ψ
. (13)

where ψmin “ minc ψc is the minimum in ψ, severing to
constrain the Lipschitz constant of the normalization to 1.

Normalized features are then adaptively interpolated
with unnormalized features to balance discrimination and
generalization, as emphasized in [115], leading to the
Adaptive Root Mean Square normalization (ARMS):

ARMSpY q“p1´Mq d Y `M d
Y

ψ
¨ ψmin, (14)
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where d is the element-wise multiplication after expanding
the left-side matrix to BˆdˆHˆW dimension. The matrix
M P RBˆd, with values from a Bernoulli distribution Bppq

with p P r0, 1s, controls the interpolation ratio.
To mitigate discriminator overfitting, we allow the factor

p, controlling both the regularization strength in Eq. 12 and
the interpolation ratio in Eq. 14, to be adaptive based on the
discriminator output. Specifically, we calculate the expec-
tation of discriminator output rpxq “ ErsignpDpxqqs w.r.t.
real samples x and assess ε “ signprpxq´τq P t´1, 0, 1u

against a predefined threshold τ . Exceeding τ suggests po-
tential overfitting, as indicated by previous studies [33, 39].
We then adjust p using pt`1 “ pt `∆p ¨ ε with a small ∆p.

To limit the dependency on the minibatch size in high-
resolution GAN training across multiple GPUs, we adopt
running cumulative forward/backward statistics, inspired by
[30, 85, 107]. We contrast CHAINbatch, using batch statis-
tics, with CHAIN that applies running cumulative statis-
tics. CHAINbatch is elegantly coded as shown in Figure 1,
whereas implementation for CHAIN is detailed in §D.1.

As outlined in Figure 1, CHAIN is integrated after con-
volutional layers c P tC1, C2, CSu within the discriminator
blocks Bl for lPt1, ..., Lu. By applying CHAIN separately
on real and fake data, Eq. 12 naturally reduces divergence
across seen/unseen and observed real/fake data, consistent
with Lemma 3.1. Additionally, Eq. 14 effectively lowers
weight gradients of discriminator, aligning with Prop. 3.1.

3.4. Theoretical analysis for CHAIN ⃝⃝
Although CHAIN is straightforward and easy to implement,
its importance in GAN training is substantial. We provide
analyses of how CHAIN modulates gradients, underlining
its critical role in enhancing GAN performance.

Theorem 3.3 (CHAIN reduces the gradient norm of
weights/latent features.) Denote the loss of discriminator
with CHAIN as L, and the resulting batch features as 9Y .
Let qyc P RB be c-th column of qY , ∆yc,∆ 9yc P RB be the
c-th column of gradient BL

BY ,
BL
B 9Y

. Denote ∆wc as the c-
th column of weight gradient BL

BW and λmax as the largest
eigenvalue of pre-layer featuresA. Then we have:

∥∆yc∥22 ď∥∆ 9yc∥22
´

p1 ´ pqψc ` pψmin

ψc

¯2

´
2p1 ´ pqpψmin

Bψc
p∆ 9yTc qycq

2, (15)

∥∆wc∥22 ďλ2max∥∆yc∥22. (16)

Theorem 3.3 (proof in §B.5) reveals that CHAIN signifi-
cantly modulates gradient norms in GAN training. It states
that the squared gradient norm of normalized output is
rescaled by

`

p1´pqψc`pψmin
ψc

˘2
ď 1, minus a non-negative

term where p∆ 9yTc qycq
2 ě 0. Considering that ∥∆yc∥22 ě 0,

CHAIN effectively reduces the gradient norm of latent fea-
tures. Moreover, given that the eigenvectors of diagp1{σq

and pre-layer features A are less likely to align, using
CHAIN with a Lipschitz constant of exactly 1 before A
further reduces λmax. This dual action not only stabilizes
GAN training by reducing latent feature gradients but also
improves generalization by lowering the weight gradients.

We additionally present theory and experiments in §C to
justify the decorrelation effect of the stochasticM design.

