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Abstract

Under limited data setting, GANs often struggle to navigate
and effectively exploit the input latent space. Consequently,
images generated from adjacent variables in a sparse input
latent space may exhibit significant discrepancies in real-
ism, leading to suboptimal consistency regularization (CR)
outcomes. To address this, we propose SQ-GAN, a novel
approach that enhances CR by introducing a style space
quantization scheme. This method transforms the sparse,
continuous input latent space into a compact, structured
discrete proxy space, allowing each element to correspond
to a specific real data point, thereby improving CR perfor-
mance. Instead of direct quantization, we first map the input
latent variables into a less entangled “style” space and ap-
ply quantization using a learnable codebook. This enables
each quantized code to control distinct factors of variation.
Additionally, we optimize the optimal transport distance to
align the codebook codes with features extracted from the
training data by a foundation model, embedding external
knowledge into the codebook and establishing a semanti-
cally rich vocabulary that properly describes the training
dataset. Extensive experiments demonstrate significant im-
provements in both discriminator robustness and genera-
tion quality with our method.

1. Introduction

Generative models have made significant strides in cre-

ating human-like natural language [7], high-quality im-

ages [18, 29, 40], and diverse human speech [52] and mu-

sic [17]. A key factor behind these achievements is the ex-

tensive amount of training data required to capture the dis-

tribution of real data. However, data collection can be chal-

lenging due to issues related to subject matter, privacy, or

copyright. Consequently, training generative models with

limited data has garnered increasing attention from the re-

search community.

*Equal contribution.
†Corresponding author.

Figure 1. Illustration of the proposed style quantization GAN (SQ-
GAN) framework. (I) The input latent variables z are mapped to

an intermediate latent space W , which is quantized into a compact

and structured proxy space Wq by a learnable codebook C. The

quantized codes wq ∈ Wq are then fed into the synthesis net-

work to generate images. (II) The codebook initialization aligns

the codebook codes with features extracted from the training data,

embedding external knowledge into the codebook.

Recently, numerous studies [13, 14, 19, 26, 30, 32, 51,

60] have utilized Generative adversarial networks (GANs)

to train models with limited image samples, showcasing a

promising future. A core issue they aim to address is the

discriminator’s overfitting problem when trained with lim-

ited data. The most direct solution is augmentation, in-

cluding traditional [50, 61], differentiable [60], and adap-

tive [30] methods to augment real or generated data. How-

ever, these methods require customized manual design for

different datasets, lack scalability, and limit augmentation

types to a finite range [30]. Additionally, augmentations

may distort the original image semantics (see Fig. 4a),

leading to a decline in generation quality. As a comple-

ment, model regularization techniques address discrimina-

tor degradation by enhancing robustness [14, 32, 38, 58, 62]

and diversity [13, 14, 32] of the discriminator’s representa-

tions, stabilizing learning dynamics during training [19, 51].

Among these, robust representations of the discriminator
are paramount.

Consistency regularization (CR) methods [58, 62] offer

an alternative perspective to encourage the discriminator to
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capture more robust features. These methods introduce an

auxiliary term that compels the discriminator to produce

consistent scores for input images (both generated and real)

and their augmented versions. Particularly, Zhao et al. [62]

propose generating samples from two adjacent latent vari-

ables, z and its perturbed version z + ε in the prior space

Z , using them as implicit augmentations to enforce consis-

tency. This strategy circumvents the limitations of manual

augmentation design and achieves impressive results. How-

ever, under limited data conditions, the effective exploita-

tion of Z becomes challenging [14, 32]. This inadequacy

may result in significant disparities in authenticity between

images generated from z and z + ε, which, if forced to be

evaluated consistently by the discriminator, could impair its

effectiveness.

Our analysis highlights a key problem: how to effec-

tively exploit the prior space Z with limited data such that

two adjacent latent variables, z and z + ε, generate di-

verse yet equally authentic images. The challenge resides

in the inherent conflict between limited data and the com-

prehensive exploration of Z . Drawing inspiration from vec-

tor quantization (VQ) techniques [18, 44, 53, 63], we con-

sider compressing the representation of latent variables into

a more compact and structured discrete space making each

encoding more semantically rich and explicit, thus facilitat-

ing subsequent sampling to generate more diverse and con-

sistent images.

In this paper, we introduce a style space quantization

technique (SQ-GAN) aimed at optimizing the consistency

regularization of the discriminator, enhancing the robust-

ness of its extracted features, and mitigating GAN train-

ing degradation in scenarios with limited samples. As il-

lustrated in Fig. 1, we embed the input latent variables z
into an intermediate latent space W , akin to StyleGAN [29].

