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ABSTRACT Latent Diffusion Models have emerged as an efficient alternative to conventional diffusion
approaches by compressing high-dimensional images into a lower-dimensional latent space using a
Variational Autoencoder (VAE) and performing diffusion in that space. In standard Latent Diffusion Model
(LDM), the latent code is formed by sampling from a Gaussian distribution (i.e., combining both the mean
and the standard deviation), which helps regularize the latent space but appears to contribute little beyond
the deterministic component. Motivated by recent empirical observations that the decoder relies primarily
on the latent mean, our work reexamines this paradigm and proposes a decoupled latent diffusion model
that focuses on a simplified latent representation. Specifically, we compare three configurations: (i) the
standard latent code, (ii) a concatenated representation that explicitly preserves both mean and variance, and
(iii) a deterministic mean-only representation. Our extensive experiments on multiple benchmark datasets
demonstrate that, when compared to the standard approach, the mean-only configuration not only maintains
but in many cases improves synthesis quality by producing sharper and more coherent images while reducing
unnecessary noise. These findings suggest that a simplified, deterministic latent representation can yield
more stable and efficient generative models, challenging the conventional reliance on latent sampling in
diffusion-based image synthesis.

INDEX TERMS Denoising diffusion model, latent representation, image generation.

I. INTRODUCTION

Diffusion models have recently emerged as state-of-the-
art models across diverse domain such as image synthesis,
and audio generation. In particular, Denoising Diffusion
Probabilistic Model (DDPM) [1] and their variants have
achieved remarkable image quality by learning to reverse
a noise-adding process [2], [3], [4], [5]. However, a key
challenge with DDPM lies in their high computational
cost. Their operation in high-dimensional pixel space,
coupled with the requirement for extensive denoising steps
to produce samples, results in considerable computational
overhead concerning memory and time. This inherent com-
putational load has restricted their broader deployment in
applications demanding high-resolution image generation or

The associate editor coordinating the review of this manuscript and

approving it for publication was Anandakumar Haldorai

real-time synthesis, notwithstanding their excellent genera-
tive capacities.

To address this, Latent Diffusion Models (LDM) [6]
introduce a two-stage framework in which images are
first converted to a lower-dimensional latent space via
a Variational Auto-Encoder (VAE) [7] and then refined
using a diffusion process within that space. This approach
substantially reduces computational cost while maintaining
image fidelity.

A key element in this framework is the latent representation
produced by the VAE. Typically, the encoder generates a
Gaussian distribution by estimating both its mean vector
and the corresponding standard deviation, and a latent code
is obtained by sampling via the reparameterization trick.
Although this stochasticity theoretically enables diverse
reconstructions, empirical studies have shown that the
standard deviation is often underutilized, with the model
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relying mostly on the mean [8], [9]. This issue is related to the
well-known problem of posterior collapse in VAE [8], [10],
where the model learns to ignore the latent variables
(or parts of them, such as the variance component) and
reconstructs outputs based primarily on other information,
making the latent space less informative or redundant. This
observation raises an important question: Is the stochastic
component of the latent code truly necessary for high-quality
image synthesis, especially in the context of latent
diffusion?

Motivated by theses recent empirical observations that the
decoder is primarily based on the latent mean, we hypothesize
that the latent mean alone is sufficient to capture essential
information for high-quality image synthesis. To investigate
this phenomenon, our work reexamines the conventional
approach, introducing a decoupled latent diffusion model
centered on a simplified latent representation. Our study
specifically involves comparing three distinct configurations
for the latent code:(i) the standard latent representation using
both mean and variance, (ii) concatenated representation that
preserves the mean and variance as separate channels, and
(iii) deterministic mean-only representation which remove
the stochastic variance from the standard latent representa-
tion. Our analysis spans multiple datasets and includes both
quantitative and qualitative comparisons.

Our results demonstrate that using deterministic repre-
sentation not only preserves image quality but often yields
more coherent and stable outputs. In contrast, incorporating
the sampled variance can introduce unnecessary noise and,
in some cases, even degrade the quality of the gener-
ated images. These findings challenge the conventional
assumption that latent variance sampling is essential and
suggest that a simplified, deterministic representation may
reduce variance-induced artifacts without compromising
performance.

By focusing on the latent structure itself-without mod-
ifying the diffusion architecture or training objectives-we
provide a new perspective on how generative quality can be
retained while simplifying the latent code. Our contributions
are as follows:

o« We challenge the conventional paradigm in Latent
Diffusion Model by demonstrating that the deterministic
latent mean alone is sufficient for high-quality image
synthesis, thereby eliminating the need for stochastic
sampling from the VAE’s encoded distribution.

o Through extensive empirical evaluation across multi-
ple datasets, we show that this simplified mean-only
approach not only achieves comparable or superior
generative performance but also yields more coherent
and stable outputs compared to traditional stochastic
latent representations.

o Our detailed analyses provide novel insights, revealing
that the stochastic variance component of latent codes
contributes negligibly to synthesis quality and can,
in fact, introduce detrimental noise, advocating for more
efficient and robust LDM architectures.
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Our study shows the effectiveness of deterministic latent
representations in diffusion-based generative modeling and
point toward the way for more efficient and robust
architectures.

The remainder of the paper is constructed as follows:
Section II provides a brief overview of Variational auto-
encoder, Diffusion Model and Latent Diffusion Model.
Section III details of those generation models with their
essential equations. Section IV describes our suggested
method. Section V presents and discusses the quantitative and
qualitative results. Finally, Section VI concludes the paper
and suggests potential future work.

