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Abstract
Diffusion models are powerful generative frameworks for producing high-quality images by denoising latent variables from
random noise. However, training with likelihood-based objectives, such as denoising score matching, can lead to locally over-
smoothed high-frequency details, including fine textures and sharp edges, thereby limiting perceptual fidelity and structural
detail. Adversarial training with GANs enhances sharpness but typically requires additional discriminator networks, increasing
computational costs and destabilizing training. To this end, we propose Latent Diffusion Generative Adversarial Networks
(LD-GAN), a novel framework that seamlessly integrates adversarial learning into diffusion models without modifying their
original pipeline. LD-GAN leverages the pretrained variational autoencoder (VAE) in latent diffusion models as an energy-
based discriminator, enabling adversarial training without extra parameters and preserving the structured latent priors learned
from large datasets. We also introduce a structural consistency energy that aligns encoder and decoder feature representations,
thereby enhancing perceptual quality and compatibility with the pretrained latent space. Extensive experiments demonstrate
that LD-GAN significantly improves sample fidelity, perceptual sharpness, and diversity over state-of-the-art baseline methods
across various generation tasks while ensuring efficient training dynamics.

CCS Concepts
• Computing methodologies → Computer vision;

1 Introduction

Generative modeling has progressed significantly, with diffusion
models [HJA20; SWMG15] emerging as a powerful framework for
high-quality image synthesis. Diffusion models iteratively refine
noisy inputs through denoising steps, achieving remarkable results
in text-to-image generation [JKK*25; RBL*22] and video synthe-
sis [SPH*23]. Despite their impressive generative capabilities, dif-
fusion models primarily optimize likelihood-based objectives for
statistical realism but often lack perceptual sharpness and structural
coherence. It often leads to blurry textures, loss of fine details, and
suboptimal performance in high-resolution synthesis tasks [DN21;
VKK21].

Generative Adversarial Networks (GANs) [GPM*14], in con-
trast, are well known for generating sharp and realistic images by
leveraging a discriminator to ensure perceptual fidelity. Recent ef-
forts have integrated diffusion models with adversarial training,
combining the structured sampling of diffusion models with the
high-fidelity generation of GANs [WZH*23; SHCS22; NGH*22].
Diffusion-GAN [WZH*23] integrates adversarial loss into the dif-
fusion framework, improving sample fidelity but facing challenges

† Corresponding author.

in stabilizing adversarial optimization. Adversarial diffusion distil-
lation [SHCS22] distills knowledge from a diffusion model into
a compact adversarially trained generator, while adversarial pu-
rification [NGH*22] applies diffusion models to remove adver-
sarial perturbations. Despite these advances, adversarial training
in diffusion models remains challenging due to instability, addi-
tional discriminator requirements, and potential conflicts between
likelihood-based objectives and adversarial constraints.

To address these limitations, we propose Latent Diffusion Gen-
erative Adversarial Networks (LD-GAN), a novel framework that
integrates adversarial learning into diffusion models while pre-
serving their training pipeline. Unlike previous approaches that re-
quire an additional discriminator network, LD-GAN leverages the
variational autoencoder (VAE) structure within the latent diffu-
sion model as an energy-based discriminator. Inspired by Energy-
Based GANs (EB-GANs) [ZML17], we reformulate the discrimi-
nator as an energy function that assesses the consistency between
latent codes and reconstructions generated by the VAE’s encoder
and decoder. The proposed architecture is illustrated in Fig. 1.
Specifically, LD-GAN introduces an adversarial objective in the
latent space, where positive (i.e., real) samples are drawn from
intermediate noisy latents zt ∼ U(0,T ), and negative (i.e., fake)
samples are obtained by partially denoising noise-corrupted latents
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(e.g., ẑt = UNet(zt + ϵ)). The representations are assessed using an
energy-based discriminator composed of the VAE decoder and en-
coder in the latent diffusion model, evaluating reconstruction con-
sistency in latent and feature spaces. This formulation enables ad-
versarial training without modifying the original diffusion pipeline,
and the pretrained VAE components allow LD-GAN to inherit the
structured latent prior learned from large-scale datasets, enhancing
training stability and sample fidelity.

A key challenge in adversarially training diffusion models is bal-
ancing adversarial loss with the likelihood-based denoising objec-
tive. Traditional adversarial training can introduce instability, of-
ten leading to mode collapse or loss of structural fidelity [DN21;
SME21]. Direct adversarial training can cause the diffusion model
to diverge from its structured generative prior, as the discriminator
and generator optimize competing objectives. To address this, we
introduce a structural consistency energy that enforces multi-scale
alignment between encoder and decoder features in the latent diffu-
sion model. This regularization prevents adversarial updates from
distorting latent structure and ensures that decoder fine-tuning re-
mains compatible with the pre-trained VAE prior. Our structural
consistency energy is self-contained, unlike conventional percep-
tual losses [ZIE*18], allowing for lightweight and effective per-
ceptual regularization.

Our main contributions are: (1) We introduce LD-GAN, an ad-
versarially trained diffusion model without an additional discrimi-
nator, reducing computational overhead while maintaining the gen-
erative prior; (2) We propose an energy-based discriminator that
repurposes the pretrained VAE encoder and decoder of the latent
diffusion to evaluate consistency between latent representations
and reconstructions; (3) We introduce a structural consistency en-
ergy that stabilizes training by aligning encoder and decoder fea-
tures, preserving structured priors, and improving perceptual qual-
ity; (4) Our method leverages the pretrained latent structures from
large-scale training to enable stable adversarial learning in the la-
tent space; (5) We demonstrate that LD-GAN enhances percep-
tual sharpness, structural coherence, and sample diversity in gen-
erative tasks, including text-to-image generation, conditional text-
to-image generation, and 2D-to-3D synthesis, establishing a robust
and generalizable adversarial framework for diffusion models.

2 Related Works

2.1 Generative Adversarial Networks (GANs)

Generative Adversarial Networks (GANs) [GPM*14] have sig-
nificantly advanced generative modeling by introducing an ad-
versarial framework in which a generator G synthesizes realistic
samples, and a discriminator D distinguishes real from generated
samples. Traditional GANs employ a classifier-based discrimina-
tor, whereas Energy-Based Generative Adversarial Networks (EB-
GANs) [ZML17] reformulate the discriminator as an energy func-
tion, establishing a structured separation between real and gener-
ated samples.

Energy-Based Formulation. In EB-GAN, the discriminator D(x)
assigns energy values to inputs x, encouraging lower energy for real
samples than generated ones. The discriminator is trained:

LD = D(x)+max(0,m−D(G(z))), (1)

where m is a positive margin enforcing separation between real and
fake energies. The generator minimizes the discriminator’s energy
for generated samples:

LG = D(G(z)). (2)

Advancements in Energy-Based Generative Models. Recent
work addressed EB-GAN’s limitations with self-supervised and
contrastive techniques. [SWCM21] combined contrastive learning
with energy-based models for out-of-distribution detection while
[TMJS20] employed self-supervised learning to improve anomaly
detection. However, EB-GAN variants are restricted to the image
domain, limiting adaptability to structured latent spaces. Moreover,
instability in energy-based training can arise from overfitting in the
energy function [DM19], indicating the need for further improve-
ments.

Relation to Our Work. We extend EB-GANs with autoencoding-
based energy formulation in the latent space instead of the image
domain, utilizing a VAE as an energy-based discriminator. Our dis-
criminator leverages autoencoding priors, providing structured ad-
versarial guidance over conventional pixel-based discrimination.

2.2 Diffusion Models with Adversarial Training

Denoising diffusion probabilistic models (DDPMs) [HJA20] are
generative models that add noise in a forward process and learn
to denoise in a reverse process. Extensions like DDIMs [SME21]
and improved diffusion models [KAAL22; ND21] enhance sam-
pling efficiency and image quality. Score-based methods, such as
NCSNs [SE19], leverage Langevin dynamics, while Latent Diffu-
sion Models (LDMs) [RBL*22] operate in a learned latent space to
lower computational costs.

Integrating Diffusion Models and Adversarial Approaches. Dif-
fusion models effectively cover data distributions but suffer from
slow sampling and overly smooth textures due to mean-squared
error objectives [VKK21; RBL*22]. GANs, in contrast, gener-
ate sharper details and offer faster inference but can experience
mode collapse [GPM*14]. Combining the broad coverage of dif-
fusion models with the high-fidelity detail of adversarial training
is therefore an appealing strategy. Recent studies show that syn-
thetic data from diffusion models can strengthen adversarial robust-
ness [WPD*23] and facilitate adversarial purification [NGH*22].
Furthermore, progressive distillation [SHCS22] transfers diffusion
strengths into a GAN framework, and Diffusion-GAN [WZH*23]
embeds an adversarial loss within diffusion, although stabilizing
the combined objectives remains challenging. While some recent
approaches [XKV22; XZXH24; KZB*24; YGZ*24] leverage ad-
versarial objectives to accelerate diffusion inference through distil-
lation or reduced-step sampling. The slow iterative process of dif-
fusion sampling motivates such research, but aggressive reduction
of sampling steps often degrades generation quality.

Challenges in Adversarially Training Diffusion Models. Merg-
ing adversarial and diffusion training, despite promising results,
presents several challenges. First, Min-Max GAN objective may
conflict with the likelihood-based diffusion, causing unstable op-
timization [DN21; SME21]. Second, suitable discriminator selec-
tion is challenging; pixel-space discrimination is common yet in-
efficient due to diffusion’s structured latent manifolds [XKV22].
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Third, adversarial objectives risk mode collapse, reducing sample
diversity [HJA20; SME21]. Moreover, the computational demands
of diffusion models require carefully designed noise schedules and
architectures for efficient training and sampling.

Improving Diffusion Models with Latent-Space Adversarial
Learning. A promising solution is adversarial training in a learned
latent space. Our framework stabilizes the diffusion training pro-
cess in a structured latent domain by incorporating a VAE or
similar architecture, reducing conflicts between adversarial and
likelihood objectives. This strategy enhances perceptual quality
through adversarial guidance while maintaining the broad cover-
age of diffusion-based methods. Since the proposed method op-
erates purely at training time and does not modify the diffusion
sampling procedure, it is compatible with existing inference accel-
eration techniques, such as fast samplers [WCHN22; LZB*25] or
diffusion distillation [KZB*24; YGZ*24].