The intermediate variable w ∈ W is typically interpreted

as a less entangled ”style,” governing various high-level

attributes of the generated images [29]. We segment w
into s sub-vectors, {ŵi}si=1, each corresponding to dif-

ferent aspects or subsets of attributes. These segmented

latent variables are then quantized to their nearest neigh-

bors in a learnable codebook, enabling each quantized code

ŵq
i to control distinct factors of variation. For image

generation, the quantized codes are concatenated (wq =
[ŵq

1, ŵ
q
2, . . .] ∈ Wq) and fed into the synthesis network.

In a limited data setting, exploring this smaller, more com-

pact proxy space Wq is more feasible than directly explor-

ing W . This design effectively compels the intermediate

latent variables w to be recombined from a limited set of

distinct discrete sub-vectors ŵq , allowing the generator to

assign explicit meanings to each sub-vector.

Furthermore, we introduce a novel codebook initializa-

tion (CBI) method, which is crucial for capturing the in-

trinsic semantic structure of the training data. This method

maps the codebook’s codes and images from the training

dataset to feature space using a foundation model, such as

CLIP [42]. Then, it aligns these two sets of features us-

ing optimal transport distance, initializing the codebook in

a manner that abstractly describes the training dataset. This

alignment embeds external knowledge into the codebook,

pre-establishing a semantically rich vocabulary of the train-

ing dataset. Our contributions are fourfold:

• As far as we know, this is the first work to introduce style

space quantization to enhance GAN training with limited

data.

• A novel method for quantizing in the intermediate la-

tent space to enhance discriminator consistency regular-

ization.

• An innovative codebook initialization technique that in-

corporates external knowledge, pre-establishing a seman-

tically rich vocabulary for the codebook.

• Comprehensive experiments demonstrating the effective-

ness of our approach.

2. Related work

2.1. Advancements in GANs
Generative adversarial networks (GANs) [20] are a ground-

breaking framework designed to minimize the Jensen-

Shannon (JS) divergence between real and synthetic data

distributions. Since its inception, extensive research has ex-

tended this framework by exploring a variety of adversar-

ial loss functions that target different divergences or dis-

tances, such as the chi-squared (χ2) divergence [34], to-

tal variation distance [59], and integral probability metrics

(IPMs) [3, 47]. These efforts have aimed to enhance the

stability and convergence of GAN training, addressing the

initial challenges associated with the original GAN frame-

work. The evolution of GANs has led to substantial en-

hancements in the quality and diversity of generated im-

ages. These advancements are attributed not only to the re-

finement of objective functions but also to the development

of sophisticated neural network architectures [36, 37, 57]

and robust training methodologies [16, 28, 33, 56]. No-

table among these developments are BigGAN [6] and Style-

GAN [29, 31], which have set new benchmarks by produc-

ing high-resolution images with intricate details and varied

styles.

2.2. GAN Training with limited data
Training GANs with limited data poses significant chal-

lenges, primarily due to the discriminator’s tendency to

overfit, which can degrade the quality of generated sam-

ples [23, 55]. Data augmentation [30, 49, 58, 60–62] has

emerged as a solution by enriching the dataset through

transformations that diversify the original data. However,

applying augmentation to GANs requires careful consider-
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ation to avoid altering the target distribution or introduc-

ing artifacts. Recent research has introduced GAN-specific

augmentation methods, such as differentiable [60], adap-

tive [30], and generative [61] augmentations, which address

these challenges effectively.

In addition to data augmentation, model regularization

offers another strategy to enhance GAN training. Vari-

ous regularization techniques have been explored, includ-

ing noise injection [2, 25, 46], gradient penalties [22, 35],

spectral normalization [36, 37], and consistency regulariza-

tion [58, 62]. Recent innovations, such as the LC regu-

larization term [51], which modulates the discriminator’s

evaluations using two exponential moving average variables

and connects to a type of f -divergence known as LeCam

divergence [8], have proven beneficial. Additionally, Dig-

GAN [19] addresses the gradient discrepancy between real

and synthetic images by reducing this gradient gap, thus

enhancing GAN performance. Furthermore, studies have

explored various methods to introduce external knowledge

into the discriminator, such as using pre-trained models as

additional discriminators [32], aligning the discriminator’s

features with those of a pre-trained model through knowl-

edge distillation [14], or fixing the highest resolution layer

of the discriminator by pre-training its parameters on a

larger dataset [38].