Il. RELATED WORKS

A. VARIATIONAL AUTO-ENCODER AND LATENT
REPRESENTATION

A principled framework is suggested by VAE [7] for learning
compact latent representations of high-dimensional data
by mapping input to low-dimensional latent, following a
Gaussian distribution characterized by mean and variance.
In theory, the stochastic component (the variance) captures
uncertainty and enhance the representation of sampled
output. However, in practice, powerful decoders often ignore
this variance, a phenomenon known as posterior collapse [8].
This observation has motivated research into alternative latent
representations that do not rely on an explicit variance
term. Vector Quantized VAE (VQ-VAE) [11] replaces the
continuous Gaussian latent with discrete latent which is
called codebook. By removing the need for the encoder
to predict a variance, VQ-VAE prevents posterior collapse,
effectively forcing the latent space to retain essential informa-
tion. Building on this, VQ-VAE2 [12] achieve more diverse
and high-fidelity images by modeling a multi-level latent
code. Concurrently, improved VAE architectures have shown
progress in bridging the quality gap with other generative
models [13], Another line of work, hierarchical VAEs such
as NVAE [14], stack multiple latent groups and introduce
architectural innovations (e.g., residual parameterization
of the latent distributions) to improve generative perfor-
mance. NVAE achieved state-of-the-art likelihoods among
VAE-based models by carefully designing the network and
employing techniques like KL balancing to prevent entire
groups of latents from turning off.

Although those VAE frameworks continue to utilize the
full latent code, these approaches demonstrate that removing
or constraining the stochastic element in the latent space
(e.g. using deterministic encoders or discrete latents) can
still yield powerful generative models. This insight lays the
groundwork for our investigation into using only the mean of
the latent code in a diffusion-model framework.

B. LATENT DIFFUSION MODELS FOR IMAGE SYNTHESIS

DDPM has emerged as a powerful image generation mod-
els, achieving state-of-the-art image synthesis quality [1],
[3], [15]. The diffusion model defines a forward process
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with Markov chain [16] that progressively corrupts an
image by incrementally adding noise and defines a reverse
process that remove the noise to recover the original data
distribution. Notably, DDPM demonstrated that iterative
denoising can produce high-fidelity images, even surpassing
GAN without mode collapse [3]. Further improvements
introduced techniques like classifier guidance to trade
diversity for realism [3] and optimized noise schedules for
faster sampling [2]. Crucially, the original DDPM fixed the
variance and trained the network to predict only mean at
each denoising step, a design that simplified training without
degrading sample quality in practice, since the estimation of
variance is not important to the final result.

Despite their success, diffusion models operating in the
original image space suffer very high computational costs
because of the large dimensionality and the need for many
iterative steps for diversity. This motivated the development
of LDM [6], which performs the diffusion process in a
learned lower-dimensional latent space. In LDM, a high-
resolution image is first compressed into a latent code
by a pre-trained auto-encoder, and diffusion process is
applied in this compact low-dimensional latent domain. LDM
shows that applying diffusion in a suitably chosen latent
space can retain image detail while dramatically reducing
computational requirements. The auto-encoder is trained
with perceptual and adversarial losses to ensure the latent
representations preserve important visual features. To avoid
unbounded latent distributions, the auto-encoder latent is
lightly regularized (e.g., a small KL penalty toward A/(0, T)
or vector quantization) during training. This strategy yields a
“near-optimal point between complexity reduction and detail
preservation”, enabling high-resolution image generation
with far less computational cost than image-space diffusion.

This careful regularization suggests that the stochastic vari-
ance may play a limited role in the final synthesis, motivating
our investigation into deterministic representation. By focus-
ing solely on the deterministic mean, we aim to simplify the
latent diffusion process further while maintaining, or even
improving, reconstruction quality.

C. EMPIRICAL STUDIES ON DETERMINISTIC LATENT
REPRESENTATIONS

A growing body of empirical work directly evaluates the
extreme case of using only the posterior mean (i.e., without
noise) in latent representations. Early evidence came from
deterministic variants of VAE, which showed that removing
latent sampling has little adverse effect on performance.
Reference [17] report that VAE with deterministic encoder
achieves log-likelihoods on par with a stochastic Gaussian
encoder, indicating that the random latent variance was
largely unnecessary. Reference [9] provide a comprehensive
study demonstrating that regularized auto-encoder can pro-
duce generated samples comparable to or better than those
from standard VAE. In their experiments, these deterministic
models learned smooth, meaningful latent spaces and dven
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improved sample quality in some settings. Reference [18]
show that training an auto-encoder deterministically(by
embedding it in an invertible flow) produces substantially
sharper and higher-fidelity images than a variational coun-
terpart, especially when the latent dimensionality is limited.
Furthermore, generative models with quantized of fixed
latents support that stochastic noise is not required for rich
generation. VQ-VAE-2 [12] attains GAN-level image quality
on ImageNet [19] using only discrete latent codes (without
continuous noise), underlining that deterministic code can
support diversity and high-fidelity.

Even during training, certain techniques deliberately
operate in a mean-only regime: [20] introduce a capacity
annealing schedule in S-VAE that initially constrains the
KL term to zero, effectively training without stochastic
information (i.e. using only the deterministic reconstruction
loss) and gradually increases effect of KL term. Such
practices further confirm that the decoder can rely almost
entirely on the deterministic component without collapse.

