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Figure 1. Class-conditional generation samples of our proposed LDMAE. Trained on ImageNet-1K, resolution of 256× 256.

Abstract

In spite of the remarkable potential of Latent Diffusion
Models (LDMs) in image generation, the desired properties
and optimal design of the autoencoders have been underex-
plored. In this work, we analyze the role of autoencoders in
LDMs and identify three key properties: latent smoothness,
perceptual compression quality, and reconstruction quality.
We demonstrate that existing autoencoders fail to simulta-
neously satisfy all three properties, and propose Variational
Masked AutoEncoders (VMAEs), taking advantage of the
hierarchical features maintained by Masked AutoEncoders.
We integrate VMAEs into the LDM framework, introducing
Latent Diffusion Models with Masked AutoEncoders (LD-
MAEs). Through comprehensive experiments, we demon-
strate significantly enhanced image generation quality and
computational efficiency.

*Equal contribution.
†Corresponding author.

1. Introduction
Diffusion models (DMs) [8, 17, 19, 29, 31, 41] have recently
set new standards in image generation, but their iterative
denoising process incurs high computational cost. While
deterministic sampling [26, 39] reduces the number of sam-
pling steps, the core inefficiency of operating directly in
pixel space remains.

To address these challenges, Latent Diffusion Models
(LDMs)[32] shift the denoising process from pixels to a
compressed space, focusing on semantic representations
with lower computational cost. For this, Variational Au-
toencoders (VAEs)[20] are adopted to enforce probabilistic
alignment with a prior, enabling smooth interpolation, gen-
erative sampling, and robust generalization.

However, this latent space alignment loss often nega-
tively impacts the reconstruction performance, leading to
a trade-off between latent space alignment and reconstruc-
tion quality. To mitigate this, LDMs, such as Stable Diffu-
sion [11, 32], incorporate adversarial and perceptual losses
to further improve the VAEs, which is commonly referred to
as the StableDiffusion-VAEs (SD-VAEs). Subsequent stud-
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Figure 2. Comparison of autoencoding methods across key metrics:
latent smoothness, perceptual compression quality, reconstruction
quality (at pixel and perceptual levels), and overall generation
quality. Each score is linearly rescaled so that the outermost and
innermost grids indicate the highest and lowest scores, respectively.

ies further improved it by enhancing reconstruction quality
via increased latent dimensionality [5, 10, 22, 45] or by im-
proving efficiency with more lightweight architectures [34].

Despite the notable success of the additional loss terms
in autoencoders, their specific roles in shaping the char-
acteristics of autoencoders, as well as their impact on the
entire LDM framework, remain underexplored. A fundamen-
tal question arises: what properties should an autoencoder
possess to effectively support LDMs? Since the choice of
autoencoder directly influences the quality and efficiency of
LDMs, this is a crucial question for designing an autoencoder.
To address this question, we propose three key properties
that an autoencoder should satisfy to effectively compress
data, preserve essential semantics, and eventually facilitate
high-quality image generation in the LDM framework: 1)
latent smoothness, 2) perceptual compression quality, and 3)
reconstruction quality.

First, latent smoothness ensures that minor perturbations
in the latent representation do not drastically change the
generated output. A sufficiently smooth latent space al-
lows the model to generate high-quality images robustly,
even when the diffusion model predicts latent codes with
some error. We reveal through an empirical analysis on
the stability of autoencoder embeddings under small per-
turbations (Sec. 5.1) that autoencoders with deterministic
encoding, such as vanilla AutoEncoders (AEs), lack this
property, whereas probabilistic encoding, as used in VAEs,
much better satisfies this requirement.

Second, perceptual compression quality measures how
effectively an autoencoder encodes the images into a sim-
plified latent space, maximizing the reduction of perceptual
details while preserving semantics as much as possible. How-
ever, the boundary between ‘semantics’ and ‘perceptual de-
tails’ is inherently ambiguous, as they exist on a continuous
spectrum. This spectrum ranges from pixel-level (minimal
compression) to object-level (maximum compression). In

Sec. 5.1, we observe that SD-VAEs aggressively compress
input images, resulting in compression close to the object-
level. This simplifies the latent space, making it easier for
diffusion models to predict latent codes, but sacrifices fine-
grained details. To mitigate this, we propose hierarchical
compression, which organizes the latent space into a con-
tinuous hierarchy: first grouping images into object-level
clusters, then subdividing each object into part-level clusters
(e.g., facial features), and finally refining them into fine-
detail clusters. This structure preserves global simplicity
while retaining local details, effectively balancing compres-
sion and reconstruction quality.