3 Latent Diffusion GAN (LD-GAN)

3.1 Preliminaries

Our approach builds upon two key components: (i) denoising loss
in latent diffusion models for likelihood-based training, and (ii)
energy-based adversarial learning for structured discrimination.

Denoising Loss in Latent Diffusion Models. Denoising diffusion
probabilistic models (DDPMs) [HJA20] define a generative pro-
cess by iteratively refining noisy samples. Given an image x, a vari-
ational autoencoder (VAE) [KW14] encodes it into a latent rep-
resentation z0 = Enc(x). The forward diffusion process applies a
Markovian noising:

q(zt |zt−1) =N (zt ;
√

αtzt−1,(1−αt)I), (3)

where αt controls the noise accumulation rate. The reverse denois-
ing process is parameterized by a neural network ϵθ(zt , t) predicting
noise at each timestep:

pθ(zt−1|zt) =N (zt−1;µθ(zt , t),Σθ(zt , t)). (4)

The model is trained with a simplified denoising loss [HJA20]:

Ldenoise = Ez0,ϵ,t

[
∥ϵ− ϵθ(zt , t)∥2

]
, (5)

which minimizes the difference between predicted and true noise.
This formulation enables high-quality generation but lacks explicit
perceptual guidance, often leading to oversmoothed outputs.

Adversarial Training in Latent Space. Adversarial training has
been widely explored in generative models, particularly in GANs
[GPM*14]. Recent work on Energy-Based GANs (EB-GANs)
[ZML17; KLL21] introduced an energy function that replaces the
classifier-based discriminator, promoting structured sample separa-
tion. The discriminator assigns an energy value, where real samples
have lower energy than generated ones, instead of classifying them
as real or fake. The original EB-GAN was defined in pixel space, as
discussed in Sec. 3.2. However, adversarial learning in pixel space
may not fully leverage the structured representations in diffusion
models. To overcome this limitation, we propose integrating adver-
sarial training into the latent space of diffusion models.

Connecting Denoising and Adversarial Learning. Eq. (5) and the
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Figure 1: Overview of LD-GAN. The generated latent ẑt is pro-
duced by denoising z̃t = zt + ϵ using the generator (i.e., UNet).
At each timestep t, both the real latent zt and the generated la-
tent ẑt are evaluated by an energy-based discriminator composed
of VAE decoder and encoder. Unlike the standard encoder-decoder
structure of VAE, the decoder learns noise-aware features while the
frozen encoder anchors the latent code to the pretrained manifold.

energy-based formulation in Sec. 3.2 provide the basis for our LD-
GAN model. We introduce a novel training framework that en-
hances sample fidelity by combining likelihood-based training of
diffusion models with structured adversarial objectives.

Although latent spaces support semantic abstraction and smooth
interpolation [KW14; VKK21], enabling compact, diverse repre-
sentations, they lack structural cues [DN21; ZIE*18]. The proposed
method addresses this by defining energy over a decoder–encoder
cycle. A latent code is decoded into a structure-aware represen-
tation and re-encoded to measure reconstruction consistency. This
lets the discriminator capture both semantic and structural align-
ment, offering stronger inductive bias than latent-only methods.
Our approach builds on energy functions in cycle-consistency mod-
els [DM19], motivated by latent EBMs [PHN*20] and cyclic en-
ergy models [XZL21], where structure-preserving reconstruction
facilitates robust evaluation.

3.2 Adversarial Training with Latent Diffusion

In this section, we introduce Latent Diffusion Generative Adversar-
ial Networks (LD-GAN), a novel framework integrating adversarial
training into latent diffusion models. LD-GAN differs from earlier
adversarial learning methods using an additional discriminator net-
work [WZH*23] by directly utilizing the variational autoencoder
(VAE) in latent diffusion models as an energy-based discriminator.
This enables adversarial training without modifying the existing dif-
fusion pipeline, significantly reducing computational overhead.

Overview of LD-GAN. Standard diffusion models optimize an ob-
jective function based on likelihood, minimizing the denoising loss
defined in (5). This framework allows high-quality image synthe-
sis but lacks perceptual constraints, often leading to oversmoothed
outputs. To address this, we introduce adversarial learning in the la-
tent space, using an energy-based discriminator D(zt) to distinguish
real and generated latent codes at randomly selected timesteps. Our
method does not require a separate discriminator network, as we in-
tegrate the existing VAE structure from the latent diffusion model
itself. The proposed method is illustrated in Fig. 1.
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Energy-Based Discriminator via VAE Integration. Unlike conven-
tional GANs that use a separate discriminator in pixel space, we
define an energy-based discriminator by leveraging the decoder-
encoder consistency in the VAE structure. Given a latent code z at
timestep t, which can be either the real latent zt or the generated
latent ẑt , the discriminator energy is computed as follows:

D(z) =
1
d
∥z−Enc(Dec(z))∥2, (6)

where d is the latent dimensionality, and Enc(·) and Dec(·) denote
the VAE’s encoder and decoder in the latent diffusion model.

Unlike the encoder–decoder structure of the standard VAE, our
discriminator adopts a decoder-encoder structure. In this design, the
discriminator receives a latent code zt at timestep t as input, where
zt inherently reflects the noise level introduced by the diffusion pro-
cess. Since the noised latent zt follows a Gaussian distribution, it
can be reliably represented through the pretrained VAE decoder and
re-encoded by the encoder. This reversed flow allows the decoder in
the discriminator to be fine-tuned to capture variations in noise lev-
els, enabling the learning of timestep-aware features for t > 0 and
improving its ability to provide informative adversarial feedback
throughout the denoising process. In particular, the frozen encoder
anchors the latent code to the pretrained latent manifold, providing
a stable reference that guides decoder to learn noise-aware features
across timesteps.

To further enhance the robustness to the noise level of zt in
the timestep t, we replace group normalization with instance nor-
malization, which normalizes per sample and better handles noise
variation. Please refer Sec. 4.3.1 for more details. This normaliza-
tion keeps energy invariant to latent dimensionality, ensuring stable
training and consistent evaluation across timesteps. LD-GAN in-
corporates adversarial learning in the existing autoencoder frame-
work without modifying the original diffusion structure.

Efficient Training Without Interfering with Diffusion. To prevent ad-
versarial learning from disrupting the diffusion process, we freeze
the encoder update only the decoder during training. This allows
the model to leverage the structured latent space of the original
VAE while improving sample realism via adversarial learning. The
unchanged encoder preserves the generative prior of the original la-
tent diffusion model, preventing overfitting to the training dataset.
Our approach significantly reduces computational costs by intro-
ducing no extra trainable parameters beyond decoder fine-tuning.

Training Objectives for LD-GAN. The adversarial training in LD-
GAN builds upon the EB-GAN framework [ZML17], adapting it
to the latent space of diffusion models. We apply adversarial learn-
ing across randomly sampled timesteps t ∼ U(0,T ), ensuring that
the model learns to distinguish real and generated latents across all
diffusion stages. The discriminator loss is given by:

LD = Et∼U(0,T ) [D(zt)+max(0,m−D(ẑt))] , (7)

where zt represents the ground-truth latent representation at
timestep t, ẑt is the generator output at timestep t predicted by the
UNet of the latent diffusion model, and m is a positive margin of
the EB-GAN [ZML17].

Generator Objective and Inference Stability. The generator in LD-
GAN follows a hybrid loss formulation, incorporating both the
standard diffusion loss in (5) and an adversarial term:

LG = Ldenoise +λadvEt∼U(0,T )
[
Ladv,t

]
, (8)

where Ladv,t = D(ẑt) encourages the generator to produce samples
that receive lower energy from the discriminator at each randomly
sampled timestep. The coefficient λadv controls the balance be-
tween denoising and adversarial objectives. Furthermore, it is cru-
cial to emphasize that the decoder used for discriminator training
i.e., fine-tuned decoder, is not used for image generation during
inference. During inference, we use the original VAE decoder of
the latent diffusion model, ensuring that adversarial training does
not affect the final image quality or the stability of the generation
process. The theoretical proof of (7) and (8) is provided in Sec. 3.4.

Stabilizing the Discriminator. Since the discriminator (i.e., the fine-
tuned decoder and the fixed encoder) operates on latent represen-
tations at varying noise levels, it must adapt to different diffusion
stages.

Challenges in Training the Discriminator. A unique challenge in
training the discriminator is the variation in latent representations
across different timesteps. Since adversarial learning is applied at
randomly sampled timesteps, the feature distribution of zt changes
dynamically, making it difficult for the discriminator to learn a
stable decision boundary. To address this, we introduce two key
stabilization techniques. First, we apply instance normalization
[UVL16] within the discriminator (i.e., fine-tuned decoder) to nor-
malize feature statistics and reduce sensitivity to noise level vari-
ations. Unlike batch normalization, which operates across a batch
of samples, instance normalization normalizes feature statistics at
the individual sample level, preventing abrupt distribution shifts be-
tween different zt . Second, we adopt a multi-timestep training strat-
egy, where the discriminator is trained across randomly sampled
timesteps t ∼U(0,T ) rather than a fixed timestep. This prevents the
discriminator from overfitting to specific noise levels and ensures
that it generalizes across the entire diffusion process. These tech-
niques significantly improve training stability and allow adversarial
learning to remain compatible with the latent diffusion model.

Discriminator Expressiveness and Integration with Diffusion.
Since LD-GAN’s discriminator is derived from the pre-trained
VAE, it benefits from a strong generative prior that enables bet-
ter modeling of latent data distributions. Unlike conventional GAN
discriminators, which learn a decision boundary from scratch, LD-
GAN’s discriminator leverages the structured latent space learned
by the diffusion model. This results in improved sample quality and
robust adversarial training.