In summary, these regularized auto-encoders, quantized
latent models, and training heuristics studies all converge to
the finding that generative models can perform remarkably
well with deterministic representations. The diversity and
quality of outputs remain high [9], [12], validating our
hypothesis that injecting stochastic noise into latent is often
not strictly necessary to achieve high-performance generative
results. Each of these empirical results reinforces the intuition
that the encoded mean carries the essential information
needed for generation, while the omitted noise tends to
have only minor influence on the overall output distribution.
Deep learning’s influence extends far beyond generative
modeling, driving significant advancements across various
image processing applications. Recent comprehensive sur-
veys demonstrate this broad impact, covering tasks from
image restoration, including denoising [21], to intricate
analyses like image matching [22], [23]. This widespread
progress emphasizes deep learning’s versatility and power in
extracting insights and enhancing visual data across diverse
domains.

Ill. PRELIMINARIES

In this section, we outline the fundamental concepts underly-
ing VAE, DDPM and LDM. These models form the backbone
of our work, and a clear understanding of their standing
formulations is essential for appreciating our investigation
into simplifying the latent representation by relying solely on
the mean.

A. VARIATIONAL AUTO-ENCODER

VAE [7] provide a probabilistic framework for learning
compact latent representations of high-dimensional data.
Given an input x drawn from the data distribution g(x), the
encoder E(x) maps x into the parameters of a Gaussian
latent distribution characterized with mean p and standard
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deviation o':
q(zlx) = N(z; w, o°I), 4))

where z is latent code obtained using the reparameterization
trick [7], [24]

z=u+00e€ where € ~N(,D), )

where © is the element-wise product of two vectors,
also known as the Hadamard product. The decoder D(z)
reconstructs the input as x = D(z). The model is trained
by minimizing a loss function (Lyag) that combines a
reconstruction term (e.g., the L, norm between x and X)
with a Kullback-Leibler divergence term that regularizes
the approximate posterior g(z|x) to be close to a standard
Gaussian:

LyaE = Eyiollx — DRI + B - KL(g(0)IN (O, D) (3)

In theory, the stochastic component o © € in Eq. (2)
is designed to capture uncertainty and variability in the
data. However, in practice, powerful decoders can lead
to under-utilization of the variance-a phenomenon know
as posterior collapse [8]. This observation has motivated
subsequent research into simplified latent representations
that rely primarily on the deterministic mean w, while still
preserving the essential information for reconstruction. Such
insights are critical for the present work, which investigates
the efficacy of using only the latent mean in a diffusion-model
framework.

B. DENOISING DIFFUSION PROBABILISTIC MODEL
DDPMs are generative models that define a gradual noising
process followed by a corresponding denoising process.
Starting from a data xo drawn from the true data distribu-
tion g(xp), the forward process progressively corrupts the
sample by adding Gaussian noise over 7 time steps. This
process is defined as:

q(xelxi—1) = N(XtQ Vv1—=8x_1, D, “
where f; is a variance schedule that increase with ¢, ensuring
that the data become increasingly noisy, until at t = T.

At time T, the distribution is close to a standard Gaussian.
We can re-define o; as o; = 1 — B; and define the cumulative
product o; = Hi:l a;, which allows to relate x; directly to
xo as follows:

q(x1x0) = N V@, (1 — @)D. )

The reverse (denoising) process is modeled as a Markov
chain that starts from a noise x7 which is sampled from
N(0,T) and iteratively reconstruct xo. The joint distribution
is given by:

T
potxo.r) = pler) [ [ poCe—11x),
r=1

where p(x7) = N(xr; 0, 1), (6)
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and each reverse transition is parameterized as:

Po(xi—11x) = N(xr—1; o (xr, 1), To(xz, 1)), @)

where (g and ¥y are functions learned by a neural network.
The overall training objective is to minimize the discrepancy
between the true forward process and the learned reverse
process, typically leading to a simplified objective:

L=Ele —eg(x;, >, where € ~N(©0,D, (8)
with x; expressed in closed form as a function of x¢ and
noise €:

X = Vo + /1 —ae, 9

which allows to directly sample noisy data x; at time step ¢
directly from the clean image xg.

Due to the iterative noise addition and removal in image
space, DDPM incur high computational costs. To mitigate
this, the framework has been extended to LDM [6], which
employ a VAE to compress images into a lower-dimensional
latent space for more efficient training and inference.

C. LATENT DIFFUSION MODEL
While DDPM operates directly in image space, LDM
reduces computational overhead by performing diffusion
in a lower-dimensional latent space. A pretrained VAE is
employed to compress the high-dimensional image x into
a latent representation z: z = FE(x), where the encoder
E outputs parameters of a Gaussian distribution, typically
represented as:
z=u+00Oe where € ~N(0,]I), (10)
with u representing the deterministic component and o © €
the stochastic noise. The diffusion process is then applied in
this latent space. Specifically, a forward noising process is
defined on z similar to the pixel-space process:

q(z1120) = N'(z; Vazo, (1 — @), (11)

using the same cumulative product &; as defined above. The
reverse process is parameterized as:

po(zi—11z) = N(z—1; no(z, 1), Zo(z, 1). (12)

Once the reverse diffusion yields the denoised latent zg,
the VAE decoder D reconstructs the high-resolution image
X = D(zp).