Lastly, reconstruction quality ensures the decoder to accu-
rately reconstruct the original image from its latent represen-
tation. We claim that this property needs to be assessed both
at the perceptual level (e.g., measured by rFID or LPIPS)
and at the pixel level (e.g., evaluated by PSNR and SSIM). In
literature, perceptual metrics such as FID are widely adopted,
while pixel-level reconstruction quality has been overlooked,
potentially due to the lack of reference images. Nevertheless,
ensuring high pixel-level reconstruction quality is crucial,
particularly for tasks that require precise spatial or numerical
consistency, such as image editing, inpainting, or super-
resolution. Our empirical analysis reveals that SD-VAEs
achieve high reconstruction quality at perceptual level, while
their pixel-level reconstruction quality is notably weaker.

From systematical assessments of these properties (see
Sec. 5.1 for details), we provide a concise summary of var-
ious autoencoders in Fig. 2. We clearly observe that no
existing autoencoders satisfy all of these desired properties,
lacking at least one of them. Inspired by the recent findings
of masked autoencoding [36] that it constructs a well-aligned
hierarchical feature space, we propose a novel transformer-
based Variational Masked AutoEncoders (VMAEs). VMAE
achieves both latent smoothness and high reconstruction
quality through probabilistic alignment, tailored loss design,
and structural enhancements, while retaining the hierarchical
compression benefits of MAEs. Additionally, VMAE signif-
icantly improves computational efficiency, using only 13.4%
of the parameters and 4.1% of the GFLOPs of SD-VAE. It
also converges 2.7 times faster with greater training stability.

Furthermore, we incorporate our VMAEs into the LDMs
framework, referred to as Latent Diffusion Models with
Masked AutoEncoders (LDMAEs). Through a series of
experiments, we verify that LDMAEs improve generative
performance across multiple datasets and settings. These
findings support our hypothesis that the three key properties
contribute to effective latent diffusion.

We summarize our contributions as follows:
• We identify smooth latent space, effective perceptual

compression, and high reconstruction quality as desired
properties of autoencoders for LDMs with empirical evi-
dence from thoroughly designed experiments.
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• Based on our analysis, we introduce VMAEs, a novel
autoencoder designed to improve all three key factors
with significant model efficiency.

• Through extensive experiments, we demonstrate superior
generation performance of our LDMAE, equipped with
our VMAE as its autoencoder.

2. Related Work

Diffusion Models. Diffusion models generate images by
reversing a forward noise process. DDPM [17] introduces
a Markovian framework where Gaussian noise is incremen-
tally added, and a neural network learns to denoise by op-
timizing Evidence Lower Bound, but requires many sam-
pling steps. Score-based models [41] generalize diffusion to
continuous time, enabling efficient solvers via reverse-time
stochastic differential equations. ADM [8] improves scala-
bility with architectural refinements and classifier guidance.

These standard diffusion models [8, 17, 39] operate in
pixel space, which presents significant computational chal-
lenges, especially for high-resolution sampling. To address
this, Latent Diffusion Models (LDMs) [31, 32] shift the dif-
fusion process to a learned latent space, using a pre-trained
autoencoder to represent data in a perceptually compressed
form, removing redundant pixel-level details.
Autoencoders for Image Generation. Autoencoders [13,
20, 33, 44] encode input data into a compact latent space
that preserves structure, reducing computational overhead
and enabling tasks like interpolation and reconstruction.

Recent studies have explored integrating autoencoder ar-
chitectures into image generation. Two main approaches
are based on on MAEs [13] and VAEs [20]. MAEs-based
methods, like MaskGIT [1] and MAGE [24], adapt masked
encoding to discrete token-based space, while MAR [25] uti-
lizes diffusion to generate continuous tokens. VAEs-based
methods sample images from a Gaussian distribution. VQ-
VAE [43] and VQGAN [10] further employ discrete latent
spaces with a codebook for improved generation.

