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Abstract. Latent generative models compress images into learned em-
beddings prior to synthesis, and the generation quality critically depends
on how faithfully these embeddings preserve visual detail. We observe
that while such embeddings are effective at reconstructing low frequency
structure, they struggle to recover sharp high frequency details that are
essential for perceptual realism. Conventional reconstruction objectives
implicitly prioritize coarse structural information over high frequency
content, which can lead to overly smoothed outputs and degraded vi-
sual quality in textured regions. Motivated by this observation, we pro-
pose DeBaT, a Decoupled frequency Band Tokenizer that explicitly sep-
arates the learning of low and high frequency band embeddings. This
decoupling enables accurate reconstruction of fine details while preserv-
ing global coherence. Integrated into a latent diffusion based generative
model, DeBaT allows for sharper and more realistic samples than previ-
ous latent tokenizers, confirming that the explicit decoupling of high and
low frequency bands eases the preservation of visual details in learned
embedding spaces.
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1 Introduction

Latent generative modeling [4,/9}/27,[61] has become a central paradigm in mod-
ern content generation, enabling the synthesis of high fidelity visual data. These
models typically operate in compressed latent spaces learned through varia-
tional autoencoders such as VAEs [22}25], where generation quality depends
critically on the expressiveness and reconstruction fidelity of the latent represen-
tations. Increasing latent dimensionality can enhance representational capacity,
but often yields diminishing visual generation improvements together with signif-
icantly higher computational cost. VAVAE [51] highlights this as an optimization
dilemma inherent in latent modeling: pixel level reconstruction objectives favor
faithful reconstruction as capacity increases, whereas generative objectives re-
quire semantically structured latent spaces. By aligning latents with pretrained
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Fig. 1: Reconstruction quality for two examples. We compare the reconstruction of
VA-VAE to our approach DeBaT. Highlighted regions emphasize textures and edges.
DeBaT better preserves high-frequency details and sharp structures, producing recon-
structions visually closer to the input. Arrows indicate reconstruction errors.

vision foundation models, VAVAE improves convergence and semantic realism.
However, despite these advances, VAVAE often lacks to faithfully reconstruct
sharp textures and fine details, particularly in regions dominated by high fre-
quency content such as text, as shown in In this work, we propose
a simple yet effective approach to learn detail preserving latent embeddings,
Decoupled frequency Band Tokenizer (DeBaT).

Our proposed approach is motivated by a comprehensive frequency based
analysis of the reconstruction behavior of state-of-the-art latent tokenizers, which
serve as the foundation of modern latent generative pipelines [25,/43,[46}/47,[51].
For this analysis, we focus on latent diffusion and autoregressive models, which
represent the current frontier of high quality visual generation. These methods
typically follow a two stage design: a latent tokenizer, often implemented as a
VAE variant, learns quantized or continuous embeddings, and a probabilistic
generative model is subsequently trained within this latent space.

Our spectral analysis uncovers a consistent limitation. While different tok-
enizers vary in their ability to reconstruct low frequency structure, their high
frequency reconstruction error remains strikingly similar across architectures, i.e.
they become ever better at encoding semantic properties and global coherence.
At the same time, high frequency components, which encode perceptually critical
information such as textures and fine structural details and are therefore equally
important for perceptual realism, are systematically under-reconstructed. This
reveals a fundamental imbalance in current latent tokenizers: they are optimized
for structural faithfulness but not for fine detail preservation.

To faithfully encode fine details, i.e. high-frequency information, our pro-
posed DeBaT (Decoupled frequency Band Tokenizer) explicitly separates and
independently optimizes low and high frequency components via wavelet de-
composition. Unlike conventional tokenizers that operate purely in the spatial
domain, DeBaT performs an explicit frequency band decomposition and learns
distinct latent embeddings for low and high frequency components. This en-
ables faithful reconstruction of fine textures while preserving global structural
coherence. illustrates a visual comparison with VA-VAE, demonstrat-
ing improved preservation of sharp structures and high frequency details. By
integrating DeBaT into a lightweight latent diffusion model, LightningDiT, we
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observe that improved spectral reconstruction directly translates into high qual-
ity realistic generative samples.

Our main contributions are summarized as follows:

v/ We present a comprehensive frequency-based reconstruction evaluation of la-
tent tokenizers used in modern generative pipelines. Our analysis reveals that
improvements in overall reconstruction performance are primarily driven by
enhanced low-frequency reconstruction, while high-frequency details remain
under-preserved across both spatial and spectral latent tokenizers.

v We propose DeBaT, a Decoupled frequency Band Tokenizer that explicitly
separates and independently optimizes low- and high-frequency components
via wavelet decomposition. By mitigating spectral optimization coupling,
DeBaT learns frequency-aware and more expressive latent representations
that preserve both global structure and fine details.

v We integrate DeBaT into LightningDiT and demonstrate improved genera-
tive quality on ImageNet. Our results highlight the importance of frequency-
aware latent modeling for achieving sharper and more perceptually realistic
image reconstruction and synthesis.