Notably, while the standard LDM use the full latent code,
recent empirical observations indicate that the VAE decoder
is predominantly conditioned on the deterministic mean .
This finding has motivated our investigation into whether
deterministic representation is sufficient for high-quality
synthesis, potentially simplifying the latent space without
sacrificing reconstruction performance.
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FIGURE 1. Pipeline of our proposed method. Baseline corresponds to the original LDM latent code; Concatenated denotes the channel-wise
concatenation of the mean and standard deviation; and Deterministic represents the use of only the VAE encoder’s mean. Each configuration follows the
same overall pipeline from latent input to reconstructed output. In the pipeline, x is the input image, and ¢ and D denote the encoder and decoder of the
VAE, respectively. The encoder outputs the mean x and standard deviation o. Each colored arrow represents the flow of a specific configuration.

IV. METHOD

In this work, we extend the standard LDM framework
by re-examining the latent representation generated by the
VAE. In the original formulation, the latent code is sampled
from a Gaussian distribution, combining both the mean and
the standard deviation using the reparameterization trick.
However, empirical observations indicate that the stochastic
noise from the standard deviation is underutilized, and the
decoder appears to rely predominantly on the latent mean.
Motivated by this insight, we propose alternative latent
configurations that either decouple or entirely remove the
stochastic component. By keeping the diffusion process itself
unchanged, our goal is to rigorously evaluate how different
latent representations affect synthesis quality, while isolating
the effect of latent stochasticity. The overall pipeline is
represented in Fig. 1.

A. PROPOSED DECOUPLE LATENT DIFFUSION

Recall that in the original LDM framework [6], the latent
code z is constructed with the mean p and standard deviation
o of a Gaussian distribution using Eq. (2):

z=u+00Oe€ where €~ N(,I), (13)

which is then used as input of the diffusion process for image
synthesis. Based on our observations, we hypothesize that the
final generated output is predominantly determined by the
deterministic component mean p. To investigate this hypoth-
esis, we explore three latent representation configurations:
(1) Full Latent Code (z), (2) Concatenated Represen-
tation, and (3) Deterministic Representation. The first
configuration, Full Latent Code (z), is the baseline and uses
the standard formulation in Eq. (13), which is the original
latent representation in LDM. In the Concat Representation
configuration configuration, explicitly preserves both the
mean and the standard deviation by setting:

z = Concat (u, o), (14)

where Concat represents concatenating the mean and
the standard deviation channel-wise. This configuration
effectively doubles the latent dimensionality by providing
separate channels for the deterministic and stochastic com-
ponents. For instance, if mean and standard deviation each
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have dimensions [Batch size, Channels, Height, Width], the
resulting concatenated latent code will have dimensions
[Batch size, 2 x Channels, Height, Width]. In the final con-
figuration Deterministic Representation configuration, the
stochastic component is completely removed by setting

=M, (15)

which is equivalent to z = u + 0 - 0 © €. This variant retains
the same dimensionality as the full latent code but omits the
injected noise.

In this article, the term ‘“‘decoupled” refers to our
approach of separating or independently analyzing the
distinct components of the VAE’s latent representation that
are fed into the LDM. Conventionally, the latent code z
for an LDM is derived from the VAE encoder as a sample
from a Gaussian distribution, typically formulated as z =
i + o O €. This standard approach inherently couples
the generation process to both the deterministic information
(mean) and the stochastic information (derived from standard
deviation through sampling). Our ‘“‘decoupled” approach
investigates what happens when we break or modify this
traditional coupling. Specifically, we decouple the latent
representation in the following ways: (1) Challenging the
Stochastic Coupling: Our primary focus is on decoupling the
generation process from the inherent stochasticity introduced
by sampling from the variance component. We hypothesize
that the deterministic latent x alone might contain sufficient
information for high-quality image synthesis. By introducing
a deterministic mean-only representation, we essentially
“decouple” the diffusion model’s input from the sampled
stochastic noise originating from o. This allows us to
directly test if the mean alone is a sufficient condition for
effective generation, without the potential complications or
redundancy introduced by the variance. (2) Separate Com-
ponent Analysis: Even in our ““concatenated representation”
configuration, where both u and ¢ are present (as i and o
concatenated channel-wise), we are still “‘decoupling” them
from the sampling process that creates a single z. Instead
of being combined through sampling, they are presented as
distinct, separate information channels to the diffusion model.
In essence, “decoupled” signifies our move away from a
fixed, combined latent representation towards an exploration
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of isolated or independently presented latent components to
determine their individual contributions and necessity for
high-quality image generation in Latent Diffusion Models.
This enables a more precise understanding of the role of
mean and variance in the generative process. Our goal is to
assess whether removing the stochastic component standard
deviation adversely affects synthesis quality or if the mean
alone is sufficient for high-quality image generation.

For each configuration, the corresponding latent code is
fed into the same diffusion model architecture with identical
training hyper-parameters (e.g., learning rate, scheduler, etc.),
except that the concatenated configuration requires twice the
number of input channels. We deliberately do not modify
the diffusion process; our focus is solely on the impact of
the latent representation on the generative quality. In Fig. 1,
the first configuration (baseline) is shown in the top branch,
the second configuration (concatenated) in the middle branch,
and the third configuration (deterministic) in the bottom
branch. Although all branches follow the same overall
pipeline from latent input to reconstructed output, they differ
solely in the manner in which the latent code is formed prior
to diffusion.

B. TRAINING AND INFERENCE

We first describe the motivation and overall pipeline in
Fig. 1, then mathematically formalize the different latent
representations, and finally detail the training and sam-
pling algorithms in Alg. 1 and Alg. 2. The key idea
is to isolate the effect of the latent representation by
keeping all other components of the diffusion process
unchanged.