LDMs [32], however, directly generate compressed la-
tents from autoencoders, which can be decoded back into
images, accelerating generation but often degrading recon-
struction quality. To address this, StableDiffusion3 [11],
Emu [5], and FLUX [22] introduce larger latent dimension-
ality to capture finer details. VA-VAE [45] adds alignment
losses with vision foundation models, and DC-AE [3] aims
for high spatial compression without sacrificing fidelity.

3. Preliminary

3.1. Autoencoders

We compare four classical autoencoder variants within
LDMs [32] and include MAEs [13], the foundation of our
model. See Appendix A for details.

The vanilla AutoEncoders (AEs) [33] are optimized
solely by the reconstruction loss, compressing the input
into a more compact latent space and reconstructing it back.
Denoising AutoEncoders (DAEs) [44] extend AEs by in-
troducing noise to the input data and training the model to
recover the original noise-free input for robust latent features
with improved generalization. Variational AutoEncoders
(VAEs) [20] adopt a probabilistic framework, encoding in-
put data into a latent distribution instead of a fixed vector,
with KL-divergence regularizing it towards a Gaussian dis-
tribution to enable sampling. StableDiffusion VAEs (SD-
VAEs) [11, 32] are built upon VQGAN [10], the autoencoder
adopted in traditional LDMs [32]. Following the VQGAN,
SD-VAEs integrate an additional adversarial network and
train with perceptual loss for an improved perceptual quality.
Unlike VQGAN, however, SD-VAEs omit the quantization
layer entirely and instead use continuous features. In this
paper, we follow the SD-VAEs settings from StableDiffu-
sion3 [11], the state-of-the-art LDM, unless noted otherwise.

Masked AutoEncoders (MAEs) [13] were introduced
as a self-supervised representation learning method using
Vision Transformers (ViTs) [9]. The encoder maps a ran-
domly masked-out image to fixed vectors, while the decoder
predicts the masked regions using these latent vectors along
with learnable mask tokens.

3.2. Latent Diffusion Models
Standard DMs [8, 17, 39] operate in pixel space x ∼ pdata
and optimize the following objective:

LDM = Ex,ϵ∼N (0,1),t

[∥∥ϵ− ϵθ
(
xt, t

)∥∥2
2

]
,

where ϵθ is the model that predicts the original noise ϵ given
the corrupted input xt at timestep t.

LDMs [32] extend this framework to the latent space
z ∼ E(x) encoded by an encoder E , instead of pixel space:

LLDM = EE(x),y,ϵ∼N (0,1),t

[∥∥ϵ− ϵθ
(
zt, t, τθ(y)

)∥∥2
2

]
,

where τθ(y) projects the conditioning inputs y into the latent
space, enabling multi-modal generative tasks.

4. Variational Masked AutoEncoders
We introduce our novel autoencoder, called Variational
Masked AutoEncoders (VMAEs), which embody the three
desirable properties for LDM framework, i.e., smooth latent
space (Sec. 4.1), perceptual compression (Sec. 4.2), and high
reconstruction quality (Sec. 4.3).

4.1. Support of Latent Space
We emphasize that probabilistic latent space is crucial for
training LDMs, as it ensures a smooth latent space—a
fundamental requirement of the diffusion process. An
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Figure 3. Sparse latent points vs. smooth latent space. Determin-
istic decoders allow only the exact points to be decodable due to
its sparse latent points. In contrast, probabilistic decoders, with a
smooth latent space, ensure that all latent points in the vicinity of
an encoded point remain within the decodable space.

overly sparse or low-dimensional latent manifold can hinder
diffusion modeling by causing inconsistent score match-
ing [4, 40].

Intuitively, when the target space is sparse, the diffusion
model needs to learn exact point mappings, making training
highly challenging. In LDMs, latent sparsity is closely tied
to decoder capability—if the decoder can reconstruct only
from a limited set of discrete points, the diffusion model
is constrained to generating those exact points for success-
ful reconstruction. In contrast, in a fully-supported latent
space—i.e., where the decoder reliably reconstructs from
any point—the diffusion model is allowed to flexibly gen-
erate latents within a vicinity of the target point, enabling a
more robust generation process.