3.3 Structural Consistency Energy

In adversarial training, the discriminator is crucial for distinguish-
ing between real and generated latent representations. With a fixed
encoder, the generator’s ability to leverage the VAE prior de-
pends on the alignment of encoder and decoder features. Further-
more, feature-based losses preserve perceptual quality by reinforc-
ing structural attributes, preventing the excessive blurring common
with pixel-based losses. Unlike traditional perceptual losses like
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LPIPS [ZIE*18], which rely on a separately pretrained network,
our structural consistency energy is defined within the autoencoder
structure, requiring no additional model components. Unlike fea-
ture matching loss [SGZ*16], which relies on comparisons between
real and generated samples, our method functions entirely within
the generated latent space, making it independent of external refer-
ence data. To ensure structural consistency and effective integration
with the pre-trained VAE, we introduce a structural consistency
energy that extends the discriminator’s evaluation criteria beyond
pixel-wise reconstruction error.

Defining Structural Consistency Energy. The LD-GAN discrimi-
nator is an energy-based model that assesses latent consistency, as
defined in (6). For convenience, we refer to this original reconstruc-
tion term as DMSE(zt), ensuring pixel-wise consistency between the
input latent and its reconstructed counterpart. This term regularizes
reconstruction quality but does not ensure consistency across in-
termediate feature representations. To overcome this limitation, we
introduce a structural consistency energy term DSC(zt), defined as
follows:

DSC(zt) =
1
|L| ∑

l∈L

1−

〈
f (l)Enc(zt), f (l)Dec(Dec(zt))

〉
∥ f (l)Enc(zt)∥ · ∥ f (l)Dec(Dec(zt))∥

 , (9)

where ⟨·, ·⟩ denotes the dot product of two flattened feature vectors,
and f (l)Enc(·) and f (l)Dec(·) represent the feature activations at the l-th
layer of the encoder and decoder, respectively. Each l corresponds
to a matched resolution level in the encoder-decoder architecture,
typically selected before encoder downsampling and after decoder
upsampling. The set L contains layer pairs for alignment, ensuring
the generator retains multi-scale structural information.

Our SCE term follows the feature alignment principle in percep-
tual and feature matching losses [SGZ*16; ZIE*18], where inter-
mediate features are robust to low-level variations. Unlike external
losses (e.g., LPIPS [SGZ*16]), ours operates entirely within the
autoencoder, enabling self-supervised regularization without dis-
tributional mismatch. The frozen encoder acts as a fixed perceptual
backbone (e.g., VGG in LPIPS), and the decoder is trained to align
with the perceptual features. But, in our case, alignment is based on
architectural symmetry: encoder features before downsampling are
matched with decoder features after upsampling to ensure spatial
and semantic consistency. Prior work has shown that such inter-
nal alignment improves training stability and representation qual-
ity [DM19; SGZ*16].

Thus, our structural consistency energy relies solely on the
encoder-decoder structure of the latent diffusion model, requiring
no external supervision. This approach is computationally efficient
and improves perceptual fidelity.

As in prior perceptual and feature matching losses [SGZ*16;
ZIE*18], feature layers are chosen empirically. A sensitivity anal-
ysis of feature layer configurations L for measuring structural con-
sistency energy is presented in Appendix A.2.

Integrating Structural Consistency into the Discriminator. We rede-
fine the total discriminator energy function with this feature-space
constraint as follows:

D(zt) = DMSE(zt)+λSCDSC(zt), (10)

where λSC is a parameter that controls the contribution of struc-
tural consistency. Incorporating feature-space constraints into the
energy function allows the discriminator to evaluate samples with a
richer set of perceptual criteria, improving adversarial robustness.
Please refer to Sec.4.3.2 for an ablation study on structural consis-
tency energy. A sensitivity analysis of the parameter λSC is also in
Sec. A.3.

Impact on Generator Training and Sample Quality. The genera-
tor optimizes the adversarially-extended denoising loss, formally
defined in (8). The discriminator energy now incorporates struc-
tural consistency constraints from (9), prompting the generator to
minimize both pixel-wise and feature-level discrepancies. This en-
hances perceptual quality by reducing blurriness and reinforcing
edge structures, akin to LPIPS-based losses [ZIE*18]. However,
unlike the previous perceptual losses like LPIPS that rely on a sepa-
rately pretrained network, our method is self-contained in the diffu-
sion model’s autoencoder, reducing computational overhead. Since
the encoder remains frozen, maintaining structural consistency al-
lows the generator to retain compatibility with the structured latent
space learned during VAE pretraining. As a result, adversarial up-
dates remain integrated with the diffusion model’s prior, preventing
mode collapse and ensuring high-quality synthesis.

Effect on Training Stability. By explicitly incorporating structural
consistency into the energy function, LD-GAN stabilizes the ad-
versarial learning process and prevents the discriminator from rely-
ing solely on pixel-based errors. This structured sample evaluation
approach reduces noise sensitivity and increases the consistency
of learned latent representations. We further analyze the effect of
structural consistency on perceptual quality in Sec. 4.3.2.

3.4 Theoretical Analysis of LD-GAN

In this section, we provide a formal proof that the proposed LD-
GAN objective converges and enhances training stability and sam-
ple realism. Our proof leverages the convergence properties of Vari-
ational Autoencoders (VAEs) via ELBO optimization, the stability
of Energy-Based GANs (EB-GANs), and the regularizing effect of
the feature alignment loss.

1. VAE Convergence via ELBO Optimization Let x be an input sam-
ple and z its latent representation obtained from the encoder, i.e.,
z = Enc(x). The VAE is trained by maximizing the Evidence Lower
Bound (ELBO):

log p(x)≥ Eq(z|x) [log p(x|z)]−DKL

(
q(z|x)∥ p(z)

)
, (11)

which guarantees that the learned latent distribution q(z|x) con-
verges towards the prior p(z) under mild assumptions on the vari-
ational family. Thus, the VAE establishes a well-structured latent
space that serves as a stable foundation for adversarial training. We
emphasize that the convergence is local in nature, which is suffi-
cient for stable training in typical deep learning practices.

2. Convergence of the Denoising Loss The training of the diffusion
model involves minimizing the denoising loss.

Ldenoise = Ez0,ϵ, t

[∥∥ϵ− ϵθ(zt , t)
∥∥2
]
. (12)

Although the denoising loss is non-convex in practice, it has
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been empirically shown to converge under appropriate architectural
choices and noise schedules [HJA20], supporting the assumption
of local convergence in typical diffusion training settings. This em-
pirical behavior aligns with practical findings in diffusion models,
where convergence to high-quality solutions is frequently observed
despite the underlying non-convexity. The (local) convexity of this
loss ensures that the optimization process using standard gradient-
based methods (e.g., SGD) will reach a stationary point, provided
that the learning rate and other hyperparameters are properly cho-
sen.

3. Stability via the EB-GAN Framework LD-GAN adopts an
energy-based discriminator:

D(zt) = DMSE(zt)+λSC DSC(zt), (13)

where DMSE(zt) and DSC(zt) are structured energy functions that
ensure latent space consistency:

DMSE(zt) =
∥∥zt −Enc

(
Dec(zt)

)∥∥2
, (14)

DSC(zt) = ∑
l∈L

∥∥∥ f (l)Enc(zt)− f (l)Dec

(
Dec(zt)

)∥∥∥2
. (15)

As DMSE and DSC are defined as squared ℓ2-norm terms, the result-
ing energy D(zt) is guaranteed to be non-negative by construction,
regardless of the specific choice of encoder and decoder. The EB-
GAN formulation is known to be stable when its energy function
is bounded and Lipschitz continuous [ZML17]. In practice, we rely
on the mild assumption that the learned decoder and fixed encoder
do not diverge significantly from the structured latent space. Since
both DMSE and DSC are composed of smooth functions and squared
norms of differentiable mappings (i.e., encoder and decoder), their
gradients are locally Lipschitz continuous under standard neural
network assumptions [HRS16]. It ensures well-behaved gradient
descent dynamics. As DMSE and DSC are squared-norm terms, they
naturally remain non-negative and penalize large deviations.

4. Regularization via Feature Alignment Feature alignment loss fur-
ther stabilizes adversarial training by enforcing consistency across
hierarchical latent representations:

DSC(zt) = ∑
l∈L

∥∥∥ f (l)Enc(zt)− f (l)Dec

(
Dec(zt)

)∥∥∥2
. (16)

This term prevents the decoder from deviating excessively from the
pre-trained encoder features, effectively acting as a self-contained
constraint that regularizes adversarial learning without requiring
any external network [ZIE*18]. Consequently, multi-scale struc-
tures are preserved, reducing the risk of mode collapse and improv-
ing perceptual fidelity in generated samples.

5. Combined Objective and Convergence Analysis The overall gen-
erator objective is given by:

LG = Ldenoise +λadv D(zt). (17)

Since Ldenoise has guaranteed local convergence and D(zt) is non-
negative and locally Lipschitz in the latent space (under the mild
architectural assumptions above), we analyze the overall optimiza-
tion dynamics. Specifically, it is observed:

• Ldenoise ≥ 0 is (locally) convex in ϵθ.

• D(zt) ≥ 0 is composed of squared-norm energy terms, thus
lower-bounded by zero.

• The sum LG is therefore bounded below by 0.

These properties ensure that stochastic gradient descent (SGD)
or its variants will converge to a stationary point. In other words, if
{θk} is the sequence of generator parameters, then

lim
k→∞

∥∥∇LG(θk)
∥∥= 0 (18)

holds under standard conditions on the learning rate (e.g., diminish-
ing step size or sufficiently small constant step size for non-convex
problems). Although the global optimum may not be guaranteed
due to the non-convexity of deep networks, the local convergence
is sufficient to ensure stable and high-quality synthesis in practice.

6. Preservation of the Latent Space Structure By freezing the
encoder during adversarial training, the structured latent space
learned via ELBO optimization remains intact. This avoids any dis-
tortion of the learned distribution during adversarial updates and
ensures that the diffusion prior is preserved. Consequently, the de-
coder fine-tunes to improve sample realism but cannot alter the fun-
damental latent representation, fostering both stability and percep-
tual quality.