4. Experiments
We conduct experiments on CIFAR-10/100 [47] using Big-
GAN [8] and OmniGAN [123], as well as on ImageNet [19]
using BigGAN for conditional image generation. We eval-
uate our method on 5 low-shot datasets [120], which in-
clude 100-shot Obama/Panda/Grumpy Cat and AnimalFace
Dog/Cat [90], using StyleGAN2 [40]. Additionally, we
assess our method on 7 high-resolution few-shot datasets,
including Shells, Skulls, AnimeFace [11], Pokemon, Art-
Painting, and two medical datasets BreCaHAD [1], Messi-
dorSet1 [18], building upon FastGAN [57]. For compara-
tive purposes, methods involving massive augmentation in-
clude DA [120] and ADA [39], termed “MA” in [14], are
also included in our evaluation.
Datasets. CIFAR-10 has 50K{10K training/testing im-
ages in 10 categories at 32 ˆ 32 resolution, while CIFAR-
100 has 100 classes. ImageNet compreises 1.2M{50K
training/validation images across 1K categories. Following
[15, 29], we center-crop and downscale its images to 64ˆ64
resolution. The five low-shot datasets include 100-shot
Obama/Panda/Grumpy Cat images, along with AnimalFace
(160 cats and 389 dogs) images at 256ˆ256 resolution. The
seven few-shot datasets, Shells, Skulls, AnimeFace, Poke-
mon, Artpainting, BreCaHAD, MessidorSet1, vary from 64
to 1000 images, each at a high 1024ˆ1024 resolution. Fol-
lowing [120], we augment all datasets with x-flips.
Evaluation metrics. We generate 50K images for CIFAR-
10/100 and ImageNet to calculate Inception Score (IS)
[79] and Fréchet Inception Distance (FID) [26]. For these
datasets, tFID is calculated by comparing 50K gener-
ated images against all training images. Additionally, we
compute vFID for CIFAR-10/100 and ImageNet between
10K{50K fake and real testing/validation images. For the
five low-shot and seven few-shot datasets, FID is measured
between 5K fake images and the full dataset. Following
[20, 55, 120], we run five trails for methods employing
CHAIN, reporting average results and omitting standard de-
viations for clarity, as they fall below 1%. Implementation
details and generated images are available in §D.2 and §G.

4.1. Comparison with sate-of-the-art methods

Results on CIFAR-10/100 w/ BigGAN/OmniGAN. Table
1 demonstrates that our method achieves state-of-the-art re-
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Table 1. Comparing CIFAR-10/100 results with varying data percentages, using CHAIN vs. without it. MA: Massive Augmentation.

Method MA
CIFAR-10 CIFAR-100

10% data 20% data 100% data 10% data 20% data 100% data
ISÒ tFIDÓ vFIDÓ ISÒ tFIDÓ vFIDÓ ISÒ tFIDÓ vFIDÓ ISÒ tFIDÓ vFIDÓ ISÒ tFIDÓ vFIDÓ ISÒ tFIDÓ vFIDÓ

BigGAN(d“256) ˆ 8.24 31.45 35.59 8.74 16.20 20.27 9.21 5.48 9.42 7.58 50.79 55.04 9.94 25.83 30.79 11.02 7.86 12.70
+DA ✓ 8.65 18.35 22.04 8.95 9.38 13.26 9.39 4.47 8.58 8.86 27.22 31.80 9.73 16.32 20.88 10.91 7.30 11.99
+DigGAN+DA ✓ ´ ´ 17.87 ´ ´ 13.01 ´ ´ 8.49 ´ ´ 24.59 ´ ´ 19.79 ´ ´ 11.63
+LeCam ˆ 8.44 28.36 33.65 8.95 11.34 15.25 9.45 4.27 8.29 8.14 41.51 46.43 10.05 20.81 25.77 11.41 6.82 11.54
+CHAIN ˆ 8.63 12.02 16.00 8.98 8.15 12.12 9.49 4.18 8.21 10.04 13.13 18.00 10.15 11.58 16.38 11.16 6.04 10.84
LeCam+DA ✓ 8.81 12.64 16.42 9.01 8.53 12.47 9.45 4.32 8.40 9.17 22.75 27.14 10.12 15.96 20.42 11.25 6.45 11.26
+KDDLGAN ✓ ´ ´ 13.86 ´ ´ 11.15 ´ ´ 8.19 ´ ´ 22.40 ´ ´ 18.70 ´ ´ 10.12
+CHAIN ✓ 8.96 8.54 12.51 9.27 5.92 9.90 9.52 3.51 7.47 10.11 12.69 17.49 10.62 9.02 13.75 11.37 5.26 9.85
OmniGAN(d“1024) ˆ 6.69 53.02 57.68 8.64 36.75 41.17 10.01 6.92 10.75 6.91 60.46 64.76 10.14 40.59 44.92 12.73 8.36 13.18
+DA ✓ 8.99 19.45 23.48 9.49 13.45 17.27 10.13 4.15 8.06 10.01 30.68 34.94 11.35 17.65 22.37 12.94 7.41 12.08
+ADA ✓ 7.86 40.05 44.01 9.41 27.04 30.58 10.24 4.95 9.06 8.95 44.65 49.08 12.07 13.54 18.20 13.07 6.12 10.79
+CHAIN ˆ 9.85 6.81 10.64 9.92 4.78 8.68 10.26 2.63 6.64 12.05 13.12 17.87 12.65 9.61 14.57 13.88 4.09 9.00
+ADA+CHAIN ✓ 10.10 6.22 10.09 10.26 3.98 7.93 10.31 2.22 6.28 12.70 9.49 14.23 12.98 7.02 11.87 13.98 4.02 8.93