This phenomenon is illustrated in Fig. 3, comparing deter-
ministic autoencoders (AEs, DAEs) with probabilistic ones
(VAEs, SD-VAEs, VMAEs). Deterministic models encode
inputs into fixed vectors, creating a sparse latent space where
only exact encodings are decodable, while most other points
remain inaccessible. Even slight perturbations by Gaussian
noise make decoding difficult. In contrast, probabilistic
ones establish a continuous latent space, ensuring that points
within a noise-induced vicinity remain decodable, enabling
stable reconstruction. See Sec. 5.1 for a detailed analysis.

Reflecting this observation, we design our VMAEs to
encode input data x ∼ pdata(x) as probabilistic distributions
qϕ(z|x) rather than fixed points, promoting smoother latent
space. Additionally, we regularize the latent distribution
toward a Gaussian prior p(z) via KL divergence, ensuring
strict adherence to the Variance Preserving (VP) probability
path condition [41], i.e., unit variance, by minimizing

Lreg = Epdata(x)

[
DKL(qϕ(z|x)|p(z))

]
. (1)

4.2. Perceptual Compression
Following the original LDMs [32], perceptual compression
refers to encoding raw data into a compact latent space where
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Figure 4. Separability of latent features. Our VMAE achieves
a more highly separable latent space while maintaining strong se-
mantic grouping, indicating hierarchical compression. In contrast,
SD-VAE primarily exhibits semantic clustering without clearly dif-
ferentiating features within each cluster.

fine-grained perceptual details are discarded, while preserv-
ing macroscopic semantics. Then, the decoder is responsible
for recovering these details; that is, an ideal autoencoder en-
codes semantically similar features identically in the latent
space, and the decoder restores the distinctiveness by adding
specific perceptual details back.

However, it is inherently impossible to precisely define
the boundaries between ‘semantics’ (to be preserved) and
‘details’ (to be compressed). Rather, these aspects lie on a
continuous spectrum, ranging from the lowest pixel-level
(no compression) to the most abstract object-level (most
compressed). Intermediate levels can include parts (e.g.,
eyes or nose) or patterns (e.g., texture or color). Given this,
we claim that it is crucial to design an autoencoder with a
compression level optimized for LDM framework.

Fig. 4 (top) illustrates unsupervised clustering of the lo-
cal features of SD-VAE for a giraffe image, with various
number of clusters. While SD-VAE clearly distinguishes the
main object (giraffe) from the background (2 clusters), it
struggles to capture finer details like fur patterns (4 clusters).
This suggests that its compression ability is limited to the
highest object-level, renouncing to represent finer details in
the latent space. This simplified latent space can facilitate
the learning process of the diffusion model [2], but it may
result in the loss of perceptual details at decoding, as most
fine details are discarded during the encoding process. Also,
as the fine-grained features are entangled in the latent space,
downstream tasks like image editing, where disentangled
features are particularly critical [12, 14, 27, 37] would not
be performed well. Based on these intuitions, we explore
an alternative autoencoder with optimal perceptual compres-
sion.

Recent studies [30, 36] have demonstrated that the en-
coded features of MAEs are highly distinguishable based
on the perceptual visual patterns such as texture and color,
learned through its masked-part prediction objective. More-
over, the latest analysis on MAEs [36] further confirms that
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this training strategy leads the encoded patch vectors to be
hierarchically clustered in the embedding space from the
abstract objects to simpler visual patterns.

These findings pave the way to equip an autoencoder with
continuously hierarchical compression by leveraging MAEs.
That is, latent features are first compressed at the object-level,
then progressively diversified down to the pattern-level hier-
archically, with the degree of clustering decreasing at each
stage. Fig. 4 (bottom) illustrates that our MAEs-based latent
features are gradually distinguishable from high-level ob-
jects (2 clusters) to finer fur patterns (4 clusters). showcasing
its hierarchical compression. This hierarchical compression
meets the needs of both autoencoders and LDMs: 1) strongly
clustered features at higher levels simplify diffusion model
training, and 2) discriminative features across various levels
create a highly disentangled, yet hierarchically structured
latent space, enabling high reconstruction quality.

Considering these aspects, we incorporate the masked-
part prediction objective for hierarchical perceptual compres-
sion. Specifically, the probabilistic decoder pθ is trained to
predict the masked regions xm, given only the latent vari-
ables of the visible regions, z ∼ qϕ(z|xv), by optimizing:

LM = Epdata(x),p(xv|x),p(xm|x),qϕ(z|xv)[− log pθ(xm|z)].