2.3. Codebook learning for image generation
Recent works have focused on image quantization and syn-

thesis through codebook learning. The VQ-VAE model [53]

and its successor, VQ-VAE-2 [44], enabled high-resolution

image generation by capturing latent representations using

discrete symbols, which facilitate efficient indexing and re-

trieval. Chen et al. [9] improved quality and efficiency

within these codebook constraints, while VQ-GAN [18]

further enhanced image quality by integrating adversar-

ial and perceptual losses. Building on these foundations,

DALL-E [43] showcased the effectiveness of discrete rep-

resentations in generating images from text. The VQ-

Diffusion Model [21] combined vector quantization with

diffusion processes for superior results.

In contrast to these approaches, we introduce a novel

style space quantization scheme specifically designed for

GAN training with limited data. This method leverages the

compact and structured properties of codebooks to effec-

tively capture and exploit the intrinsic semantic structures

present in small datasets.

3. Preliminary

3.1. Generative adversarial networks
Generative adversarial networks (GANs) [20] consist of two

core components: the generator g and the discriminator fD.

The generator synthesizes data samples by transforming a

random noise vector drawn from a prior distribution pz
(typically N (0,1)). The discriminator, on the other hand,

evaluates the real samples and these generated samples to

assess their authenticity. The performance of the generator

and discriminator is optimized through the following loss

functions:

Ladv(g) = E[1− log fD(g(z))], (1)

Ladv(fD) = −E[log fD(x)]− E[log(1− fD(g(z)))], (2)

where x ∈ R
h×w×c represents real data, and h, w, and c

denote the height, width, and channel dimensions, respec-

tively.

3.2. Consistency regularization
Recent studies [58] have introduced a latent consistency

regularization (CR) term to ensure that the discriminator’s

predictions for two images generated from a latent variable

z and its perturbed version z + ε remain consistent:

Lcr(fD) = λfDE
[‖fD(g(z))− fD(g(z + ε))‖2] . (3)

To enhance the generator’s sensitivity to variations in the

prior distribution, thereby increasing the diversity of gener-

ated samples, CR additionally imposes a constraint on the

generator:

Lcr(g) = −λgE
[‖g(z)− g(z + ε)‖2] , (4)

where ε ∼ N (0, σI), σ represents the perturbation strength,

set to σ = 0.1 in the experiments, and λfD and λg are hy-

perparameters that balance the contributions of the respec-

tive terms.

3.3. Challenges in CR
Conceptually, reducing the discriminator’s sensitivity to

perturbations in the input latent variable to promote invari-

ance to distortions can enable the extraction of more robust

features. However, under limited data conditions, the ex-

ploration of the generator’s input latent space may be insuf-

ficient. This insufficiency could result in a discontinuous

mapping from latent variables to data points, leaving por-

tions of the latent space underpopulated. Consequently, it

is not guaranteed that adjacent latent variables z and z + ε
will consistently map to corresponding data points, poten-

tially degrading the effectiveness of CR.

As shown in Fig. 4b, the sparse nature of the input latent

space may lead to significant differences in the realism of

generated images g(z) and g(z + ε). In such cases, if the

discriminator is forced to evaluate these images with con-

sistent criteria, it may encounter difficulties, leading to sub-

optimal results in CR. To mitigate this issue, we propose a

novel approach that incorporates intermediate latent space

quantization.
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Figure 2. The overall framework of SQ-GAN. (a) Style quantization. For a batch of intermediate variables w, we apply an intermediate

latent space quantization technique, segmenting and quantizing them using a hyperspherical codebook. The concatenated discrete codes are

directly fed into the generator for image synthesis. (b) Knowledge-enhanced codebook initialization. We perform an alignment strategy

grounded in optimal transport distance to embed semantic knowledge from foundation models into the codebook. The transformation

and transmission of latent variables and features occur within the corresponding latent space, as illustrated at the top of the figure. Our

framework constructs a vocabulary-rich codebook, which ensures that the entries within the codebook adequately represent a diverse and

compact set of image features, suitable for image generation in limited data scenarios.

4. Style Quantization
Our goal is to provide GANs with a more compact and

structured input latent space, enabling more feasible and ef-

fective exploitation of the input latent space under limited

data conditions, thereby enhancing the performance of the

consistency regularization (CR). We propose an intermedi-

ate latent space quantization technique that segments the in-

termediate latent variables and quantizes them into a learn-

able codebook. To ensure each codebook entry explicitly

controls different factors of variation, we introduce unifor-

mity constraints. Finally, we present a novel quantization-

based CR method.