Conclusion By leveraging the convergence guarantees of VAE-
based ELBO optimization, the regularization effects of feature
alignment, and the stability of EB-GAN energy functions, we con-
clude that the LD-GAN objective:

LG = Ldenoise +λadv

[
DMSE(zt)+λSC ∑

l∈L

∥∥∥ f (l)Enc(zt)− f (l)Dec

(
Dec(zt)

)∥∥∥2
]

(19)

is composed of smooth, non-negative, lower-bounded components
with known convergence behavior. This structure ensures that ad-
versarial training in LD-GAN remains stable and effective while
preserving the generative prior and improving perceptual quality.
Thus, LD-GAN provides a theoretically grounded and empirically
effective solution for stable adversarial training in latent diffusion
models. □

4 Experiments

In this section, we conducted a series of experiments to evaluate the
effectiveness and flexibility of the proposed method. In Sec. 4.2,
we compared our approach with the baseline Latent Diffusion
Model (LDM) [RBL*22], demonstrating the benefits introduced
by our framework. Furthermore, we assessed the extensibility of
our method across diverse diffusion-based tasks, including condi-
tional text-to-image generation [LLW*23; GAA*22], and 2D-to-
3D generation [LLZ*23; LLL*24], by comparing against state-of-
the-art methods for each task. These results collectively highlight
the adaptability and generalizability of our approach across a wide
range of generative scenarios. Additionally, in Sec. 4.3, we con-
ducted ablation studies to analyze the impact of instance normaliza-
tion on the proposed energy-based discriminator and structural con-
sistency energy in (9). Furthermore, for clarity, in Appendix A, we
analyzed the sensitivity of the proposed method with respect to var-
ious hyperparameters, including the adversarial balancing parame-
ter λadv in (8), the structural consistency energy balancing param-
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Figure 2: Comparison with LD-GAN and Stable Diffusion [RBL*22] trained on the LAION-5B dataset [SBV*22].

eter λSC in (10), and the number of feature layers |L| in (9). These
analyses further support the existence of a stable hyperparameter
regime. Finally, we evaluated the convergence behavior and the
training efficiency of the proposed LD-GAN in Appendix B. Addi-
tional qualitative analyses on the effect of the denoising objective
and negative prompts are provided in Appendix C.

4.1 Experimental Details

All experiments, such as the baseline methods and the com-
parison experiments, were trained using the same number of
steps and with the same number of parameters with 8 NVIDIA
H100 GPUs. In particular, following baseline methods from recent
works [RBL*22; LLW*23; GAA*22; LLZ*23; LLL*24] on con-
ditional text-to-image and 2D-to-3D generations for fair compar-
isons, we employed the Stable Diffusion 2.1 (SD-2.1) [RBL*22]
model as the base diffusion architecture for all experiments. Note
that for computational efficiency, all experiments were conducted
by fine-tuning the base diffusion architecture.

We set λadv = 0.01 in (8) and λSC = 0.05 in (10) for all ex-
periments, showing the best performance. A sensitivity analysis
of the adversarial parameter λadv is provided in Appendix A.1,
and the structural consistency energy parameter λSC is analyzed

in Appendix A.3. Also, we select the set |L| = 3 in (9) for all ex-
periments, which achieved the best empirical result. Here, we se-
lected three layers right before downsampling in the encoder and
the three layers immediately after upsampling in the decoder as cor-
responding pairs. A sensitivity analysis of feature layers |L| used
for measuring the structural consistency energy is presented in Ap-
pendix A.2 of the supplemental material.

Following previous works on energy-aware adversarial opti-
mization [ZML17; GWJ*20], the margin parameter m in the dis-
criminator loss defined in (7) was determined by periodically com-
puting the average reconstruction error on the training set during
inference, specifically every 5 epochs in our implementation. This
approach is grounded in the decision-theoretic principle that the
conditional mean is the optimal estimator under a squared error loss
function [LC98]. By setting m to the empirical mean of the recon-
struction errors, the margin is adaptively aligned with the data dis-
tribution, avoiding both overestimation and underestimation. This
ensures a consistent separation between real and generated latent
representations, enabling the discriminator to maintain a stable de-
cision boundary throughout training. In our tests, perturbing the
margin value within a ±10% range did not lead to noticeable per-
formance differences, suggesting that the proposed method remains
robust under moderate variations of m.
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Table 1: Evaluation of performance comparisons with SD-
2.1 [RBL*22] trained on the LAION-5B dataset [SBV*22].

Method FID (↓) CLIP score (↑)

SD-2.1 13.79 0.3098
+ LD-GAN (Ours) 9.42 0.3428

4.2 Performance Comparisons

4.2.1 Text-to-Image Generation.

To evaluate the performance of the proposed method, we conducted
experiments in comparison with the baseline model, Stable Diffu-
sion [RBL*22]. For a fair comparison, all models were trained on
the same LAION-5B dataset [SBV*22]. For evaluation, we ran-
domly sampled 20K image-text pairs from the COCO2014 valida-
tion set [LMB*14] and the Flickr30k dataset [YLHH14]. Follow-
ing prior works [ZRA23; BNH*22], we adopted two widely used
metrics: the Fréchet Inception Distance (FID) [HRU*17], assess-
ing distributional similarity between real and generated images, and
the CLIP score [RKH*21], evaluating semantic alignment between
text prompts and generated images through normalized CLIP em-
beddings.

Results with SD-2.1. First, we compared our method with SD-
2.1 [RBL*22], which is used in other generation scenarios, such
as conditional text-to-image generation in Sec. 4.2.2 and 2D-to-3D
generation in Sec. 4.2.3. Both SD-2.1 and LD-GAN were trained
for 2M steps over 17 days, using a batch size of 1024 and a learning
rate of 1×10−4.

Table 1 presents comparative performance results against stan-
dard Stable Diffusion [RBL*22], evaluated in terms of the FID
and the CLIP score. The results demonstrate that incorporating the
proposed method into Stable Diffusion consistently improves both
distributional similarity and text-image alignment. Specifically, the
improvement in CLIP score confirms that the proposed method en-
hances semantic consistency with input prompts. This indicates that
adversarial training enables the method to better capture the under-
lying data distribution, leading to higher fidelity and semantically
aligned generations. These improvements are evident in scenar-
ios with complex visual concepts or fine-grained textual prompts,
where the baseline often produces over-smoothed or ambiguous
outputs. In contrast, the proposed method generates sharper details
and more semantically faithful content, demonstrating the effec-
tiveness of latent adversarial learning.

Qualitative comparisons further supporting this trend are illus-
trated in Fig. 2. The results show that the proposed LD-GAN
demonstrates strong performance in generating plausible and high-
quality images for imaginative or uncommon prompts. For in-
stance, in Fig. 2 (b), our method synthesizes a coherent, detailed
scene from the prompt “a fox reading a book in the park, wearing
a cozy sweater and glasses.”. In contrast, the baseline fails to rep-
resent the correct object composition and omits fine details, such as
glasses and fabric texture, while our method accurately captures all
elements, resulting in a high-frequency image with rich semantic
detail. Also, in Fig. 2 (n), the scene of “a cat working as a barista in
a cozy cafe” is depicted with higher fidelity and fewer visual arti-

Table 2: Evaluation of performance comparisons with SD-3.5-
M [PEL*24] trained on the LAION-5B dataset [SBV*22].

Method FID (↓) CLIP score (↑)

SD-3.5-M 7.983 0.3521
+ LD-GAN (Ours) 6.732 0.3705

facts compared to the baseline. These results suggest that LD-GAN
can generalize effectively to visually novel and abstract scenarios.
The advantages of our approach are evident in complex prompts.
In Fig. 2 (c), our method generates a well-structured watercolor
painting of a “giant cat sleeping on top of a building”, faithfully
reflecting the caption while maintaining artistic fidelity. Similarly,
in Fig. 2 (f), describing a multi-person scene, our method main-
tains anatomical correctness, facial expressions, and realistic object
interactions, outperforming the baseline, which produces distorted
or oversimplified compositions. Moreover, the proposed method
demonstrates a significant advantage in accurately reconstructing
fine-grained semantic elements and human structures. For instance,
in Fig. 8 (k), the individual waiting for the subway is depicted with
more natural body postures and facial alignments compared to the
baseline. Similarly, in Fig. 8 (l), the girl’s pose, candle placement,
and expression appear more contextually coherent and detailed.

Results with SD-3.5. Although we employed SD-2.1 model to
align with recent works [RBL*22; LLW*23; GAA*22; LLZ*23;
LLL*24], such as conditional text-to-image and 2D-to-3D gener-
ation, we further apply our method to the state-of-the-art text-to-
image generation model [PEL*24]. We employed the state-of-the-
art Latent Diffusion model, i.e., Stable Diffusion 3.5 Medium (SD-
3.5-M) [PEL*24] as the baseline.

To adapt the proposed method to the SD-3.5 architecture, we
first modified the discriminator (i.e., the VAE decoder) to match
the 16-channel latent representation used by SD-3.5, expanding the
original 4-channel configuration to 16 channels. We also incorpo-
rated the VAE scaling factor (1.5305) into both the encoding and
decoding processes to ensure consistency with the pretrained latent
space. The generator was kept identical to the original SD-3.5 de-
noiser (i.e., MMDiT-X) without architectural changes. To mitigate
sudden gradient fluctuations caused by the increase in the number
of parameters, we reduced adversarial loss weight to λadv = 0.005
and the learning rate to 5 × 10−5. The SCE weight was kept at
λSCE = 0.05, consistent with the main experiments, to maintain
structural alignment across scales. Both SD-3.5-M and LD-GAN
were trained for 2M steps over 22 days, using a batch size of 1024
and a learning rate of 1×10−4.

Table 2 compares the performance of SD-3.5-M with and with-
out the proposed method. The results show that the integration of
LD-GAN into SD-3.5-M produces substantial improvements in all
evaluation metrics, aligned with the trends observed in the SD-2.1
case in Table 1. This consistent behavior confirms that the proposed
method provides robust performance gains even when applied to
the latest state-of-the-art models, underscoring its strong general-
ization capability and effectiveness regardless of the underlying ar-
chitecture or model design.
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with a traffic light in the background.