As z ∼ qϕ(z|xv) in masked-part prediction, the regulariza-
tion for the latent distribution in Eq. (1) is modified to

Lreg = Epdata(x),p(xv|x)

[
DKL(qϕ(z|xv)|p(z))

]
.

4.3. Perceptual Reconstruction
Although autoencoders solely trained to minimize the pixel-
wise distance (e.g., AEs) demonstrate strong reconstruction
capability, they do not necessarily recover perceptual details
in the pixel space. As illustrated in Fig. 5, AE achieves
an optimal reconstruction with a very low MSE. However,
closer inspection of the boxed region reveals subtle differ-
ences, such as the lumped details of the ropes on the cow’s
head, which affect perceptual fidelity. For VAE, neither
pixel accuracy nor perceptual fidelity is achieved, resulting
in blurry reconstruction, losing most perceptual details. To
address the loss of perceptual details in decoding, we train
our VMAEs with both perceptual and reconstruction losses.

Since the reconstruction loss can be applied only to the
visible regions xv in the masked-part prediction scheme,

LR = Epdata(x),p(xv|x),qϕ(z|xv)[− log pθ(xv|z)].

For perceptual loss, we use LPIPS [46] loss, implemented
as a reconstruction loss at the feature level:

LP = Epdata(x),qϕ(z|xv),pθ(x̂|z)

[∑
l

wl∥ψl(x)− ψl(x̂)∥22
]
,

where ψl extracts features up to the l-th layer of a pre-trained
network (e.g., VGG [38]), with wl as its layer weight.

Original image AE VAE VMAE

rFID ↓
0.0013 0.0018 0.0014MSE ↓

6.21 17.41 0.89

Figure 5. Key factors for reconstruction quality. Although
all autoencoders achieve a comparable pixel-level reconstruction
(in MSE), they differ in perceptual details especially within the
boxed region (in rFID), suggesting that the autoencoders should be
optimized for both pixel-level accuracy and perceptual restoration.

4.4. Model Architecture and Training Objective

Putting all ideas together, we finally propose the model ar-
chitecture and training objective of our proposed method,
Variational Masked AutoEncoders (VMAEs) in detail.

Model Architecture. We adopt a symmetric ViT-based
encoder and decoder. At encoding, an image is spatially
downsampled by patchification and fed into Transformer
layers. The encoded features are then reduced to a pre-
defined size. With the symmetric structure, the decoding
process mirrors the encoding process in reverse order.

Training Objective. Based on our observations of latent
space, we claim that the three aforementioned properties are
essential for autoencoders to effectively support LDMs. To
satisfy these, we design our encoder and decoder as prob-
abilistic functions to construct a smooth latent space, reg-
ularized with a KL divergence to satisfy the VP condition
(Sec. 4.1). To preserve discriminative features essential for
hierarchical compression [36], we allow the predicted mean
to be learnable without enforcing it to zero, while still reg-
ularizing the variance to be unit. More importantly, we
incorporate the masked-part prediction loss to achieve hier-
archical compression (Sec. 4.2) and the perceptual loss for
perceptually accurate reconstruction (Sec. 4.3). Overall, the
final training objective of our VMAE is

LVMAE = LR + λM · LM + λP · LP + λreg · Lreg, (2)

where λM, λP and λreg are scaling hyperparameters.

5. Evaluation on Autoencoders

In this section, we first evaluate our VMAEs in the aspect of
latent space, comparing with other autoencoders introduced
in Sec. 3.1. All autoencoders are trained on the ImageNet-
1K [7] training set with their respective optimal hyperpa-
rameters using 8 NVIDIA A100 GPUs (40GB). Elaboration
on datasets and implementation details can be found in Ap-
pendix B.1.
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Figure 6. Robustness to the noise perturbation in latent space.
Probabilistic autoencoders (VAE, SD-VAE, VMAE) demonstrate
greater robustness to latent perturbations, as their decoders can
reconstruct from a smoother latent space compared to deterministic
autoencoders (AE, DAE).