2 Related Work

2.1 Latent Embeddings for Image Generation

Latent representation learning models, or visual tokenizers, are widely used
to learn compressed latent representations that capture high-dimensional vi-
sual data and enable efficient generation. Encoder-Decoder frameworks such as
VAEs |22] and their variants form the foundation for learning these latent rep-
resentations, which are vital for modeling latent generative models. Notably,
Latent Diffusion Models (LDMSs) [37] operate over learned latent embeddings
to facilitate high-quality synthesis, highlighting the importance of effective la-
tent space modeling. Discrete tokenization techniques, such as VQ-VAE [30,45],
convert images into latent code sequences that can be effectively modeled by
transformers. VQGAN [1] further improves this framework by incorporating ad-
versarial losses to learn perceptually meaningful tokens, while RQ-VAE [24] en-
hances the expressiveness of embeddings through stacked residual quantizers.
Recent methods such as TiTok [53|, FlexTok |2|, and OneDPiece [31] explore
compact and adaptive tokenization strategies, aiming for better compression
and controllable generation quality.

To enhance reconstruction quality of visual tokenizers, hierarchical and reg-
ularized latent representation learning models have been proposed. NVAE [44]
introduces spectral regularization within residual hierarchies for stable training,
while HQ-VAE [42] and VAR [43| use multi-scale vector quantization to better
model local and global structure in latent spaces. EQ-VAE [23] imposes equiv-
ariance constraints for robustness to geometric changes. Additionally, frequency-
aware losses such as Fourier-based regularization |3 and scale-equivariant decod-
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ing [39] have been used to control the spectral properties of the latent recon-
structions. A parallel direction focuses on aligning latent spaces with external
vision encoders. For example, REPA [54] introduces denoising-time regulariza-
tion based on foundation model features to accelerate convergence. VA-VAE [51]
builds on this by jointly aligning tokenizer latents with pretrained features and
optimizing for downstream generation quality. RealS [48| introduces semantic
priors directly into the latent space to improve representation capacity. Our work
builds on VA-VAE but identifies that such alignment alone does not sufficiently
preserve high frequency fine details. We propose an explicit decoupling and op-
timization of low- and high-frequencies during tokenization, leading to improved
fidelity in both latent space representation, and by consequence in reconstruction
and generation quality.

2.2 High-Frequency Content in Image Reconstruction & Synthesis

High-frequency content is essential for perceptual realism but challenging to
reconstruct, particularly for diffusion-based models. Prior analyses show that
frequency components are not reconstructed uniformly across the denoising tra-
jectory [49], resulting in a loss of textures and sharp structures. To address
this, various frequency-aware approaches have been developed across genera-
tive paradigms. In GANs, SWAGAN |[10] and WaveFill [55] integrate wavelet
transforms into their architectures to improve generation fidelity. Focal fre-
quency loss [19] and WINE [20] address frequency imbalance by reweighting
reconstruction errors and correcting low-frequency bias in inversion, respec-
tively. Diffusion models have incorporated frequency priors at both training
and inference time. WaveDift [35|, Spatial-Frequency UNet [56], and spectral
diffusion approaches [13l|49] integrate wavelet-domain frequency components or
gating mechanisms into the network to better optimize the spectral content.
Training-free techniques like DiffuseHigh [21] and frequency aggregation [36] in-
ject wavelet-based frequency priors during inference for improved detail preser-
vation. Additional strategies include replacing convolutions with filtered vari-
ants in FouriScale [15], and autoregressive frequency modeling in NFIG |[16].
Adaptations also exist for domain-specific tasks such as high-resolution [57],
underwater [59], or low-light image generation [18|. Beyond images, wavelet rep-
resentations have further proven useful in 3D generation with diffusion and au-
toregressive models [17},29], suggesting the utility of wavelet decompositions as
a general tool for capturing fine-scale structure across visual modalities. While
effective, these approaches typically introduce additional architectural compo-
nents or post-processing steps to compensate for frequency degradation.