A small alley between buildings with a parked 

cycle and some trash bins.
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Figure 3: Sample comparisons with the proposed method and GLIGEN [LLW*23] for image generation conditioned on bounding boxes.
Both methods are trained on the Object365 dataset [WZF*23] and the GoldG dataset [LZZ*22a].

Table 3: Evaluation of comparisons with conditional text-to-image
methods [LLW*23; GAA*22].

Method FID (↓) CLIP score (↑) CLIP similarity (↑)

GLIGEN 11.97 0.286 -
+ LD-GAN (Ours) 9.03 0.318 -

Textual Inversion 12.65 - 0.754
+ LD-GAN (Ours) 8.43 - 0.792

4.2.2 Conditional Text-to-Image Generation.

To validate the flexibility and extensibility of the proposed method,
we evaluated LD-GAN on two state-of-the-art conditional text-to-
image generation frameworks: GLIGEN [LLW*23] and Textual In-
version [GAA*22], comparing performance with and without our
method. GLIGEN and Textual Inversion represent distinct forms
of conditional generation: the former incorporates explicit spatial
conditions such as bounding boxes, while the latter enables condi-

tioning on novel visual concepts learned from just a few example
images.

We employed FID [HRU*17] to evaluate distributional similar-
ity in GLIGEN and Textual Inversion experiments. For GLIGEN,
we additionally used the CLIP score [RKH*21] to measure seman-
tic alignment between generated images and their textual descrip-
tions. In the case of Textual Inversion, we adopted CLIP similar-
ity [GPM*22], defined as the average pairwise cosine similarity
between the CLIP image embeddings of input and generated im-
ages, to assess visual consistency in few-shot conditions.

Results with GLIGEN. GLIGEN extends traditional text-to-
image diffusion models by incorporating additional grounding in-
puts, such as bounding boxes, keypoints, and semantic maps.
We evaluated LD-GAN’s impact on mode coverage by experi-
menting with GLIGEN conditioned on bounding boxes and cap-
tions. Both variants were trained on Object365 [SLZ*19] and
GoldG [LZZ*22a]. For evaluation, we sampled 2K image-text pairs
from the Flickr30k [YLHH14] and SBU [OKB11] datasets, with
bounding boxes obtained using GLIP [LZZ*22b]. Both GLIGEN
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Figure 4: Comparisons with Textual Inversion [GAA*22]. We trained with 7 input images per object provided by the user. S∗ is a pseudo-
word representing the embedding vector for the input concept.

and LD-GAN were trained for 400k steps over 18 hours, using a
batch size of 64 and a learning rate of 5×10−5.

Table 3 presents the performance comparison of GLIGEN with
and without the proposed method, using FID and the CLIP score.
The results show that GLIGEN integrated with LD-GAN consis-
tently outperforms the baseline across all evaluation metrics. In
particular, lower FID indicates improved image fidelity and better
alignment with the underlying data distribution, while the higher
CLIP score suggests stronger semantic consistency between gen-
erated images and text prompts. Interestingly, LD-GAN enhances
both visual realism and semantic grounding without additional con-
ditions or supervision. This shows that adversarial training in latent
space generates plausible images that align more closely with mul-

timodal inputs. Moreover, the increase in the CLIP score indicates
that the adversarial objective optimizes structural cues (e.g., bound-
ing boxes) and enhances holistic conditioning on text and spatial
inputs. This balanced conditioning leads to better mode coverage
and lowers the risk of overfitting to specific modalities.

These trends are further supported by the qualitative compar-
isons in Fig. 3, where LD-GAN yields coherent object placement
and sharper visual attributes while maintaining semantic relevance
to the captions and bounding box annotations. For example, in the
first example, where the caption is “An astronaut is reading a book
while sitting on a giant hamburger floating in the ocean next to a
seagull,” the baseline method struggles to harmonize object posi-
tioning. The elements appear crowded and incoherent, suggesting
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that the model has overfit to bounding box locations without ade-
quately capturing semantic relationships. In contrast, the proposed
method produces a balanced, semantically accurate image, with
the astronaut, hamburger, and seagull naturally placed and cap-
tion details clearly reflected, including fine textures like the book
and ocean background. Similar advantages arise in the second and
third examples. In the second case, our method accurately places
“a tree” next to “a bench” and “a man,” while the baseline mis-
represents spatial relationships, leading to visual inconsistencies.
In the third sample, the red post office box is accurately recon-
structed in the proposed method, including fine structural features
and appropriate color distribution, while the baseline output lacks
sharpness and contextual integration. Additionally, in the fourth ex-
ample, the prompt describes a surreal scene: “A wizard sitting on
a donut floating in a lake with a glowing wand as ducks swim by.”
While GLIGEN struggles to generate key elements, producing the
wizard with an incoherent layout, our proposed method faithfully
renders all elements, “wizard,” “donut,” “lake,” “glowing wand,”
and “ducks”, with semantically appropriate placement and sharp
structural consistency. This observation indicates that LD-GAN ef-
fectively integrates complex scene elements while maintaining spa-
tial realism. Furthermore, in the fifth case, the GLIGEN output ex-
hibits anatomical distortions and oversmoothing, particularly in the
facial features and overall structure of the human figure. In con-
trast, LD-GAN produces a coherent human figure with clear facial
expressions and structurally accurate rendering of the “scooter” and
“traffic light,” preserving both detail and spatial layout.

Results with Textual Inversion. Textual Inversion enables the
learning of new visual concepts in the text embedding space of
diffusion models with minimal input images. We evaluated LD-
GAN’s impact on generation quality and stability with limited data
through comparative experiments. The Google Scanned Objects
(GSO) dataset and a custom multi-view dataset were used, select-
ing seven 512×512 images per concept. Both Textual Inversion and
LD-GAN, were trained for 5k steps over 2.1 hours, using a batch
size of 4 and a learning rate of 5×10−3.

Table 3 presents the performance of Textual Inversion, with and
without the proposed method, evaluated using FID and CLIP sim-
ilarity. The results demonstrate that the incorporation of LD-GAN
leads to consistent improvements in both metrics. In particular, the
substantial reduction in FID highlights that adversarial training en-
ables the method to better capture the data distribution, even un-
der limited supervision, resulting in more realistic and high-fidelity
samples. Furthermore, the observed improvements in CLIP simi-
larity indicate that LD-GAN effectively preserves semantic iden-
tity and visual consistency of the input concept, which is critical in
few-shot generation settings, such as Textual Inversion. This sug-
gests that the proposed method improves both generalization and
stability during training, even when the available data is minimal.

Figure 4 provides visual comparisons, showing that LD-GAN
contributes to sharper details, improved structure preservation, and
semantic alignment with input images. For instance, in the first ex-
ample of Fig. 4, the baseline method shows noticeable limitations
when adapting the learned concept to various styles, such as “the
beach” or “adventure fantasy style.” It tends to overfit the input
sample’s geometric structure, resulting in outputs that fail to har-

monize with the prompts. In contrast, the proposed method effec-
tively integrates the input image with desired stylistic attributes,
producing sharper and semantically aligned results across all varia-
tions. The advantage of LD-GAN is further illustrated in the second
sample. While the baseline produces inconsistent geometry across
different prompts, such as distorted posture and facial shape in-
consistencies, our method reliably maintains the input’s structural
integrity, even with varied contexts like “a paper with a S∗ shaped
stamp mark” or “a small golden S∗ on a wooden desk.”. More-
over, as shown in the fourth sample, the baseline tends to overfit
to the appearance of the input samples, resulting in artifacts where
patterns bleed unnaturally across object boundaries. For instance,
the subject’s face becomes patterned under the prompt “a teacup in
the style of S∗.” In contrast, the proposed method maintains struc-
tural and perceptual separation between the concept and style, lead-
ing to natural, visually pleasing outputs that accurately reflect both
the identity of the concept and the intended artistic transformation.
These results suggest that LD-GAN effectively learns a robust con-
cept representation that generalizes well across varying composi-
tions and artistic domains.

4.2.3 2D-to-3D Generation.

To evaluate the extensibility of the proposed method, we con-
ducted comparative experiments using recent state-of-the-art 2D-
to-3D generation models [LLZ*23; LLL*24] with and without
LD-GAN. Specifically, we adopted SyncDreamer [LLZ*23] and
Era3D [LLL*24] as baseline models and assessed their perfor-
mance when integrated with our proposed adversarial training
framework.

We evaluated both novel view synthesis and 3D reconstruc-
tion to assess the generative performance of the models. For
performance measurements of novel view synthesis, we used
PSNR, Structural Similarity Index Measure (SSIM) [WBSS04],
and LPIPS [ZIE*18]. For 3D reconstruction, we followed recent
works [LWV*23; LGL*24] and used Chamfer Distance (CD) and
Volume Intersection over Union (IoU) as evaluation metrics.

Results with SyncDreamer. SyncDreamer synthesizes consistent
multi-view images from a single-view input using a 3D-aware fea-
ture attention mechanism during diffusion, enabling synchronized
states across views in reverse sampling. In contrast, Era3D pre-
dicts camera parameters and employs row-wise attention to impose
epipolar priors for multi-view image generation from a single in-
put view. All models were trained using renderings from a subset
of the Objaverse dataset [DSS*23], with each image at 512×512
resolution. To evaluate SyncDreamer, with and without LD-GAN,
we used 32 training views per object: 16 images with uniform az-
imuths and fixed elevation of 30◦, and 16 images with uniformly
sampled azimuths and randomly sampled elevations from the range
[−20◦,40◦]. Both SyncDreamer and LD-GAN were trained for 80k
steps over 39 hours, using a batch size of 128 and a learning rate of
5×10−4 to 1×10−5.

Table 4 summarizes the performance of SyncDreamer with and
without the proposed method. The results indicate that the proposed
method outperforms the baseline in both novel view synthesis and
3D reconstruction tasks. In particular, the notable improvements in
PSNR, SSIM, and LPIPS for the novel view synthesis task indi-
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Table 4: Performance comparisons with multi-view images and textured mesh generated by 2D-to-3D methods [LLZ*23; LLL*24].