Table 2. Comparing ImageNet results with varying training data percentages, using our method vs. without it.

Method MA
2.5% data 5% data 10% data

50k fake imgs 10k fake imgs 50k fake imgs 10k fake imgs 50k fake imgs 10k fake imgs
ISÒ tFIDÓ vFIDÓ ISÒ tFIDÓ ISÒ tFIDÓ vFIDÓ ISÒ tFIDÓ ISÒ tFIDÓ vFIDÓ ISÒ tFIDÓ

BigGAN ˆ 8.61 101.62 100.09 8.43 103.40 6.27 90.32 88.01 6.28 93.26 12.44 50.75 49.84 12.17 52.90
+DA ✓ 11.07 86.07 84.48 10.82 87.30 9.15 68.61 66.85 9.01 70.86 16.30 35.16 34.01 15.78 37.76
+ADA ✓ 7.93 67.84 66.55 7.86 70.01 11.56 47.56 46.25 11.28 50.15 14.82 31.75 30.68 14.68 34.35
+MaskedGAN ✓ ´ ´ ´ 12.68 38.62 ´ ´ ´ 12.85 35.70 ´ ´ ´ 13.34 26.51
+ADA+KDDLGAN ✓ ´ ´ ´ 14.65 28.79 ´ ´ ´ 14.06 22.35 ´ ´ ´ 14.14 20.32
+CHAIN ˆ 14.68 30.66 29.32 14.25 32.93 17.34 21.13 19.95 16.64 23.62 20.45 14.70 13.84 19.16 17.34
+ADA+CHAIN ✓ 16.57 23.01 21.90 15.70 25.98 19.15 16.14 15.17 18.17 18.77 22.04 12.91 12.17 21.16 15.83

Table 3. FIDÓ on seven few-shot datasets, comparing w/ vs. w/o CHAIN, based on mean and standard deviation from 5 trails.

Method sec/kimg Shells Skulls AnimeFace BreCaHAD MessidorSet1 Pokemon ArtPainting
64 imgs 97 imgs 120 imgs 162 imgs 400 imgs 833 imgs 1000 imgs

FastGAN [57] 34.40 138.50˘3.65 97.87˘1.05 54.05˘0.55 63.83˘1.36 38.33˘4.30 45.70˘1.65 43.21˘0.14
FreGAN [109] 44.75 123.75˘4.92 84.58˘0.50 49.09˘0.58 57.87˘0.55 34.61˘2.48 39.09˘1.35 43.14˘0.69

FastGAN´Dbig 32.79 171.35˘6.91 165.64˘11.47 76.02˘5.37 68.63˘1.18 37.38˘1.73 53.48˘3.55 43.04˘0.24
FastGAN´Dbig+CHAIN 35.94 78.62˘1.21 82.47˘2.82 46.27˘0.36 58.98˘1.59 28.76˘1.52 31.94˘2.82 38.83˘0.49

sults on CIFAR-10/100, surpassing even KDDLGAN [15],
which leverages knowledge from CLIP [75].