4.1. Style space
In the generator architecture, the input latent variable z ∈ Z
is mapped to a less entangled intermediate latent space W
using a non-linear mapping function fW : R

dz → R
dw ,

akin to StyleGAN [29]. Here, dz and dw denote the di-

mensions of the input latent variable z and the mapped in-

termediate latent variable w ∈ W , respectively. The inter-

mediate latent variable w influences each layer of the sub-

sequent synthesis network g via affine transformations, ef-

fectively functioning as ”style” to control various high-level

attributes of the generated images. Therefore, we term the

intermediate latent space W as the style space.

4.2. Proxy space
To establish an ideal mapping between the style space W
and the data points, we propose a novel style space quanti-

zation method, termed style quantization GAN (SQ-GAN),

to construct a compact, structured, and discrete proxy space
Wq that better fits limited datasets.

As illustrated in Fig. 2a, to achieve finer-grained control

over the feature space and capture more detailed informa-

tion, we partition each intermediate latent variable w into

s sub-vectors {ŵi}si=1 ⊂ R
s×(dw/s). We set dw/s = 4 to

balance the trade-off between the number of partitions and

image quality. Each sub-vector ŵi is optimized to man-

age specific details or attributes. Subsequently, we quantize

each sub-vector ŵi to the nearest item in a learnable code-

book C, resulting in a quantized sub-vector ŵq
i :

ŵq
i =

(
arg min

cj∈C
‖ŵi − cj‖

)
∈ R

(dw/s), (5)

where cj is the j-th entry in the codebook C ⊂ R
k×(dw/s),

and k denotes the number of codebook entries. This ap-

proach represents each original wi as a set of s quantized

discrete representations {ŵq
i }si=1. Finally, the synthesis

network g generates a high-quality image x̃ = g(ŵq) from

the latent code wq ∈ Wq , formed by concatenating the

quantized codes {ŵq
i }si=1:

wq = [ŵq
1, ŵ

q
2, . . . , ŵ

q
s ] ∈ R

dw . (6)

Thus, the proxy space Wq is defined as the Cartesian prod-

uct of the s codebooks, Wq = C1 × C2 × . . .× Cs.
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4.3. Loss function
We define the following loss functions to train our model

end-to-end:

L(g, fW , C,P ) = Ladv(g) + λsq(Lsq(fW , C) +Luf(C,P )),
(7)

L(fD) = Ladv(fD) + λqcrLqcr(fD), (8)

where λsq and λqcr are hyperparameters that balance the

contributions of the corresponding terms. In our experi-

ments, we set λsq = 0.01 and λqcr = 0.01.

Adversarial losses Ladv(g) and Ladv(fD) The adversar-

ial losses, defined in Eq. (1) and Eq. (2), are designed to

optimize the generator g and the discriminator fD.

Style quantization loss Lsq(g) The style quantization

loss [53] optimizes the distance between the split latent vari-

able ŵ and the corresponding codebook representation C:

Lsq(fW , C) = ‖sg (ŵ)− c‖22 + β‖ŵ − sg (c) ‖22, (9)

where sg(·) is the stop-gradient operator, and the second

term, scaled by β, is a so-called “commitment loss” that

prevents the learned codes in C from growing arbitrarily. To

handle the non-differentiable operation in Eq. (9), we em-

ploy the straight-through gradient estimator, which allows

gradients from the synthesis network g to flow directly to

the mapping network fW during backpropagation.

Uniformity regularization Luf(C,P ) To prevent code-

book collapse during limited data training, we impose a

uniformity constraint on the codebook C. We first project

the codebook C onto a unit hypersphere using a learn-

able projection matrix P and l2 normalization, such that

c̄i = Pci/‖Pci‖2. The uniformity problem on the unit hy-

persphere is characterized by minimizing the total pairwise

potential based on a specific kernel function [5, 12]. Fol-

lowing [54], we employ the Radial Basis Function (RBF)

kernel, which can encapsulate a broad spectrum of kernel

functions [11]:

Luf(C,P ) = logE
[
exp

(−t‖c̄i − c̄j‖22
)]

, (10)

where t > 0 is a fixed scale parameter. This regulariza-

tion promotes uniform distribution of feature codes on the

unit hypersphere, ensuring diverse and mean-explicit codes

within the codebook throughout training.