5.1. Results and Analysis

Latent Space Smoothness. As introduced in Sec. 4.1, the
latent space should be smooth and continuous rather than
consisting of sparse points to ensure stable and consistent
score matching. As illustrated in Fig. 3, deterministic en-
coders (AE, DAE) project inputs into discrete and sparse
latent points, restricting the decodable space to the discrete
isolated points. In contrast, probabilistic encoders (VAE, SD-
VAE, VMAE) map inputs to latent distributions, forming a
continuous latent space that broadens the decodable region.
A continuous space is preferable to discrete points for dif-
fusion models to learn, as it allows generations within the
vicinity of target points rather than requiring exact matches.

To assess the smoothness of the latent space, we compare
the robustness of each autoencoder to a noise with varied
perturbation ratios. Fig. 6 reports rFID scores of each au-
toencoder with varied noise levels, measuring the quality
of generated images. First, the deterministic autoencoders
(AE and DAE) show reasonably good performance when the
noise level is extremely low, while the rFID score signifi-
cantly drops when a larger level of perturbation is applied.
This suggests that deterministic encoding approaches would
destabilize the diffusion model’s learning process due to
their limited support in the latent space. In spite of their
completely deterministic design, they still show robustness
for a very small noise, probably because the training process
causes some level of errors when they map images to the
latent space and reconstruct them, and the model learns to
robustly map within this small range of noise. Second, VAE
shows minimal increase in rFID across perturbation ratios,
indicating that its decodable space is most widely supported.
Nevertheless, its high absolute rFID scores make it less suit-
able for LDMs. Lastly, SD-VAE and VMAE demonstrate
combined strengths, achieving the best quality (in rFID)
while more robust to noise compared to AE and DAE. This
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Figure 7. Perceptual compression evaluation of autoencoders.
(a) object-level and (b) part-level are evaluated with ADE20K and
CelebAMask-HQ, respectively. A lower compression degree (σ2)
signifies stronger compression, whereas higher semantic disentan-
glement (ρ) reflects the amount of semantic information retained
after compression. Our VMAE is positioned closest to the ideal
autoencoder, indicating the most effective perceptual compression.

indicates that a probabilistic latent space indeed results in a
larger decodable space which is more desirable for LDMs.
Comparing the two, our VMAE consistently outperforms
the strongest baseline, SD-VAE across all noise levels. This
conclusion is consistent with the actual generation quality,
demonstrated in Tab. 3.
Perceptual Compression. As detailed in Sec. 4.2, percep-
tual compression consists of two key properties: how much
perceptual detail is compressed during encoding and how
well semantic information is preserved after encoding. For
the former, the more perceptual details are discarded during
the compression, the smaller the variance among the features
within a same cluster will be. To quantify this, we measure
the average feature variance within each semantic cluster,
denoted by σ2, based on the ground truth segmentation map.
In the context of LDMs, an effective autoencoder should
exhibit a higher degree of compression than the raw image;
that is, a smaller σ2 is desired.

For the latter, on the other hand, if the compression ef-
fectively retains the semantics, the semantic clusters should
be highly distinguishable (disentangled) from each other in
the latent space. Specifically, we first construct an affinity
graph of latent features from each image and compute the
mean intra-cluster edges (uintra) and mean inter-cluster edges
(uinter) based on the ground truth. Then, we quantify the
semantic disentanglement by their ratio ρ = uintra/uinter. In
the context of LDMs, it is desired to maintain semantically
distinguishable features; that is, ρ > 1.

To consider various compression levels, as proposed in
Sec. 4.2, we use ADE20K for object-level evaluation and
CelebAMask-HQ for part-level evaluation, where the seman-
tics refer to the objects (e.g., chair, table) in ADE20K, while
the parts in CelebAMask-HQ (e.g., nose, ears), respectively.

As shown in Fig. 7, DAE and VAE exhibit larger σ2 than
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Figure 8. Illustration of compressed latents of autoencoders,
along with relative compression degrees (σ2). VMAE achieves
a strong compression with diversified features, preserving more
detailed semantics, unlike VAE with highly dispersed features or
SD-VAE with excessively entangled features.

the raw image, indicating that they are unable to perform
compression—a fundamental requirement for perceptual
compression, while AE, SD-VAE, and our VMAE success-
fully achieve it. Among these, SD-VAE shows the strongest
compression, indicated by the lowest σ2. However, its ρ is
lowest among all methods, implying that its compression
not just reduces perceptual details but also erases essential
semantic information, resulting in excessive feature entan-
glement. Notably, VMAE most successfully balances and
simultaneously satisfies the two criteria, i.e., strong compres-
sion capability and superior semantic disentanglement.