Results on ImageNet with BigGAN. Maintaining consis-
tency with established benchmarks in [15, 29] (using 10K
generated images for IS and tFID), Table 2 demonstrates
the superiority of CHAIN, outperforming all leading mod-
els and underscoring its exceptional performance.

Results on the seven few-shot datasets with FastGAN.
FastGAN [57], known for its memory and time efficiency,
yields desirable results on 1024 ˆ 1024 resolution within
one-day training on a single GPU. To integrate our method,
we swapped large FastGAN discriminator with BigGAN
and removed the small discriminator due to multidimen-
sional output of FastGAN being unsuitable for adjusting our
p. This new variant, named FastGAN´Dbig, is described in
Figure 9 of §D.2. Table 3 demonstrates the superior perfor-
mance of CHAIN on seven 1024 ˆ 1024 low-shot datasets.

Results on the five low-shot datasets w/ StyleGAN2. Ta-
ble 4 presents a comparison of CHAIN with other baselines,
clearly demonstrating that CHAIN achieves the best results.

4.2. Experimental analysis

Gradient analysis for centering step. Figure 2 illustrates
the mean cosine similarity among pre-activation features in
the discriminator and the gradient norm of the feature ex-
tractor output w.r.t. input for OmniGAN, OmniGAN+0C
(using Eq. 6 centering), and OmniGAN+A0C (adaptive in-
terpolation of centered and uncentered features). The near-
zero mean cosine similarity in OmniGAN+0C and Omni-
GAN+A0C corroborates Theorem 3.1, indicating that cen-
tering leads to feature difference in later layers and ampli-
fying the gradient effect, as seen in Figure 2b. This obser-
vation supports the decision to modify the centering step.

Gradient analysis for scaling step. Figure 3a shows gra-
dient norms of the discriminator output w.r.t. the input
and effective rank (eRank) [78] for various models. The
CHAIN´LC variant (CHAIN w/o Lipschitz constraint) ex-
hibits gradient explosion, confirming Theorem 3.2. While
CHAIN`0C avoids gradient explosion, its centering step
causes abrupt feedback changes to the generator, leading to
the dimensional collapse [34, 44, 63, 96], evidenced by rank
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Table 4. FIDÓ of unconditional image generation with StyleGAN2
on five low-shot datasets. : marks a generator pre-trained on full
FFHQ [38] dataset, ; signifies a pre-trained CLIP [75] model.
“MA” means Massive Augmentation, “PT” refers to Pretrained.

Method MA PT 100-shot Animal Face
Obama GrumpyCat Panda Cat Dog

StyleGAN2 ˆ ˆ 80.20 48.90 34.27 71.71 131.90
+CHAIN ˆ ˆ 28.72 27.21 9.51 38.93 53.27
AdvAug [12] ✓ ˆ 52.86 31.02 14.75 47.40 68.28
ADA ✓ ˆ 45.69 26.62 12.90 40.77 56.83
DA ✓ ˆ 46.87 27.08 12.06 42.44 58.85
ADA+DigGAN ✓ ˆ 41.34 26.75 ´ 37.61 59.00
LeCam ✓ ˆ 33.16 24.93 10.16 34.18 54.88
GenCo ✓ ˆ 32.21 17.79 9.49 30.89 49.63
InsGen ✓ ˆ 32.42 22.01 9.85 33.01 44.93
MaskedGAN ✓ ˆ 33.78 20.06 8.93 ´ ´

FakeCLR ✓ ˆ 26.95 19.56 8.42 26.34 42.02
TransferGAN : ✓ ✓ 39.85 29.77 17.12 49.10 65.57
KDDLGAN ; ✓ ✓ 29.38 19.65 8.41 31.89 50.22
AugSelf [27] ✓ ˆ 26.00 19.81 8.36 30.53 48.19
ADA+CHAIN ✓ ˆ 20.94 17.61 7.50 19.74 39.10
DA+CHAIN ✓ ˆ 22.87 17.57 6.93 19.58 30.88
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Figure 2. (a) Mean cosine similarity of discriminator pre-
activation features, and (b) gradient norm of the feature extractor
w.r.t. the input are evaluated for OmniGAN, OmniGAN+0C (using
the centering step in Eq. 6), and OmniGAN+A0C (adaptive inter-
polation between centered and uncentered features). Evaluation
conducted on 10% CIFAR-10 data with OmniGAN (d “ 256).