During training, given an input image x, the VAE encoder
E(x) produces the parameters © and o . Depending on the cho-
sen configuration c (baseline, concatenated, or deterministic),
the latent code zq is computed as follows:

nw+oQe, if ¢ is baseline,
z0 = 7 Concat(u, o), if ¢ is concatenated,
uw, if ¢ is deterministic.

This zg is then processed by the diffusion model, which
performs the forward and backward diffusion processes in the
latent space, ultimately yielding a refined latent z;,. The VAE
decoder D(z)) then reconstructs the high-resolution image X.
The training algorithm is outlined in Algorithm 1, and the cor-
responding sampling procedure is provided in Algorithm 2.
These algorithms ensure that all three configurations use the
same diffusion process and training schedule, so that any
differences in performance are attributable solely to the latent
representation.

This formulation encapsulates the concept and method-
ology of our proposed decoupled latent diffusion model.
By keeping the diffusion process unchanged across config-
urations, our design ensures that any observed differences in
generative performance are attributable solely to the choice
of latent representation.

130510

Algorithm 1 Training With Three Latent Configurations ¢

1: Input: Image x and

configuration ¢ € {baseline, concat, deterministic}

2: Encode the image: [, 0] < E(x)
3: if ¢ = baseline then
4: Sample € ~ N(0, 1)
5: Compute zp <~ w+0 O €
6
7
8
9

. else if ¢ = concat then
Compute zg < Concat(u, o)

. else
: Compute zo < u
10: end if
11: repeat
12: Sample timestep ¢ ~ Uniform({1, ..., T})
13: Compute z; <— AddNoise(zp, ) > Apply forward
diffusion
14: Predict noise: nn < DiffusionModelg(z;, t)
15: Compute loss: £ = ||TrueNoise(zg, 1) — f1||2
16: Update model parameters via gradient descent

17: until convergence

Algorithm 2 Sampling With Latent Configuration ¢
1: Input:
configuration ¢ € {baseline, concat, deterministic}
2: Initialize z7 ~ N(0, I)
3:fort=T,T—1,...,1do
4 Predict noise: n < DiffusionModelg(z;, f, Zcond)
5: Compute z;_1 < RemoveNoise(z;, 71, t)
6
7
8
9

: end for
. if ¢ = concat then
Split zp into 1 and o

: Sample € ~ N(0, 1)
10: Reconstructz <~ +0 O €
11: else
12: Set z <— zp
13: end if
14: Decode image: X < D(z)
15: return Generated image x

V. EXPERIMENTAL RESULTS

Through our experiments, we demonstrate that our proposed
method, which relies solely on the latent mean, effectively
enhances image synthesis quality and stability compared to
conventional approaches that utilize the full latent represen-
tation. Our experiments are designed to isolate the effect of
different latent representations within the LDM framework.
To ensure that any observed performance differences stem
exclusively from the chosen latent configuration, we fix
the training settings and use the same diffusion model
architecture and hyper-parameters across all experiments.

A. EXPERIMENTAL SETUP
Our implementation builds upon the official Latent Diffu-
sion Model (LDM) framework, leveraging its established

VOLUME 13, 2025



H.-T. Choi et al.: Decoupled Latent Diffusion Model for Enhancing Image Generation

IEEE Access

architecture and detailed
in LDM [6].

We employ a standard LDM architecture based on a
UNet [25] backbone. The model is trained with the following
fixed configuration: a spatial downsampling factor 4 resulting
in a latent shape of 64 x 64 x 3 when the original input shape
is 256 x 256 x 3. We used 1000 diffusion steps with a linear
noise schedule (ranging from 0.0015 to 0.0155). Training is
performed using a batch size 16 over 120k iterations on an
NVIDIA GeForce RTX 4090, with a constant base learning
rate of 1.28 x 10™* using AdamW optimization [26].

For the first stage, we use a pre-trained Variational
Auto-Encoder (VAE) with a latent resolution of 64 x
64 x 3 to compress the high-dimensional image x into
its latent representation z. This VAE architecture, including
its specific components and parameters, is consistent with
the one provided in the official LDM framework, which is
fully detailed in our primary LDM reference [6]. Unlike
many implementations that leverage VQ-VAE for higher
performance, we adopt a standard VAE with reduced latent
dimensionality to specifically study the impact of the latent
variance. Importantly, in original LDM setup, the VAE
decoder is solely used to reconstruct images from the encoded
latent and it cannot generate images from random noise.

Our evaluation covers four benchmark dataset: LSUN-
Churches, LSUN-Bedrooms [27], AFHQv2 [28] and
Celeba-HQ [29].