Quantization-based consistency regularization Lqcr In

quantization-based CR, we enforce consistency in the dis-

criminator’s predictions for images generated from quan-

tized intermediate latent variables wq and their perturbed

versions. The perturbed intermediate latent variable is ob-

tained by adding Gaussian noise ε (same as CR) to the orig-

inal input latent variable z, then mapping it to the interme-

diate latent variable w′ = fW(z + ε), and quantizing it via

the codebook C to get w′q . The quantization-based CR loss

is defined as:

Lqcr(fD) = E
[‖fD(g(wq))− fD(g(w′q))‖2] . (11)

This form of regularization ensures that even minor pertur-

bations in the latent space, leading to different quantized

representations, result in consistent evaluations by the dis-

criminator.

5. Knowledge-Enhanced Codebook Initializa-
tion

Our approach aims to ensure that the codes within the

codebook properly represent various image features, subse-

quently using their combinations to correspond to specific

data points. However, deriving such codes from a limited

training dataset is a non-trivial task. To address this, we pro-

pose an alignment strategy based on optimal transport dis-

tance for codebook initialization (CBI). This method lever-

ages the semantic knowledge embedded in foundation mod-

els to construct a richer vocabulary for the training dataset.

5.1. Feature extraction
As depicted in Fig. 2b, we begin by utilizing a founda-

tion model to encode both the images in the dataset and

the codes (quantized sub-vectors) in the codebook into their

respective feature spaces. Given that the initialization of

the codebook is essentially a pairing task, we leverage

CLIP [42], a widely adopted large-scale vision-language

pre-trained model. The extensive pretraining of CLIP en-

ables the exploration of semantic correspondences between

visual and linguistic modalities.

Image encoding In the image encoding process, we di-

rectly employ CLIP’s visual encoder to extract image fea-

tures. Specifically, given a batch of n real images {xi}ni=1

from a limited dataset, we extract the features for each im-

age, fi = φ(xi) ∈ R
l×de , using CLIP’s visual encoder

φ. Here, l represents the image token sequence length,

and de denotes the embedding dimension of the image

feature. Consequently, we obtain a set of image features

F = {fi}ni=1 ⊂ R
n×l×de .

Code embedding Consider m latent variables {zi}mi=1

sampled from the prior distribution. These are first mapped

to the style space W and then quantized into the discrete

proxy space Wq . To align with the Transformer architec-

ture, the quantized sub-vectors {ŵq
i }mi=1 ⊂ R

m×s×(dw/s)

are passed through a trainable MLP layer, transforming
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them into variables with the same embedding dimension as

the input tokens. These transformed variables are then pro-

cessed by a specific Transformer structure. In our imple-

mentation, we utilize CLIP’s text encoder, ψ, which offers

a critical advantage: the features derived from both the vi-

sual and text encoders are already closely aligned, thereby

reducing feature discrepancy and accelerating training con-

vergence. Thus, we map the m quantized discrete codes

{ŵq
i }mi=1 to the feature space, resulting in the feature set

T = {ti}mi=1 ⊂ R
m×s×de .

It is important to highlight that we treat these discrete

codes as analogous to text encodings composed of words

from a vocabulary. Consequently, the initialized codebook

can be viewed as a vocabulary that abstractly describes the

image features within the dataset.

5.2. Aligning via optimal transport distance
Given that the images and latent variables in each batch are

unpaired, and considering the differences in semantic struc-

ture and interpretation between the image feature F and the

code embedding T , we employ the optimal transport (OT)

distance as an effective metric to quantify their discrepancy.

Optimal transport distance Consider two distributions

of features generated by a neural network: {fxi }ni=1,

with corresponding weights (marginal distribution) p =
{pi}ni=1, and {fyj }mj=1, with weights q = {qj}mj=1. The

objective is to determine a transport plan γ ∈ R
n×m that

minimizes the total transportation cost of mapping one fea-

ture distribution to the other. The OT problem is formally

defined as:

D(p, q|C) = min
γ∈Rn×m

〈γ,C〉

= min
γ∈Rn×m

n∑
i=1

m∑
j=1

γijc(fxi , fyj ),

subject to

m∑
j=1

γij = pi ∀i ∈ {1, . . . , n},

n∑
i=1

γij = qj ∀j ∈ {1, . . . ,m},

(12)

where c(fxi , fyj ) represents the cost of transporting a unit of

mass from feature fxi to fyj , and 〈γ,C〉 denotes the Frobenius

inner product of γ and the cost matrix C. Directly solv-

ing this problem is computationally intensive, especially in

high-dimensional feature spaces. To mitigate this, we em-

ploy the Sinkhorn divergence algorithm [15], which incor-

porates an entropic regularizer to accelerate computation.

Detailed derivations can be found in Appendix A.