deficiencies in Figure 3b. In contrast, CHAIN maintains
smaller gradient than OmniGAN, aligning with the analysis
in Theorem 3.3 w.r.t. reducing gradient in latent features.
Generalization analysis. Figures 4c and 5c show that
CHAIN achieves smaller gradient norm of discriminator
output w.r.t. weight, supporting the assertion of Theorem
3.3 on reducing weight gradient. This leads to a lower
generalization error, as per Prop. 3.1 and Lemma 3.1, evi-
denced in Figures 4b and 5b. Here, compared to the base-
line, CHAIN maintains a smaller discrepancy in discrimi-
nator output between real and test images, as well as dis-
crepancy between real and fake images, indicating the ef-
fectiveness of CHAIN in improving GAN generalization.

4.3. Ablation studies

Ablation for CHAIN design. Table 5 provides quantitative
evidence supporting the design of our method. The infe-
rior results of CHAIN´0MR and CHAIN´ARMS highlight the
significance of the 0MR and ARMS modules. Poorer per-
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Figure 3. (a) Gradient norm of discriminator output w.r.t. input
during training, and (b) effective rank [78] of the pre-activation
features in discriminator, are evaluated on 10% CIFAR-10 data
with OmniGAN (d“256). CHAIN`0C : CHAIN w/ the centering
step. CHAIN´LC : CHAIN w/o the Lipschitzness constraint.
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Figure 4. The discriminator output w.r.t. real, fake and test images
using (a) OmniGAN, (b) OmniGAN+CHAIN, and (c) the gradient
norm of the discriminator output w.r.t. discriminator weights on
10% CIFAR-10 using OmniGAN (d “ 256). Note the y-axis in
(b) is scaled for clearer visualization.
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Figure 5. The discriminator output w.r.t. real, fake and test images
of (a) BigGAN, (b) BigGAN+CHAIN, along with (c) the gradient
norm of the discriminator output w.r.t. discriminator weights on
10% CIFAR-100 with BigGAN (d “ 256).

formance of CHAIN`0C underscores the need to omit the
centering step. The notably worse outcomes of CHAIN´LC
emphasize the importance of the Lipschitzness constraint.
CHAINbatch underperforming suggests the advantage of us-
ing running cumulative statistics. The suboptimal perfor-
mance of CHAINDtm. validate the stochasticM design (Eq.
14), while marginally poorer results of CHAIN`0MRg

indi-
cate limited benefits of applying 0MR in generator training.

Ablation of each factor. Figure 6 explores the impact of
applying CHAIN at different points and varying the hy-
perparameters λ, τ . In Figure 6a, optimal performance is
achieved by placing CHAIN after all convolutional layers.
Figure 6b demonstrates that employing our approach across
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Table 5. Ablation studies. 0C: using centering. A0C: adaptively
interpolating centered and uncentered features. CHAIN´0MR:
CHAIN w/o 0-mean regularization (0MR, Eq. 12). CHAIN´ARMS:
CHAIN w/o the adaptive root mean square normalization (ARMS,
Eq. 14). CHAIN`0C: CHAIN w/ centering. CHAIN´LC: CHAIN
w/o the Lipschitzness constraint. CHAINbatch: replacing the cu-
mulative with batch statistics. CHAINDtm.: replacing the stochas-
tic M in Eq. 14 with deterministic p. CHAIN`0MRg : Applying
ℓ0MR in generator training. CHAIN`Aff.: applying learnable affine
transformation. ADrop: adaptive dropout.

Method
10% CIFAR-10 10% CIFAR-100

OmniGAN (d“256) BigGAN(d“256)
ISÒ tFIDÓ vFIDÓ ISÒ tFIDÓ vFIDÓ

Baseline 8.49 22.24 26.33 7.58 50.79 55.04
w/ 0C 8.93 31.82 35.57 7.89 37.47 42.27
w/ A0C 8.83 26.45 30.30 8.47 36.86 41.80