By keeping the training configuration and diffusion
process identical across experiments, we ensure that any
differences in performance can be imputed solely to the three
latent representations used. This unified set-up provides a
controlled environment to rigorously evaluate the influence
of latent stochasticity on generative quality.

training methodologies as

B. ROLE OF STANDARD DEVIATION IN IMAGE
RECONSTRUCTION

VAE encodes input images into a latent space characterized
by mean and standard deviation, enabling stochastic sampling
for reconstruction and generation. Traditional approaches
utilize both mean and standard deviation in latent represen-
tations to capture variations in data. However, the necessity
of the standard deviation component in image generation
remains an open question. To systematically examine its
role, we conduct experiments focusing on reconstruction
performance when only the mean is used versus when both
mean and standard deviation are incorporated. This section
explores how these latent representations influence the
quality, consistency, and interpretability of generated images.
To analyze the impact of the standard deviation in recon-
struction, we utilize a pre-trained VAE and manipulate the
latent space by adjusting the weight of the standard deviation
component. Specifically, we reconstruct images by feeding
different latent representations into the decoder of the VAE,
formulated as

Z=u+XN-00k¢, (16)
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where A controls the contribution of the standard deviation
component. This allows us to observe how increasing or
decreasing the standard deviation component affects the
reconstructed images. As shown in Fig. 2, each column
represents the input images, the mean and standard devi-
ation extracted from the encoder, and the corresponding
reconstruction results in order. Notably, when A = 0, the
reconstruction is solely based on the mean and when A = 1,
it is totally same as traditional VAE. From this perspective,
we change the value of A from O to 1.

Our findings reveal that varying A has minimal effect
on the quality of the reconstructed images. Regardless of
the value of A, the reconstructed images remain visually
indistinguishable, even the mean square errors between the
each reconstructed result are nearly zero, suggesting that the
standard deviation does not play a crucial role in preserving
the details of the image. Even when A is a high value, the
reconstructions do not show significant variations compared
to those generated using only the mean. This indicates that
the standard deviation does not provide additional useful
information for reconstruction.

Additionally, when visualizing the mean and standard
deviation outputs of the VAE encoder, we observe a stark
contrast in the type of information they capture. The mean
representation effectively preserves the input style, form, and
fine details, making it a reliable descriptor of the original
content. However, the standard deviation contains very little
information. Since the value of standard deviation merely 0,
we calculate log scale and apply min-max normalization for
visualization.

To produce these mean and standard deviation visualiza-
tions, we calculate the mean along the channel dimension,
revealing that the standard deviation lacks clear structural
patterns and contributes no meaningful high-level features.

These results suggest that the mean component alone
is sufficient for high-quality image reconstruction, and the
inclusion of the standard deviation does not improve the
perceptual quality of the images. This finding challenges
the conventional assumption that the standard deviation is
necessary for generating diverse outputs and indicates that a
simpler latent representation using only the mean could be a
more efficient approach in generative modeling.

Building upon the findings in this section, we offer a
mathematical analysis to explain why the standard deviation
component of the latent code have a negligible effect on
reconstruction fidelity. We can assume the decoder of VAE
D : R? - R"is L-Lipschitz [30], [31], [32], [33]:

ID(z1) — D(z2)|l2 <L|lz1 — z2ll2, forallz; and z5. (17)

When we setz; = o0 ©¢€ and z; = u, Lipschitz continuity
gives

1D+ 0 ©€) =D(wl2=Lljo © €. (18)
Squaring and taking expectation yields

EJIID(k + 0 @) — D3] < L*Ello 0 €l3]. (19)
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Mean Std (scaled) M\ =0

FIGURE 2. Reconstruction results on LSUN-Churches, LSUN-Bedrooms,
AFHQvV2, and CelebA-HQ (top to bottom). Columns show: input, mean, std
(scaled), and reconstructed outputs using \ € {0, 0.5, 1.0}. Labels shown
only for bottom row; alignment is preserved using spacing.

Because the components of € are independent with unit
variance,

d

d
Edlloc ©€l3] = D o?E[e]] = D o7 (20)
i=1

i=1
With eq. (20), eq. (19) can be written as

d
E{ID(n+0 @ €)= D3] <L* D of.  (21)

i=1
We check the magnitude of Eq. (20), using the pre-trained
VAE which is used in original LDM. For each dataset we

forward a batch which has N images, through the encoder
of VAE and get the mean value of Eq. (20).

2.52 x 1073 AFHQ-v2,
1 2.78 x 1073 CelebA-HQ,
— Zoz - _3 (22)
N 5.65 x 10 LSUN-Bedrooms,

6.07 x 1073 LSUN-Churches.

Treating the decoder as unit-Lipschitz—a worst-case but
always valid assumption because every activation is non-
expansive [34]—turns Eq. (21) into an explicit numeric
bound. For LSUN—Churches we obtained the worst-case
numeric bound:

E{ID(1 +00e) = D3] = 6.07 x 107,

which implies an root—-mean—square (RMS) error of

RMS = v6.07 x 1073 ~ 0.078.

The pixel values in all our experiments are normalized to the
interval [—1, 1], so the dynamic rangeis DR = 1 —(—1) = 2.
Expressed relative to this full scale,

RMS  0.078

=2 20 0,039 (3.9%).
DR 2
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In other words, the average value of the pixels moves by less
than 4% of its total range. Across all four datasets, setting
o = 0 changes the reconstructions by less than 0.1 RMS—
too small to see. This shows our deterministic-mean approach
works well even without extra regularization.