Metho PSNR (↑) SSIM (↑) LPIPS (↓) CD (↓) IoU (↑)

SyncDreamer 20.17 0.756 0.136 0.0232 0.5354
+ LD-GAN (Ours) 22.32 0.846 0.115 0.0154 0.6749

Era3D 21.05 0.789 0.138 0.0174 0.6513
+ LD-GAN (Ours) 23.83 0.837 0.116 0.0125 0.7231

Input Multi-view images Textured mesh Multi-view images Textured mesh 

SyncDreamer LD-GAN

Input Multi-view images Textured mesh Multi-view images Textured mesh

SyncDreamer LD-GAN

Era3D LD-GAN

Figure 5: Comparisons of multi-view images and textured mesh generated with SyncDreamer [LLZ*23].

cate that adversarial training guided by the structural consistency
energy enables the decoder to more effectively capture geometric
and semantic consistency across multi-view images. This results
in sharper, more coherent, and view-consistent generations. More-
over, for 3D reconstruction, improvements in CD and IoU demon-
strate that the proposed method facilitates better 3D structure rea-
soning from limited 2D observations. This improvement is credited
to the discriminator’s ability to enforce multi-scale feature align-
ment during training, which encourages the generator to learn spa-
tial priors more effectively. These findings suggest that LD-GAN
not only enhances visual fidelity but also improves the geometric
plausibility of generated content.

The qualitative comparison results in Fig. 5 confirm that LD-
GAN improves shape preservation and texture continuity across
viewpoints, particularly in challenging poses or occlusions. For ex-
ample, in the first row, the proposed method generates more con-
sistent multi-view images, especially in rear views preserving fine
details, such as clothing folds and hair shapes. In contrast, the base-
line method often lacks consistency, resulting in blurred or distorted
reconstructions. This advantage extends to the final textured mesh,
where our method achieves more refined and volumetrically accu-
rate outputs. The second row highlights another key difference in
lighting and color consistency. While SyncDreamer inaccurately
captures lighting characteristics, causing color shifts and artifacts

in multi-view images and textured meshes, our method effectively
preserves appearance across views, resulting in smoother transi-
tions and more photorealistic reconstructions. Furthermore, in the
fourth row of Fig. 5, the object exhibits complex surface textures
and occlusions (e.g., an orange with leaves), which results in a
loss of texture fidelity. Conversely, our method effectively captures
high-frequency visual features, such as the rough surface of the or-
ange and the leaf structure, across all views. These improvements
are clearly reflected in the corresponding textured mesh, where our
reconstruction presents a significantly more faithful rendering with
realistic surface topology and detailed texture alignment.

Results with Era3D. For Era3D, training was conducted with or-
thographic and perspective views. Specifically, 16 images were ren-
dered using an orthographic camera with uniformly sampled az-
imuths and a fixed elevation of 0◦. For each azimuth, three per-
spective views with elevations [−20◦,40◦] and one orthographic
view were randomly sampled for training. Both Era3D and LD-
GAN were trained for 40k steps over 53 hours, using a batch size
of 128 and a learning rate of 1 × 10−4 to 5 × 10−5. For evalu-
ation, we used single-view renderings from GSO [DFK*22] and
OmniObject3D (Omni3D) [WZF*23].

Table 4 compares the performance of Era3D with and without
the proposed method. The results demonstrate that integrating LD-
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Figure 6: Comparisons of multi-view images and textured mesh generated with Era3D [LLL*24].

GAN into Era3D leads to a substantial improvement across all
evaluation metrics. In particular, the observed gains in CD and
IoU highlight significant enhancement in 3D reconstruction qual-
ity. These improvements suggest that the proposed method, through
structural consistency energy, encourages the generation of multi-
view images that preserve geometric integrity and structural align-
ment, which are critical for accurate 3D shape recovery. Further-
more, the adversarial training with feature-space constraints pro-
motes sharper and semantically coherent views, enhancing the res-
olution of ambiguous geometries and depth perception.

Figure 6 demonstrates that LD-GAN yields more realistic and
structurally consistent reconstructions, particularly in challenging
viewpoints and object shapes. In particular, in the first row of
Fig. 6, the proposed method captures localized features, such as
feathers and claws, more accurately than Era3D, which suffers
from oversmoothing and loss of semantic clarity in multi-view im-
ages and textured meshes. This indicates that LD-GAN provides
more expressive feedback through latent-space adversarial learn-
ing, leading to perceptually richer generation. Similarly, the sec-
ond row highlights our method’s effectiveness in preserving tex-
tures and structures, such as chest fur and tail coloration. In con-
trast, Era3D struggles with view consistency, resulting in texture in-
consistencies and structural deformation. These differences are evi-
dent in the reconstructed meshes, with LD-GAN producing sharper
and more geometrically accurate outputs, whereas Era3D insuf-
ficiently recovers intricate surface details. Moreover, our method
effectively preserves global structure and appearance-related infor-
mation, such as color and lighting, across all viewpoints. For in-
stance, in the third row, the baseline method fails to reconstruct the
correct geometry of the stairs, particularly from the side view, and
generates inconsistent lighting conditions across views. In contrast,

our method produces more coherent and accurate multi-view im-
ages, exhibiting consistent color tones and shading, which results
in a more faithful textured mesh. These results collectively validate
the proposed method’s extensibility to complex 2D-to-3D gener-
ation tasks and its ability to enhance both perceptual realism and
geometric fidelity in multi-view generative models.

4.3 Ablation Studies

4.3.1 Analysis on Instance Normalization

In this section, we analyzed the impact of instance normaliza-
tion [UVL16] on the performance and stability of the proposed
energy-based discriminator. To this end, we conducted an abla-
tion study comparing models trained with and without instance
normalization in the decoder of the variational autoencoder (VAE)
used as the discriminator. Importantly, the original VAE encoder
and decoder architecture of Stable Diffusion [RBL*22] adopted
group normalization [WH18] by default. In our implementa-
tion, we replaced group normalization with instance normaliza-
tion in the decoder, while keeping the encoder frozen through-
out training. This modification is intended to stabilize adversar-
ial learning across timesteps during latent diffusion. To ensure
a fair comparison, we trained all variants using a fixed sub-
set of the LAION-5B dataset [SBV*22], and kept all other hy-
perparameters and experimental settings identical to those de-
scribed in Sec. 4.1. For evaluation, we randomly sampled 20K
image-text pairs from the COCO2014 validation set [LMB*14]
and the Flickr30k dataset [YLHH14], following the same proto-
col as in Sec. 4.2.1. Generation quality was assessed using the
FID [HRU*17] and the CLIP score [RKH*21].

The comparison results are summarized in Table 5. We observe
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Table 5: Ablation study on the effect of normalization in the VAE
decoder used as the discriminator.

Method FID (↓) CLIP score (↑)

Group normalization 11.02 0.3183
Instance normalization (Ours) 9.42 0.3428

that using instance normalization in the decoder leads to clear im-
provements in both metrics. These results indicate that the intro-
duction of instance normalization leads to more stable and effec-
tive adversarial training. This improvement can be attributed to the
characteristics of the diffusion process. During training, the energy-
based discriminator evaluates latent features zt sampled at random
timesteps. Without instance normalization, the feature distributions
across different zt may vary significantly due to the varying noise
levels. Such distributional shifts hinder the discriminator’s ability
to model a consistent latent space, leading to unstable adversarial
gradients, oscillatory generator updates, and even mode collapse.

In contrast, instance normalization normalizes feature statistics
on a per-sample basis. This per-instance normalization helps re-
duce the effect of timestep-dependent variance in zt , enabling the
discriminator to operate over a smoother and more coherent latent
space. As a result, the adversarial loss becomes more stable, lead-
ing to improved generator-discriminator interactions and enhanced
training robustness across diverse noise levels and sample distribu-
tions. Furthermore, although instance normalization is only applied
to the decoder, it significantly improves the effectiveness of the fea-
ture alignment process. By stabilizing the decoder-side representa-
tions, instance normalization facilitates more accurate multi-scale
feature alignment with the fixed encoder. This enables better preser-
vation of structural attributes and supports the learning of perceptu-
ally coherent outputs. Consequently, the generated samples exhibit
higher sharpness and greater structural consistency.

We also empirically observed that these benefits generalize
across diverse generative tasks, such as conditional text-to-image
generation, and 2D-to-3D generation. While detailed quantitative
results are provided for the text-to-image setting, similar qualitative
improvements were consistently observed in other domains, indi-
cating that instance normalization contributes to enhanced struc-
tural coherence and perceptual fidelity across various tasks. These
findings highlight the practical value of replacing group normaliza-
tion with instance normalization in the context of latent adversarial
learning. In particular, our approach demonstrates that even apply-
ing instance normalization solely in the decoder without modifying
the encoder can yield substantial benefits by stabilizing the discrim-
inator and enhancing the generator’s ability to learn complex struc-
tural patterns from noisy latent inputs.

4.3.2 Structural Consistency Energy Analysis

In this section, we analyze the impact of the structural consistency
energy defined in (9) on the performance of the proposed method
by comparing it with a conventional perceptual loss. Specifically,
we adopt the widely used Learned Perceptual Image Patch Simi-
larity (LPIPS) [ZIE*18] as a baseline for perceptual regularization.
LPIPS computes the perceptual similarity between images by com-

Table 6: Ablation study comparing different structural regulariza-
tion terms used in the discriminator energy.

Energy Term FID (↓) CLIP score (↑)

MSE 12.11 0.3102
MSE + LPIPS 10.74 0.3213
MSE + SCE (Ours) 9.42 0.3428

MSE

MSE 
+ LPIPS

MSE 
+SCE
(Ours)

Caption
An image of a lion 

made of fire.
A watercolor painting 

of an old bicycle 
leaning on a garden 

wall.

A photo of a kid sitting 
on the floor drawing 

with crayons.