Alignment Given the marginal distributions p and q of

discrete code embeddings T = {ti}mi=1 ⊂ R
m×s×de and

visual features F = {fi}ni=1 ⊂ R
n×l×de , alongside the

corresponding cost matrix C, the optimal transport plan γ∗

is obtained by solving equation (12). For simplicity, we

initialize p and q as uniform distributions, i.e.,

pi =
1

s
, ∀i ∈ {1, . . . , s}, qj =

1

l
, ∀j ∈ {1, . . . , l}.

(13)

The cost matrix C is computed by:

Cj,k = c(j, k) := d(t·j , f·k) 1 ≤ j ≤ s, 1 ≤ k ≤ l,
(14)

where d(·, ·) denotes the distance metric (e.g., Euclidean

distance or cosine distance) serving as the transport cost

function c between corresponding components of feature ti
and fi.

After computing γ∗, we define the optimal transport loss

between the two features, T and F , to achieve the align-

ment:

Lot(fW , C) = E [d(T ,F ) · γ∗] . (15)

During the codebook initialization phase, we optimize the

weighted sum of the OT loss Lot along with the two addi-

tional loss terms (9) and (10). The overall loss function is

defined as:

L(fW , C,P ) = Lsq(fW , C) + Luf(C,P ) + Lot(fW , C).
(16)

6. Experiments
Experimental settings To evaluate the performance of

our proposed SQ-GAN, we conduct experiments on four

widely used datasets in the image generation under limited-

data setting research field: Oxford-Dog (from Oxford-IIIT

pet dataset [39], detailed in Appendix B), Flickr-Faces-HQ

(FFHQ) [29], MetFaces [30], and BreCa-HAD [1]. The

datasets are resized to 256×256 pixels for training. Detailed

descriptions of these datasets are provided in Appendix B.

We adopt the evaluation metrics: Inception Score (IS)

[45], Fréchet Inception Distance (FID) [24], and Kernel

Inception Distance (KID) [4] to evaluate our models. The

official implementations of these metrics, as provided by

[31], are used for all evaluations. For the formal definition

of the metrics, see Appendix B.

6.1. Comparison with SOTA
We conducted an extensive evaluation of our proposed SQ-

GAN model against several state-of-the-art models under

diverse experimental conditions. To ensure the validity of

our comparisons, we used StyleGAN2 [31] as the founda-

tional architecture, retraining all models from scratch across

all datasets. All metrics were computed using the same

tool, ensuring consistency in measurement. The results of

this comprehensive comparison are presented in Table 1
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Method Oxford-Dog FFHQ-2.5k
FID ⇓ IS ⇑ FID ⇓ IS ⇑

StyleGAN2 [31] 64.26 9.69 48.11 3.50

GAN loss functions

+ Wasserstein [22] 82.18 9.94 38.64 4.11

+ LS [34] 216.42 2.69 213.93 2.17

+ RaHinge [27] 38.68 11.14 32.34 3.96

Regularization act on discriminator

+ LeCam [51] 102.87 8.02 68.85 3.53

+ DigGAN [19] 61.84 10.07 48.45 3.68

+ KD-DLGAN [14] 54.06 9.73 49.31 3.67

+ CR [58] 48.73 10.47 41.43 4.06

+ SQ-GAN (ours) 36.30 11.52 25.38 4.17

+ SQ-GAN + CBI (ours) 35.01 12.44 22.04 4.20

Table 1. Comprehensive comparison with SOTA methods across

various settings on the Oxford-Dog and FFHQ-2.5K datasets,

implemented within the StyleGAN framework, as they are all

architecture-agnostic. CBI denotes our knowledge-enhanced

codebook initialization process. ⇑ denotes that higher values are

preferable, while ⇓ indicates that lower values are better.

(a) Oxford-Dog (b) FFHQ-2.5K

Figure 3. Evolutions of FID (⇓) scores during training on the

Oxford-Dog and FFHQ-2.5K datasets.

and Fig. 3. Our baseline includes a variety of GAN loss

functions, architectures, and regularization techniques. The

findings demonstrate that our approach consistently outper-

forms the benchmarks across all metrics and datasets, show-

casing its superior capability in limited data environments.

Further generated images can be found in Appendix C.

In addition, we conducted further experiments on two

particularly small datasets, MetFaces and BreCaHAD, con-

sisting of only 1,203 and 1,750 training images, respec-

tively. The outcomes, as shown in Table 2, reveal that

our model effectively addresses the challenges of extremely

limited data scenarios, surpassing the performance of other

state-of-the-art methods. To ensure a comprehensive eval-

uation, we also integrated the ADA strategy [30] into our

experiments. As illustrated in Table 2, the combination of

our method with ADA outperforms the configuration of CR

with ADA, as well as all other tested configurations. This

further emphasizes the effectiveness of our approach when

paired with advanced augmentation techniques.