C. ROLE OF STANDARD DEVIATION IN IMAGE
GENERATION

Our results demonstrate that excluding standard deviation
in latent representations does not degrade image quality but
instead leads to more stable and visually coherent results.
As shown in Fig. 3, the first column shows images generated
using the original model, while the second column displays
images generated using the deterministic model (which
excludes standard deviation). The third column highlights
cases where the original model generates excessive details,
resulting in over-textured or visually corrupted images,
whereas the fourth column shows corresponding results
from the deterministic model, which successfully mitigates
such artifacts and produces more structured outputs. These
observations suggest that while the original model introduces
high-frequency variations and unnecessary textures, the
deterministic model produces cleaner, more interpretable,
and structurally coherent images without sacrificing realism.
Notably, the excessive details produced by the original model
often lead to ambiguous object boundaries, causing textures
to blend unnaturally and reducing the overall clarity of the
generated images. In contrast, the mean-only model preserves
well-defined object structures, ensuring clear separations
between different elements in the scene. This indicates that
the standard deviation component amplifies irrelevant noise,
leading to artificial artifacts rather than meaningful enhance-
ments. By removing standard deviation, we achieve greater
stability and consistency in image generation, demonstrating
that the mean alone is sufficient for high-quality synthesis.
These findings challenge the conventional assumption that
standard deviation is necessary in latent representations
and support a simplified modeling approach that maintains
generation quality while reducing computational complexity
and eliminating unwanted noise artifacts.

D. QUANTITATIVE AND QUALITATIVE

COMPARISON TO LDM

Based on our previous experiments, we observed that
the standard deviation has no discernible effect on image
reconstruction and may even impair image quality when the
latent is constructed with the standard deviation. Motivated
by these findings, we further evaluated image synthesis
performance by training a DDPM within the LDM framework
using three latent configurations: the baseline (full latent
code), the concatenated representation, and the deterministic
representation. Our primary evaluation metrics is the Fréchet
Inception Distance (FID), which provides an indication of
both the quality and diversity of the generated images on
LSUN-Churces [27], LSUN-Bedrooms [27], AFHQV2 [28]
and CelebA-HQ [29]. The results of image generation are
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Original Deterministic ~ Original Ruined Deterministic

HMR ]

FIGURE 3. The first column represents images generated using the
original method, while the second column shows images generated using
only the mean of the latent representation. The third column displays
images where the original approach produces excessive detail, leading to
visual artifacts or unrealistic textures. The fourth column shows the
corresponding images generated using only the mean, which mitigate
such excessive details and produce more visually coherent results.

shown in Fig. 4 and evaluation metrics are shown in Tab. 1.
We calculated the FID using 15,000 images for AFHQv2,
CelebA-HQ, and 50,000 images for LSUN-Bedrooms and
LSUN Churches.

For datasets such as LSUN-Bedrooms and AFHQV2, the
mean-only configuration outperforms the standard model.
On LSUN-Bedrooms, the FID improves from 27.3467 to
22.8598, and on AFHQv2, a substantial reduction is
observed—from 9.5429 to 4.4371. These improvements
suggest that, in these cases, the additional noise introduced by
sampling from the variance can be detrimental. By using only
the deterministic mean, the model produces a more stable and
consistent latent code, leading to better alignment with the
real data distribution.

On LSUN-Churches, the standard configuration yields
the lowest FID (15.8321), while the mean-only model has
a moderately higher FID (22.2465). Similarly, on CelebA-
HQ, the standard model achieves an FID of 5.6427 versus
6.2689 for the mean-only variant. These results indicate that
while the mean-only representation may introduce slight
degradation in some cases, the differences are relatively
modest. This suggests that, for certain datasets, the stochastic
noise may play a small beneficial role, but overall the
contribution of the variance remains minimal.

Across all datasets, the concatenated representation pro-
duces significantly higher FID scores. This consistent degra-
dation demonstrates that merely preserving the variance as
a separate channel does not enhance generative performance;
on the contrary, it appears to amplify noise, leading to artifacts
that increase the divergence from real image distributions.

In addition to the quantitative FID differences, qualitative
analysis (as shown in Fig. 4) reveals that images generated
with the concatenate configuration are noticeably blurrier
and lack sharp details compared to those from the standard
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and deterministic models. The extra stochastic component
appears to introduce excessive detail in an uncontrolled
manner, which results in a loss of fine structure and overall
coherence in the generated images.

Taken together, these results strongly suggest that within
the LDM framework, the latent mean captures the essential
information for high-quality image synthesis. The extra
noise contributed by the latent variance not only fails
to improve performance but can, in fact, degrade both
quantitative metrics and perceptual quality. Therefore, using
a deterministic latent representation offers a promising
direction: it simplifies the generative process, and, in many
cases, yields sharper, more coherent images. These findings
motivate further investigation into optimizing latent diffusion
models by omitting the stochastic component of the latent
representation.

E. DISCUSSION OF RESULTS

Our comprehensive evaluation across the three distinct
latent representation configurations: (1) Full Latent Code
(Baseline), (2) Concatenated Representation, and (3) Deter-
ministic Representation yielded clear insights into the role of
stochasticity in Latent Diffusion Models. As quantitatively
summarized in Table 1, the Deterministic Representation
consistently demonstrated strong performance, notably out-
performing the Baseline on datasets like LSUN-Bedrooms
and AFHQV2, while showing comparable results on others.
In contrast, the Concatenated Representation consistently
resulted in significantly higher FID scores across all datasets,
indicating a detrimental effect on generative quality.

The superior performance of the Deterministic method
primarily stems from its ability to provide a cleaner and more
focused latent input to the diffusion model by eliminating
the potentially noisy stochastic component derived from the
VAE’s standard deviation. Our experiments on image recon-
struction (Section V-B) indicated that the latent mean alone
is largely sufficient for high-quality image reconstruction,
suggesting that additional stochasticity from variance might
be worthless.