CHAIN 9.52 8.27 12.06 10.04 13.13 18.00
CHAIN´0MR 9.37 9.20 13.05 9.71 24.26 29.20
CHAIN´ARMS 9.33 12.87 16.87 9.09 24.14 29.59
CHAIN`0C 9.43 8.99 12.71 8.84 22.85 27.91
CHAIN´LC 8.68 22.14 26.37 8.05 30.43 35.15
CHAINbatch 9.42 8.51 12.32 9.85 14.49 19.18
CHAINDtm. 9.59 9.44 13.21 9.76 15.07 19.85
CHAIN`0MRg 9.37 8.42 12.25 10.99 17.09 22.06
CHAIN`Aff. 9.45 8.49 12.24 10.02 14.19 19.07
ADrop 8.72 14.76 18.48 9.04 29.05 34.01
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Figure 6. tFID Ó under different factors. Ablation studies on 10%
CIFAR-10 with OmniGAN (d“256q w.r.t. different conv. config-
urations, different blocks, λ and τ for CHAIN.

all blocks yields the best results. Figure 6c shows that vary-
ing λ between 2 to 50 does not significantly affect perfor-
mance, indicating the robustness of CHAIN to λ. Lastly,
Figure 6d suggests that setting τ to be 0.5 is preferable.

Comparison with other variants. We compare CHAIN
against other normalization techniques such as BN, IN, LN,
GN, and BN w/ Lipschitzness constraint (BN`LC), meth-
ods preventing discriminator overfitting such as DA, ADA,
LeCam, and gradient penalizations for improving general-
ization. Table 6 details these comparisons. For GN, we
optimized group number (ng) for CIFAR-10 (ng “ 32) and
CIFAR-100 (ng “ 16). Implementations for AGPweight and
AGPinput are explained in §D.3. The results in Table 6 show
CHAIN outperforms other methods, with AGPweight also

Table 6. Ablation studies. BN`LC: BN w/ Lipschitz constraint.
AGPweight: adaptive gradient penalty w.r.t. weights. AGPinput:
adaptive gradient penalty w.r.t. inputs. LeCam fails to converge
on OmniGAN due to its multi-dimensional output design.

Method
10% CIFAR-10 10% CIFAR-100

OmniGAN(d“256) BigGAN(d“256)
ISÒ tFIDÓ vFIDÓ ISÒ tFIDÓ vFIDÓ

Baseline 8.49 22.24 26.33 7.58 50.79 55.04
BN 7.56 37.37 41.52 7.07 55.83 60.46
BN`LC 9.40 14.32 17.75 9.15 25.87 30.83
IN 6.71 53.80 57.76 5.13 83.06 87.40
LN 6.23 101.97 105.58 9.04 26.25 31.22
GN 7.38 49.39 53.46 8.80 31.40 36.53
DA 8.84 12.90 16.67 8.86 27.22 31.80
ADA 9.67 13.86 17.70 8.96 20.09 24.90
LeCam ´ ´ ´ 8.30 31.52 36.26
AGPinput 8.75 14.78 18.65 8.48 24.95 29.58
AGPweight 9.42 11.86 15.78 9.24 18.52 23.28
CHAIN 9.52 8.27 12.06 10.04 13.13 18.00
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Figure 7. tFID for different methods with varying feature sizes d.

yielding competitive results, supporting Prop. 3.1 about
weight gradient reduction enhancing generalization. Fur-
thermore, Figure 7 indicates that CHAIN benefits from in-
creased network width, unlike other models that deteriorate
with wider networks, confirming the superiority of CHAIN.
More analyses. §E compares leading methods, analyzes
gradients on CIFAR-100 w/ BigGAN, evaluates eRank
against AGPweight, and examines feature norm. CHAIN
gains significant improvements with mild extra load (§F).

5. Conclusions
Our method, LipsCHitz contuity constrAIned Normaliza-
tion (CHAIN), harnesses the generalization benefits of BN
to counter discriminator overfitting in GAN training. We
refine standard BN by implementing the zero-mean regu-
larization and the Lipschitzness constraint, effectively re-
ducing gradient norms in latent features and discriminator
weights. This approach not only stabilizes GAN training
but also boosts generalization. Proven in theory and prac-
tice, CHAIN excels across diverse backbones and datasets,
consistently surpassing existing methods and effectively ad-
dressing discriminator overfitting in GANs.
Acknowledgements. We thank Moyang Liu, Fei Wu,
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