In Table 3, we compare our approach with vari-

ous GAN architectures and techniques, including DC-

GAN [41] and SNGAN [37], as well as different improve-

Method MetFaces BreCaHAD
FID ⇓ IS ⇑ KID ⇓ FID ⇓ IS ⇑ KID ⇓

StyleGAN2 [31] 53.21 3.16 0.035 97.06 3.10 0.095

+ LeCam [51] 56.67 2.43 0.102 83.74 2.51 0.046

+ CR [58] 48.89 3.24 0.029 80.72 2.92 0.058

+ DigGAN [19] 53.97 3.09 0.031 105.45 3.05 0.095

+ KD-DLGAN [14] 54.05 3.11 0.029 86.25 3.26 0.083

+ ADA [30] 28.10 4.29 0.006 23.90 3.04 0.019

+ CR + ADA 29.91 4.20 0.008 22.69 2.81 0.011

+ SQ-GAN (ours) 41.12 3.31 0.024 48.44 2.98 0.041

+ SQ-GAN + CBI (ours) 35.44 4.02 0.022 42.42 2.93 0.037

+ SQ-GAN + ADA (ours) 24.77 4.93 0.008 22.61 3.15 0.010

Table 2. Quantitative comparison on small (extremely limited)

datasets, MetFaces and BreCaHAD.

Method (64× 64) FID ⇓ IS ⇑

DCGAN

Vanilla [41] 107.33 3.23

+ Auxiliary rotations [10] 103.43 2.85

+ Dropout [48] 77.35 4.11

+ Noise [46] 86.13 5.40

SNGAN

Vanilla [37] 57.08 3.42

+ Auxiliary rotations [10] 54.85 3.63

+ Dropout [48] 48.54 4.02

+ Noise [46] 55.99 3.33

StyleGAN2
Vanilla [31] 24.16 10.37

+ SQ-GAN (ours) 18.96 11.41

Table 3. Comparison of various GAN architectures and techniques

on the Oxford-Dog dataset (64× 64).

ment strategies such as auxiliary rotation prediction [10],

dropout [48], and noise injection [46]. The results demon-

strate that our method significantly outperforms the tradi-

tional convolution-based DCGAN and the ResNet-based

SNGAN, highlighting the effectiveness of our approach.

6.2. Semantic similarity analysis
To further investigate the effectiveness of our method, we

conducted a semantic similarity analysis using the CLIP

model [42]. As shown in Figs. 4c and 4d, the semantic

similarity between the images and the corresponding cate-

gory text (e.g., a photo of a {dog}) is significantly improved

when using our method. This suggests that our model can

effectively disentangle and represent the semantic informa-

tion within the latent space, leading to more semantically

meaningful and interpretable features. The results of this

analysis are consistent with the quantitative evaluation, fur-

ther validating the effectiveness of our method.

6.3. Ablation study
In this section, we begin with ablation studies to examine

the effect of code dimension and the role of uniformity reg-

ularization within SQ-GAN. We then delve into additional

factors that could influence overall performance. Specifi-

cally, we document the usage of the codebook during the

inference phase (i.e., the proportion of codebook entries ac-

tually utilized by the quantized vectors) to indicate how ef-

ficiently the codebook is being utilized and the extent of ef-
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(a) Φ(x) and Φ(ADA(x)) (b) |Φ(g(z))− Φ(g(z + ε))| (c) Φ(g(z)) (d) Φ(g(z + ε))

Figure 4. Distribution of semantic similarity. We compute the cosine similarity between the features extracted from the image and semantic

information from category text using the CLIP model, denoted as Φ(·).

(a) Oxford-Dog (b) FFHQ-2.5K

Figure 5. Evolutions of FID (⇓) scores during training on the

Oxford-Dog and FFHQ-2.5K datasets with different code dimen-

sions.

Config. Code dimension Uniformity Initialization Usage(%) Oxford-Dog
1 2 4 8 16 32 FID ⇓ IS ⇑
� � � 58.98 37.93 11.23

� � � 75.50 37.71 11.06

� � � 76.63 36.30 11.02

� � � 69.18 38.60 11.02

� � � 72.11 42.45 11.26

� � � 71.01 45.33 11.01

� � � 69.90 40.17 10.98

SQ-GAN � � � 76.63 36.30 11.52

SQ-GAN + CBI � � � 78.55 35.01 12.44

Table 4. Ablation Studies of variant code dimension, unifor-

mity regularization and codebook initialization on the Oxford-Dog

dataset.

fective feature compression. Unless otherwise specified, all

the ablation experiments are conducted on the Oxford-Dog

dataset [39].