Building upon observations in general VAEs regarding
latent space utilization, we propose a detailed theoretical
hypothesis for why variance is underutilized in practice
within the LDM framework. As far as we know, our work
is the first to systematically investigate and demonstrate the
efficacy of exclusively using the deterministic latent mean
for image generation in LDM. We identify two primary
theoretical considerations for this phenomenon:

Firstly, posterior collapse may occur even in well-trained
VAEs used within LDM. While the KL divergence reg-
ularization aims for a rich latent distribution, it can be
minimally satisfied, leading the encoder to produce a very
narrow or near-deterministic posterior. Consequently, the
decoder learns to predominantly rely on the more stable and
informative mean component for reconstruction, effectively
marginalizing any sampled noise from the variance term.
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Baseline

Concat(u, o)

Deterministic

FIGURE 4. Image generation results on LSUN-Churches, LSUN-Bedrooms, CelebA-HQ, and AFHQv2 (top to bottom). Each image is 256 x 256, sampled
in batches of 16 without cherry-picking. Columns: (1) Baseline (1 + o ® ¢), (2) Concatenated ((1, o)), and (3) Deterministic (x).

TABLE 1. FID scores for each latent configuration across datasets (lower
is better).

Method LSUN-Churches LSUN-Bedrooms AFHQv2 CelebA-HQ
Baseline 15.8321 27.3467 9.5429 5.6427
Concatenate 34.3693 55.5091 13.0355 12.8054
Deterministic 22.2464 22.8598 4.4371 6.2689

This creates an optimization shortcut, where the model finds
it more efficient to ignore the stochasticity.

Secondly, the inherent stochasticity and robust denoising
capabilities of the diffusion process itself may render the
additional, less structured noise derived from the VAE’s latent
variance redundant or even counterproductive. Diffusion
models are explicitly designed to learn intricate denoising
functions across a predefined noise schedule. We hypothesize
that the noise sampled from the VAE'’s latent variance might
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not align optimally with these learned noise patterns. As a
result, the diffusion model, optimized for generation from its
own controlled noise, could implicitly learn to “filter out’ or
‘discount’ this extraneous VAE-induced noise, perceiving it
as interference rather than a beneficial contributor to high-
fidelity generation. This suggests that while stochasticity is
crucial for diffusion, the specific stochasticity from the VAE’s
variance might not add value and can, in fact, hinder the
generative process.

These theoretical considerations are strongly corroborated
by our empirical findings, particularly the superior generative
performance of the Deterministic Representation as shown in
Table 1 and the qualitative observations in Fig. 4.

By relying solely on the precise semantic and structural
information within the latent mean, the Deterministic method
facilitates a more stable and consistent generation process.
This results in sharper, more coherent images that better align
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with the real data distribution, underscoring the efficiency of
a simplified latent representation.

Conversely, the consistent degradation observed with the
Concatenated Representation, as seen in Fig. 4, highlights
that merely preserving the variance as a separate information
channel does not enhance generative performance. This
counter-intuitive result underscores a critical point: simply
providing the stochastic variance alongside the mean, even
in a distinct channel, does not inherently make it useful
for the diffusion process. Instead, it appears that the
additional variance information, despite being explicitly
separated, introduces noise or complexities that the diffusion
model struggles to effectively utilize. As hypothesized
earlier, the diffusion model, being optimized for its own
noise schedule, may perceive this auxiliary VAE-derived
variance as extraneous or even conflicting information.
When this superfluous information is explicitly concatenated,
it potentially adds a burden to the model’s learning and
generation process, leading to a loss of fine structure, reduced
coherence, and overall degradation in perceptual quality. This
suggests that the diffusion model might not only ignore but
actively struggle with processing such auxiliary stochastic
inputs when they don’t contribute constructively to the
denoising task.

These findings collectively suggest that the generative
power within the LDM framework predominantly resides in
the deterministic mean of the latent space. The stochastic
component, as traditionally incorporated or even separately
provided, does not consistently improve performance and
can, in fact, introduce detrimental noise. This motivates a
promising direction for optimizing latent diffusion mod-
els by focusing on more streamlined, deterministic latent
representations. This work, therefore, not only challenges
conventional paradigms but also opens avenues for designing
more efficient and perceptually robust generative models
by focusing on the most informative components of the
latent space.

VI. CONCLUSION
In this work, we reexamine the conventional LDM framework
by challenging the necessity of incorporating a stochastic
latent component. We investigated three latent representation
configurations: the standard full latent code (as used in the
original LDM), a concatenated representation that explicitly
preserves both the mean and the standard deviation, and
a deterministic representation that only using deterministic
component . Our experiments show that the deterministic
configuration frequently yields competitive—and in some
cases improved—generative quality as measured by FID.
Conversely, the concatenated configuration consistently pro-
duces significantly higher FID scores, indicating that simply
preserving the variance as an independent channel is not
effective without further optimization.

All configurations were implemented using the same
network architecture and hyper-parameters, ensuring that the
observed performance differences can be solely attributed to
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the latent representation. While our primary focus was on
the synthesis quality of generated images, the use of a deter-
ministic latent representation may also offer computational
advantages by eliminating the need for stochastic sampling
during inference. Future work will explore the trade-offs
between generation quality and computational efficiency,
as well as adaptive strategies to leverage latent variance when
it is beneficial.

Overall, our findings suggest that the latent mean encap-
sulates the essential information needed for high-quality
image synthesis within the LDM framework, whereas the
stochastic variance component can introduce unnecessary
noise. Simplifying the latent representation to rely solely on
the mean thus offers a promising direction for developing
more efficient and robust generative models.
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