For further qualitative analysis, we illustrate the com-
pressed latents with respect to the degree of compression
(σintra) in Fig. 8. As clearly shown in (a) part-level com-
pression, VAE features are highly dispersed, implying that
they are embedded closer to a Gaussian distribution rather
than a semantically meaningful one. This observation aligns
with findings in β-VAE [16]. Also, as the objects in the
same class are not distinctly labeled in ADE20K, the ex-
tremely low σ2 of SD-VAE in (b) object-level compression
suggests that its latent features are not only entangled within
individual objects but also struggle to discriminate different
objects. This result strongly suggests that the latent features
of SD-VAE are highly entangled, leading to degraded de-
coding performance (Tab. 1) and making them unsuitable
for downstream tasks (Sec. 4.2). The superior performance
of our VMAE is evident in both (a) and (b), where its fea-
tures are diversified yet semantically structured, indicating
its hierarchical compression.
Reconstruction Quality. We evaluate the reconstruction
capability of autoencoders using various metrics on the
ImageNet-1K test set. Tab. 1 indicates that AE and DAE
excel in pixel-level reconstruction (L1, MSE, PSNR, SSIM),
while they exhibit weaker perceptual reconstruction (LPIPS,
rFID). VAE performs poorly across all reconstruction met-

Table 1. Reconstruction performance comparison across autoen-
coders on ImageNet-1K test set.

Model L1↓ MSE↓ PSNR↑ SSIM↑ LPIPS↓ rFID↓

AE 0.0218 0.0013 32.18 0.895 0.172 6.21
DAE 0.0237 0.0015 31.31 0.887 0.175 3.97
VAE 0.0281 0.0018 29.40 0.825 0.281 17.41
SD-VAE 0.0223 0.0015 29.85 0.853 0.099 1.89
VMAE (Ours) 0.0221 0.0014 31.52 0.890 0.062 0.89

Ground truth 0.0000 0.0000 ∞ 1.000 0.000 0.000

Table 2. Model efficiency comparisons. The numbers in parenthe-
ses indicate the relative percentage of our method’s efficiency.

Metric AE, DAE, VAE, SD-VAE VMAE (Ours)

Model size (MB) 319.7 42.7 (13.4%)
GFLOPS 17,331.3 703.9 (4.1%)
Training time (hr) 24 9 (37.5%)

rics, making it unsuitable for LDMs. This is possibly due
to the strong influence of KL divergence loss, which forces
the decoder to reconstruct images from sampled latents near
a Gaussian distribution, making reconstruction more chal-
lenging. In contrast, SD-VAE achieves strong perceptual
reconstruction while maintaining comparable pixel fidelity,
owing to the additional reconstruction loss, i.e., adversarial
loss, which alleviates the strong influence of latent regular-
ization. Our VMAE surpasses SD-VAE in both perceptual
detail recovery and pixel-level accuracy, benefiting from its
hierarchically structured latent features, i.e., diversified rep-
resentations that facilitate more precise decoding. In our
VMAE, patch drop during the encoding likely weakens the
effect of latent regularization.
Model Efficiency. We compare the model cost in Tab. 2.
Our VMAE demonstrates significantly faster training and
inference, with considerably smaller model size. Faster
inference is particularly favorable for training LDMs, as
image encoding is required at each iteration.

6. Evaluation on Overall Image Generation
We conduct experiments to evaluate the performance of
our LDMAE, an LDM model equipped with the proposed
VMAE, for image generation. The datasets and detailed
experimental setup is provided in Appendix B.2.

6.1. Results and Analysis
Tab. 3 presents the generation performance of LDMs
equipped with different autoencoders. We can analyze these
results through the lens of the three desirable properties of
autoencoders for LDMs.

AE and DAE, which lack smooth latent spaces, show
weaker generation performance than probabilistic models
like SD-VAE and VMAE, which benefit from smoother la-
tent representations. Among deterministic models, DAE
performs slightly better than AE, indicating that DAE’s la-
tent space is actually more robust [44]. VAE achieves the
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Figure 9. Generated Samples on CelebA-HQ (256× 256). Our LDMAE successfully captures diversity in age, ethnicity, hairstyle, and
other characteristics, while also preserving fine details of human faces.