Effects of Code Dimension In Fig. 5 and Table 4, we in-

crementally increased the code dimension of the codebook

(dw/s) in our SQ-GAN from 1 to 32. The results show that

when the code dimension is set to 4, the model’s perfor-

mance significantly improves. However, further increasing

the code dimension does not yield additional improvement.

This suggests that a code dimension of 4 is sufficient to

capture the essential features of the data distribution, while

higher dimensions may introduce unnecessary complexity

and stability issues. This finding is consistent with the re-

sults of our comprehensive comparison.

Effects of codebook uniformity As demonstrated in Ta-

ble 4, the improvement in the usage of codebook entries

is markedly greater compared to settings without unifor-

mity regularization, indicating that the discrete features

learned in the codebook are more compact and representa-

tive. Additionally, we observe enhanced performance met-

rics when uniformity regularization is employed, highlight-

ing how uniformity contributes to improving the represen-

tational quality of the codebook.

Effects of codebook initialization In Table 4, we con-

ducted an ablation study by replacing this knowledge-based

initialization (i.e., “+ CBI”) with random initialization. The

results show a significant reduction in codebook usage

(compared to the ”+ CBI” setup with a code dimension

of 4), along with a decreased performance on FID. How-

ever, even with random initialization, the performance of

the codebook remains competitive with other methods (as

shown in Table 1). This indicates that our approach gen-

erates a more robust and expressive codebook when the

knowledge-enhanced initialization method is employed. A

more detailed discussion and theoretical analysis are pro-

vided in Appendix A.

7. Conclusion

In this study, we introduced a style space quantization

method, leveraging codebook learning to enhance consis-

tency regularization within the discriminator, particularly

in limited-data scenarios. Furthermore, we advocate a pi-

oneering approach to codebook initialization that incorpo-

rates external semantic knowledge from foundation mod-

els, thereby crafting a vocabulary-rich and perceptually di-

verse codebook. Extensive experiments across various tasks

and datasets demonstrate that our approach results in high-

quality image generation under limited data conditions.

The discrete proxy space Wq we constructed serves as an

advanced abstraction of the original W space, offering a

more compact representation for image generation. Conse-

quently, this paves the way for future research on stylized

image generation, editing, and studies on attribute disentan-

glement and interpretability within the W space.
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[2] Martı́n Arjovsky and Léon Bottou. Towards principled meth-

ods for training generative adversarial networks. In 5th In-
ternational Conference on Learning Representations, 2017.

3

[3] Martı́n Arjovsky, Soumith Chintala, and Léon Bottou.
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[52] Aäron van den Oord, Sander Dieleman, Heiga Zen, Karen

Simonyan, Oriol Vinyals, Alex Graves, Nal Kalchbrenner,

Andrew W. Senior, and Koray Kavukcuoglu. Wavenet: A

generative model for raw audio. In The 9th ISCA Speech
Synthesis Workshop, page 125, 2016. 1
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[59] Junbo Jake Zhao, Michaël Mathieu, and Yann LeCun.

Energy-based generative adversarial networks. In 5th Inter-
national Conference on Learning Representations, 2017. 2

[60] Shengyu Zhao, Zhijian Liu, Ji Lin, Jun-Yan Zhu, and Song

Han. Differentiable augmentation for data-efficient GAN

training. In Advances in Neural Information Processing Sys-
tems 33: Annual Conference on Neural Information Process-
ing Systems 2020, 2020. 1, 2, 3

[61] Zhengli Zhao, Zizhao Zhang, Ting Chen, Sameer Singh, and

Han Zhang. Image augmentations for GAN training. CoRR,

abs/2006.02595, 2020. 1, 3

[62] Zhengli Zhao, Sameer Singh, Honglak Lee, Zizhao Zhang,

Augustus Odena, and Han Zhang. Improved consistency reg-

ularization for gans. In Thirty-Fifth AAAI Conference on Ar-
tificial Intelligence, pages 11033–11041, 2021. 1, 2, 3

[63] Shangchen Zhou, Kelvin C. K. Chan, Chongyi Li, and

Chen Change Loy. Towards robust blind face restoration

with codebook lookup transformer. In Advances in Neural
Information Processing Systems 35: Annual Conference on
Neural Information Processing Systems 2022, 2022. 2

7706



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