Figure 7: Qualitative comparison of different structural loss con-
figurations in the proposed framework.

paring feature maps extracted from a separately pretrained network.
Following standard practice, we use a pretrained VGGNet [SZ15]
as the backbone network for LPIPS in our experiments.

For all experiments, we used a fixed subset of the LAION-5B
dataset [SBV*22] across different parameter settings. To ensure a
fair comparison, all training configurations and hyperparameters
other than the perceptual loss were fixed according to the setup
described in Sec. 4.1. Following the text-to-image generation eval-
uation protocol in Sec. 4.2.1, we randomly sampled 20K image-
text pairs from the COCO2014 validation set [LMB*14] and the
Flickr30k dataset [YLHH14], and evaluated the quality of gener-
ation by measuring the FID and the CLIP score. To evaluate the
impact of structural consistency energy on the performance of the
proposed method, we conducted an ablation study using the follow-
ing three configurations for the discriminator energy term: (1) using
only the reconstruction-based MSE term (i.e., D(zt) = DMSE(zt)),
(2) using both the MSE and our proposed structural consistency
energy, and (3) using MSE and LPIPS [ZIE*18] as a conventional
perceptual loss. The comparison results are summarized in Table 6.

We observe that the configuration using the proposed struc-
tural consistency energy achieves the best performance in both the
FID and the CLIP score. This demonstrates that directly enforc-
ing multi-scale feature alignment between the encoder and decoder
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within the VAE structure leads to more effective discriminator up-
dates and improved training efficiency. Since our structural consis-
tency energy is fully integrated into the latent diffusion model, it
provides strong regularization without requiring any external net-
work components. In contrast, LPIPS evaluates perceptual similar-
ity based on feature activations extracted from a separately pre-
trained network (e.g., VGGNet), which is independent of the dis-
criminator’s architecture. As a result, the LPIPS-based loss may not
provide gradient signals that are optimally aligned with the discrim-
inator’s learning dynamics. Moreover, LPIPS introduces additional
computational overhead due to external feature extraction during
training.

These results highlight a key advantage of our approach: The
structural consistency energy enables perceptual regularization that
is effective and computationally efficient, as it leverages the inter-
nal structure of the model rather than relying on external priors.
This design ensures that perceptual alignment contributes directly
to adversarial and generative objectives, leading to higher-quality
synthesis.

The qualitative results are depicted in Fig. 7. When using only
the reconstruction-based MSE loss, without any perceptual con-
straint, such as structural consistency energy or LPIPS, we observe
noticeable blurring artifacts in the generated images. This is be-
cause MSE loss merely minimizes the pixel-level difference be-
tween the input and output latent representations, without account-
ing for high-level structural attributes. As a result, the generator
tends to produce oversmoothed outputs that lack perceptual detail.
Introducing LPIPS as a perceptual loss helps mitigate this blurring
to some extent, leading to improved texture and perceptual realism.
However, compared to our proposed structural consistency energy,
the output still exhibits inferior sharpness and reduced sample di-
versity. This is likely due to the fact that LPIPS evaluates similarity
based on features extracted from a separately pretrained network,
which is not aligned with the internal structure of the diffusion
model’s discriminator. Furthermore, LPIPS typically operates on
a single layer of the pretrained network, making it less effective in
preserving multi-scale structural information. In contrast, the pro-
posed SCE delivers the most perceptually faithful and structurally
coherent results. By enforcing direct feature alignment between the
encoder and decoder at multiple scales within the VAE structure,
SCE allows the discriminator to guide the generator with more in-
formative and structurally aware feedback. This leads to sharper,
more diverse outputs that better capture the complex data distribu-
tion. Additionally, since SCE leverages the pretrained VAE prior, it
facilitates stable training even on diverse and large-scale datasets,
further supporting robust generative performance.

5 Conclusion

We introduced Latent Diffusion Generative Adversarial Networks
(LD-GAN), a novel framework that seamlessly integrates adversar-
ial learning into latent diffusion models without requiring an ex-
tra discriminator network. LD-GAN utilizes the pretrained VAE
encoder and decoder as an energy-based discriminator for la-
tent diffusion, allowing adversarial training in the structured la-
tent space. This improves perceptual sharpness and sample fidelity
while preserving the original diffusion model pipeline and min-

imizing computational overhead. Furthermore, we introduced a
structural consistency energy to align encoder and decoder fea-
ture representations, stabilizing training and reinforcing structural
coherence without external pretrained networks. Extensive exper-
iments demonstrate that LD-GAN consistently improves gener-
ation quality across diverse tasks, including conditional text-to-
image and 2D-to-3D generations. While LD-GAN eliminates the
need for a separate discriminator, it requires decoder fine-tuning
during adversarial training, introducing an additional optimization
component. Moreover, balancing the adversarial and denoising ob-
jectives remains crucial for maintaining consistency with the pre-
trained latent prior. In future work, we aim to develop strategies
to balance these objectives and extend LD-GAN to multi-modal or
cross-domain settings.
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A Hyperparameters Analysis

In this section, we analyzed the sensitivity of the proposed method
with respect to various hyperparameters, such as the adversarial
balancing parameter λadv in (8), the structural consistency energy
balancing parameter λSC in (10), and the number of feature layers
|L| in (9). Specifically, in Sec. A.1, we analyzed the sensitivity of
the proposed method to the adversarial weight λadv. In addition, we
investigated the sensitivity of the proposed method to the number of
feature layers |L| on structural consistency and generation quality
in Sec. A.2. Furthermore, in Sec. A.3, we examined the impact of
the balancing parameter λSC of the structural consistency energy
on the dynamics of training.

A.1 Sensitivity Analysis of λadv

In this section, we analyzed the sensitivity of the proposed method
with respect to the adversarial weight λadv in (8), using a fixed
subset of the LAION-5B dataset [SBV*22] across different pa-
rameter settings. To ensure a fair comparison, other hyperparam-
eters except λadv were fixed to the values specified in Sec. 4.1.
Following the same evaluation protocol as in Sec. 4.2.1, we ran-
domly sampled 20K image-text pairs from the COCO2014 valida-
tion set [LMB*14] and the Flickr30k dataset [YLHH14], and eval-
uated the quality of the generation using both the FID and the CLIP
score.

We conducted experiments using three values of λadv: 0.05, 0.01,
and 0.005. The performance comparison is summarized in Table 7.
It is shown that λadv = 0.01 gives the best empirical performance in
text-to-image generation. When λadv is set too high (i.e., 0.05), the
generator becomes excessively influenced by the adversarial signal,
leading to reduced diversity and the appearance of minor artifacts
due to the discriminator dominating the training dynamics. In con-
trast, when λadv is set too low (i.e., 0.005), the adversarial guid-
ance becomes negligible, resulting in less perceptual sharpness and
limited improvement over the baseline. These findings suggest that
an appropriately balanced adversarial contribution is essential to
maintain both fidelity and diversity in the generated outputs.

Furthermore, we observed consistent performance patterns
across multiple generation tasks, including conditional text-to-
image generation and 2D-to-3D generation. In all cases, λadv =
0.01 provided competitive performance without requiring addi-
tional tuning. We attribute this robustness to the fact that the adver-
sarial loss in our method operates within the structured latent space
of the diffusion model, which helps stabilize gradient propagation.
This observation suggests that a single value of λadv generalizes
well across diverse tasks, alleviating the need for a task-specific
reconfiguration of hyperparameters.

A.2 The Configuration of Feature Layers L

In this section, we analyzed the sensitivity of the proposed method
to the configuration of feature layers L used in the structural consis-
tency energy defined in (9). We used a fixed subset of the LAION-
5B dataset [SBV*22] for training, and all other hyperparameters
are fixed to the values specified in Sec. 4.1 to ensure a fair com-
parison. Following the same evaluation protocol as in Sec. 4.2.1,

Table 7: Sensitivity analysis of the adversarial weight λadv in the
proposed method.

λadv FID (↓) CLIP score (↑)

0.05 10.97 0.3212
0.01 9.42 0.3428
0.005 12.31 0.3187

Table 8: Analysis according to the number and configuration of
feature layer pairs L used in computing the structural consistency
energy.

|L| L FID (↓) CLIP score (↑)

0 ∅ 12.11 0.3102

1
{1} 11.19 0.3114
{2} 10.37 0.3255
{3} 10.86 0.3178

2
{1,2} 10.12 0.3175
{2,3} 9.87 0.3284
{1,3} 10.75 0.3271

3 {1,2,3} 9.42 0.3428

we randomly sampled 20K image-text pairs from the COCO2014
validation set [LMB*14] and the Flickr30k dataset [YLHH14]. We
evaluated the quality of generation by measuring both the FID and
the CLIP score.

Our method is implemented using the Stable Diffu-
sion [SWCM21] architecture as the backbone. The VAE of
Stable Diffusion consists of an encoder with three downsampling
stages and a decoder that includes three corresponding upsampling
stages. We defined each feature layer pair in L as the encoder
feature immediately before downsampling and the corresponding
decoder feature immediately after the aligned upsampling stage.
Hence, if n denotes the index of the stage, then L = {n} refers to
the feature pair at that level. The total number of feature layer pairs
used in computing the structural consistency energy is denoted by
|L|.

To assess the sensitivity to this design choice, we conduct exper-
iments with all combinations of |L| = 0,1,2,3, corresponding to
L ∈ {∅,{1},{2},{3},{1,2},{1,3},{2,3},{1,2,3}}. Here, L= ∅
corresponds to the case where the structural consistency energy is
not used, i.e., λSC = 0. This serves as a baseline to isolate the impact
of the structural consistency term from the rest of the training ob-
jectives. In preliminary tests, we observed that the specific location
of the feature pair (within the same resolution scale) has minimal
impact on performance, while the deepest layer ({3}) consistently
demonstrates the best results. Therefore, we used this as the basis
for further combinations of layers.

Table 8 reports the results for various values of |L|. We observe
that utilizing the three pairs of feature layers (|L| = 3) yields the
best empirical performance for text-to-image generation. Addition-
ally, we observe a consistent improvement in generation quality as
|L| increases, under the constraint of using each representative fea-
ture pair at each resolution level. This can be attributed to the en-
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Table 9: Sensitivity analysis of the structural consistency energy
weight λSC on generation performance.