Table 3. Comparison of generation performance among different
autoencoders on ImageNet-1K (256×256) and CelebA-HQ (256×
256). The best values are highlighted in bold, and the second-best
values are underlined.

Model ImageNet-1K CelebA-HQ

gFID↓ sFID↓ IS↑ Prec↑ Rec↑ gFID↓ sFID↓

AE 12.92 12.65 124.0 0.724 0.339 24.80 29.90
DAE 8.60 12.12 160.3 0.797 0.402 21.42 22.90
VAE 34.60 22.32 54.6 0.517 0.415 32.33 32.96
SD-VAE 6.49 5.60 173.3 0.819 0.429 9.00 14.83
VMAE 5.98 5.16 185.5 0.844 0.435 7.61 9.08

smoothest latent space, but its poor reconstruction quality
results in the worst generation scores on both datasets. This
highlights that latent smoothness alone is insufficient with-
out reliable reconstruction. Notably, the gap between VAE
and deterministic models (AE, DAE) is much smaller on
CelebA-HQ than on ImageNet-1K. This is likely because the
ImageNet-1K dataset is often poorly preprocessed, leaving
objects off-center or smaller, with large, noisy backgrounds.
Such background noise reduces sensitivity to fine recon-
struction errors, especially in perceptual metrics like FID.
In contrast, CelebA-HQ images are tightly cropped, with
large, centered faces and minimal background, making them
more sensitive to small errors in the predicted latent codes,
which can be resolved by a sufficiently smooth latent space.
SD-VAE balances all three properties well, achieving solid
performance on both datasets. VMAE further improves each
property and consistently achieves the best scores across
all metrics. Moreover, VMAE’s superior pixel-level recon-
struction quality, while not directly reflected in FID and IS,
likely enhances the perceptual quality of generated images.
Figs. 1 and 9 show generated samples from ImageNet-1K
and CelebA-HQ, demonstrating high-resolution results with
balanced quality across diverse objects and faces.

6.2. Ablation Study
To evaluate the impact of each loss term on reconstruction
and generation quality, we conduct an ablation study on
ImageNet-1K (256× 256). Tab. 4 presents the results across

Table 4. Ablation study on the effect of each loss term. We report
reconstruction quality using rFID, PSNR, LPIPS, and SSIM and
assess generation quality using gFID on ImageNet-1K (256×256).

Losses PSNR SSIM rFID LPIPS gFID

Baseline (MSE) 32.18 0.906 6.21 0.172 12.92
+ Masking loss (LM) 32.01 0.913 4.66 0.130 8.92
+ Latent regularizer (Lreg) 31.14 0.881 1.59 0.112 6.32
+ Perceptual loss (LP) 31.52 0.889 0.89 0.062 5.98

five metrics: rFID, PSNR, LPIPS, SSIM, and gFID.
Starting only with the MSE reconstruction loss, same

as the standard AE, the baseline focuses solely on pixel-
level fidelity. Consequently, it excels in PSNR and SSIM
but underperforms in perceptual metrics (rFID, LPIPS). As
analyzed in Sec. 5.1, the AE lacks latent smoothness, ulti-
mately leading to high gFID. When the masking loss LM
is added, the model becomes similar to vanilla MAE. Al-
though this results in some loss of pixel-level reconstruction
quality, it yields a more aligned latent space, thereby im-
proving perceptual reconstruction. As a result, the gFID also
improves substantially, although latent smoothness remains
inadequate. Adding the latent regularizer Lreg loss leads to a
slight drop in PSNR and SSIM but confers a substantial gain
in perceptual reconstruction quality, which carries over to
better generative performance. Finally, adding the perceptual
loss LP further enhances perceptual reconstruction quality,
not only slightly recovering pixel-level reconstruction but
also significantly improving rFID and LPIPS, with a modest
improvement in gFID.

7. Summary
We propose three key properties for autoencoders in LDMs:
latent smoothness, perceptual compression, and high-quality
reconstruction. By analyzing existing autoencoders, we in-
troduce Variational Masked AutoEncoders (VMAEs) to ad-
dress their limitations while balancing these properties. Ex-
tensive experiments show that VMAEs enhance generative
performance with a stable training process and highly effi-
cient inference. Our findings provide valuable insights for
designing effective autoencoders for LDMs.
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