λSC FID (↓) CLIP score (↑)

0.1 10.12 0.3246
0.05 9.42 0.3428
0.01 9.87 0.3384

hanced ability of the model to preserve multi-scale structural infor-
mation when low, mid, and high-level features are jointly aligned.
This highlights the importance of aligning intermediate features at
multiple scales to reinforce structural consistency and perceptual
quality. By preventing the model from overfitting to a specific res-
olution level, the structural consistency energy helps the generator
better capture the structural attributes of images.

Furthermore, we observe similar trends across various generative
tasks, including conditional text-to-image generation, and 2D-to-
3D generation. These results suggest that incorporating multi-scale
feature pairs improves performance across various generative tasks.
We attribute this effect to the capacity of the structural consistency
energy to align intermediate encoder and decoder features more ef-
fectively, thereby reinforcing both structured priors and perceptual
fidelity. This cross-task consistency also highlights the robustness
and generalizability of the proposed regularization scheme.

A.3 Balancing Parameter λSC

In this section, we analyzed the sensitivity of the proposed method
to the structural consistency energy by varying the balancing pa-
rameter λSC defined in Eq. (10). We used a fixed subset of the
LAION-5B dataset [SBV*22] across different parameter settings
to ensure consistency in the training data. To ensure a fair com-
parison, all other hyperparameters except λSC were fixed to the
values specified in Sec. 4.1. Following the same evaluation pro-
tocol as in Sec. 4.2.1, we randomly sampled 20K image-text pairs
from the COCO2014 validation set [LMB*14] and the Flickr30k
dataset [YLHH14]. We evaluated the quality of generation by mea-
suring both the FID and the CLIP score. We conducted experiments
with three values of λSC : 0.01,0.05, and 0.1. The performance
comparison results are presented in Table 9.

The results in Table 9 show that the optimal performance is at-
tained when λSC = 0.05. When λSC is too small (i.e., 0.01), the
model tends to focus primarily on minimizing the latent recon-
struction error, and the influence of the structural consistency en-
ergy becomes negligible. As a result, the model may fail to capture
high-level structural patterns, leading to blurred outputs, reduced
perceptual sharpness, and diminished structural coherence. In con-
trast, when λSC is excessively large (i.e., 0.1), the model places un-
due emphasis on aligning encoder and decoder features, which may
hinder its ability to accurately reconstruct latent representations.
This can lead to an over-regularization effect, whereby the model
emphasizes the preservation of structural alignment across scales
but underfits to fine details such as color and texture. Moreover,
strongly enforcing alignment in the feature space can restrict the
model’s ability to learn diverse representations, potentially reduc-
ing sample diversity and expressiveness. These results highlight the
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Figure 8: Training convergence and stability comparison
among the proposed LD-GAN, the GAN baseline (i.e., Diffusion-
GAN [WZH*23]), and the diffusion baseline (i.e., Stable Diffu-
sion [RBL*22]).

importance of balancing the contribution of structural consistency
energy to ensure that the model maintains both high perceptual fi-
delity and diversity in the generated outputs.

Furthermore, similar trends were observed across various gen-
erative tasks, including conditional text-to-image generation, and
2D-to-3D generation. In our experiments, setting λSC = 0.05 con-
sistently led to strong performance across various tasks, suggesting
that this configuration serves as a robust default across multiple do-
mains. While task-specific tuning may further optimize results in
certain contexts, our findings indicate that the proposed structural
consistency energy formulation generalizes effectively without ne-
cessitating extensive adjustments for each task.

B Training Behavior and Efficiency Analysis

In this section, we evaluated the convergence speed and training
stability of the proposed method in comparison with baseline ap-
proaches. As a diffusion model baseline, we adopted Stable Dif-
fusion [RBL*22], which serves as the backbone in our experi-
ments. For the baseline of adversarially trained diffusion, we used
Diffusion-GAN [WZH*23], which applies GAN-based adversar-
ial training directly to the latent denoising process. Specifically,
Diffusion-GAN introduces an additional discriminator that oper-
ates during the denoising stage and is alternately trained with the
generator (i.e., UNet). In contrast, the proposed LD-GAN avoids
introducing any additional networks by leveraging the pretrained
encoder and decoder from the latent diffusion model to construct an
energy-based discriminator. This design enables LD-GAN to uti-
lize the structured prior learned from large-scale datasets, thereby
reducing computational overhead while improving training stabil-
ity.

For a fair comparison, all methods were trained from scratch
on the same subset of the ImageNet dataset [DDS*09] un-
der identical training schedules and parameter budgets. To en-
sure comparable model capacity, the Diffusion-GAN discrimina-
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tor was implemented using the same encoder architecture as the
VAE, with an additional fully connected layer and sigmoid ac-
tivation appended to the final feature layer. Following previous
work [ZRA23; SWCM21], we measured the sample quality and
convergence behavior by evaluating the Fréchet Inception Distance
(FID) [HRU*17] at regular intervals during training. Additionally,
we plotted training losses as learning curves to provide intuitive
view of convergence. Figure 8 shows the learning curve and FID
during the training process for the 2M steps.

Comparison with Adversarial Diffusion Model. Although
Diffusion-GAN initially reduces FID and training loss, it begins
to diverge after approximately 1.3M steps, indicating unstable
training behavior. This instability likely stems from the binary
classification-based discriminator objective, which struggles to
capture fine-grained reconstruction errors and the full spectrum of
sample quality in large-scale, multi-modal datasets. This led prior
adversarial diffusion models, such as Diffusion-GAN [WZH*23]
and LDDGAN [TH24], to be primarily evaluated on low-
diversity datasets (e.g., CelebA [LLWT15], LSUN [YSZ*15],
FFHQ [KLA19]) with limited class or variation. As a result, ad-
versarially trained diffusion models can become imbalanced or os-
cillatory, leading to degraded performance and potential mode col-
lapses on large-scale, high-diversity and complex datasets such as
LAION [SBV*22] and ImageNet [DDS*09] dataset.

Convergence Behavior and Training Stability. As shown in
Fig. 8, the proposed LD-GAN demonstrates a consistently decreas-
ing FID and training loss, maintains stable training throughout.
This result is attributed to the use of an energy-based discriminator
defined through reconstruction loss, which enables continuous and
fine-grained evaluation of generated samples. Rather than merely
classifying samples as real or fake, the discriminator offers fine-
grained and informative feedback gradients that guide the gener-
ator to improve sample quality in a structured manner. Moreover,
leveraging the pretrained VAE prior helps preserve distributional
diversity and prevents collapse to specific modes, which is crucial
for learning from complex datasets, such as ImageNet. Also, com-
pared to the non-adversarial baseline (i.e., Stable Diffusion), LD-
GAN achieves faster convergence and lower final FID scores.

Memory Overhead. Regarding memory usage, in our mixed-
precision (FP16, FP32) training environment, the baseline SD 2.1
U-Net generator requires nearly 9.7 GiB of memory. The proposed
method, which additionally trains the VAE decoder as the discrim-
inator, adds decoder weights, optimizer states, and activations, re-
sulting in approximately 10.8 GiB of memory usage, which corre-
sponds to nearly 11.8% increase compared to the baseline.

Computational Complexity. LD-GAN shares the same architec-
ture as Stable Diffusion 2.1 [RBL*22], consisting of approximately
1B parameters: U-Net (∼865M), VAE decoder (∼83M), and en-
coder (∼80M). While Stable Diffusion only updates the U-Net dur-
ing training, LD-GAN additionally trains the decoder as a discrim-
inator, adding approximately 9.6% computational overhead per
training step. Despite this additional cost, adversarial training leads
to significantly faster convergence. As shown in Fig. 8, LD-GAN
reaches an FID of 9.42 after approximately 1.2M steps, whereas
non-adversarial baseline only achieves 13.79 after 2M steps. This
corresponds to a reduction of nearly 40% in training steps and 34%
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Figure 9: Qualitative comparisons of local detail preservation
under denoising score-matching baseline [RBL*22] and negative
prompt settings.

in total training time, demonstrating that LD-GAN reduces overall
computational cost while improving performance

These results suggest that adversarial learning, when conducted
in a structured and stable manner, facilitates more efficient training
of the generator. In particular, the proposed energy-based discrim-
inator with structural consistency energy encourages multi-scale
alignment between encoder and decoder features, allowing the gen-
erator to more effectively capture the underlying data distribution
and produce sharper, more coherent outputs.

C Additional Qualitative Analysis

In this section, we provided additional qualitative analyses to ex-
amine the effect of the denoising objective and negative prompts
on local detail preservation. As a baseline, we adopt Stable Diffu-
sion [RBL*22], which is trained primarily with a denoising score-
matching objective. We additionally evaluated the same baseline
with negative prompts to analyze how prompt-level heuristics influ-
ence local artifacts. To ensure a fair comparison, all training config-
urations and hyperparameters are fixed according to the setup de-
scribed in Sec. 4.1, and all models are trained on the same LAION-
5B dataset [SBV*22]. The qualitative results are shown in Fig. 9.

Denoising Objective Analysis. Results obtained with the baseline,
which relies on pure denoising score matching, exhibit locally at-
tenuated high-frequency details, such as smoothed facial bound-
aries and fine textures, leading to slightly blurred local regions.
This can be attributed to the L2 noise-matching objective, which
tends to encourage averaging over ambiguous high-frequency com-
ponents during training. In contrast, the proposed adversarial en-
ergy provides a structural constraint that counteracts the smoothing
bias of L2 noise-matching, thereby improving high-frequency de-
tail preservation.

Negative Prompt Discussion. As shown in Fig. 9, negative
prompts reduce some locally distorted regions and mitigate cer-
tain local artifacts, such as distorted facial boundaries in human
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and irregular shapes around the ears and snout in dog, compared to
the baseline. However, such improvements are prompt-dependent
and rely on heuristic prompt engineering, whereas the proposed
method improves the generation quality, including local sharp-
ness and high-frequency detail, through adversarial training with-
out modifying the prompt.
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