Prior wavelet based decomposition approaches such as WF-VAE [26] (for
video generation) and LiteVAE [38| incorporate wavelet transforms into the en-
coding and decoding process to enhance multi scale feature extraction and im-
prove reconstruction efficiency. Leveraging the compression properties of wavelets,
these methods optimize frequency components jointly within a shared latent
space and under a unified objective. As a result, they inherit the same fre-
quency optimization coupling observed in spatial domain tokenizers, where low



DeBaT 5

LiteVAE DeBaT (ours)

Decoupled Bands

multiple stages, coupled bands multiple stages, coupled bands single stage, decoupled bands

Fig. 2: Comparison of wavelet based latent VAE tokenizer designs. Previous works
for image (VA-VAE) and video (WF-VAE) generation leverage spatial compression
properties of multiple wavelet stages, while low and high frequency bands are coupled
in a joint latent code. We propose DeBaT, which preserves fine details by learning
explicit latent codes for low and for high frequency bands through decoupled VAEs.

frequency components dominate over the learning of fine detail. In contrast, our
approach DeBaT explicitly decouples the learning dynamics of low and high
frequency bands by allocating separate latent embeddings and optimizing them
independently prior to fusion. compares DeBaT to different frequency
based latent tokenizer models that use wavelet decomposition. By modeling and
optimizing frequency subbands (low and high) separately during tokenization,
we improve the frequency aware expressivity in the latent embeddings. These
latent embeddings improve both reconstruction fidelity and downstream synthe-
sis quality when integrated with the latent generative pipeline without requiring
any architectural changes at generation time.

3 Method

In this section, we present the key components of our approach. First, we con-
duct a frequency-based reconstruction evaluation of latent embeddings used in
modern latent image generative pipelines. Our analysis shows that improve-
ments in reconstruction performance primarily arise from better modeling of
low-frequency structures, while high-frequency components remain compara-
tively underrepresented. This imbalance indicates that latent tokenizers jointly
optimized over both low- and high-frequency information tend to bias the opti-
mization toward low-frequency content, often resulting in the loss of fine-grained
image details. Second, we introduce DeBaT, a novel framework that leverages
wavelet decomposition to decouple latent representations into low- and high-
frequency components, enabling them to be optimized independently. Third, we
propose a simple yet effective fusion strategy that combines these frequency-
aware representations into a unified latent embedding, which is subsequently
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integrated into the lightweight LightningDiT pipeline [51]. This design enables
improved image generation by explicitly modeling frequencies in the latent space.
An overview of the proposed DeBaT framework is shown in Figure [3]

3.1 Frequency Reconstruction Evaluation of Latent Tokenizers

In most latent generative models, the first stage involves learning compact latent
representations using visual tokenizers such as VAEs or VQ-VAEs and their
architectural variants. These tokenizers learn latent embeddings z € Z that
encode the underlying structure of the input data x € X. A common measure
of the representational quality of these latent embeddings is their reconstruction
performance, typically evaluated using mean squared error (MSE) or the #3-
reconstruction loss. The reconstruction objective is defined as:

Lrec = ||X - )A(”g)

where x = D(E(x)) denotes the reconstructed image obtained by encoding the
input x into a latent embedding z = F(x) with encoder E and subsequently de-
coding it using the decoder D. While this objective provides a measure of overall
reconstruction quality, it does not explicitly evaluate how well different frequency
components of the image are reconstructed. In particular, the reconstruction
error does not distinguish between low-frequency structural information and
high-frequency details such as edges and textures. As a result, improvements in
reconstruction performance may primarily reflect better recovery of dominant
low-frequency content, while the fidelity of high-frequency components remains
underexplored. To assess the fidelity of reconstructions across frequency bands,
we perform a frequency-aware reconstruction analysis using the discrete wavelet
transform (DWT) with a Haar wavelet filter. Specifically, we decompose both the
input image and its reconstruction into low- and high-frequency representations.
Let W(-) denote the wavelet decomposition operator:

W(x) = (xz,xu), W(X)= (XL,Xn),

where x;, and X, correspond to the low-frequency (approximation) components,
while xp and X correspond to the high-frequency (detail) components of the in-
put and reconstructed images, respectively. We then compute frequency-specific
reconstruction losses as follows:

Lp=|x— %3 Ly =|xg —%ul3

These metrics provide a more fine-grained evaluation of latent representations
by measuring their ability to reconstruct structural information and fine details
independently. Unlike conventional reconstruction objectives that aggregate er-
rors across all spatial frequencies into a single pixel-space metric, our analysis
explicitly separates the contribution of low- and high-frequency components.
This allows us to reveal frequency-specific reconstruction in latent tokenizers
that remain hidden under standard pixel based reconstruction losses. In partic-
ular, it enables a more principled understanding of whether improvements in
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Fig. 3: Overview of the proposed DeBaT framework. An input image x is first de-
composed using a discrete wavelet transform into low- and high-frequency components.
Each frequency band is processed independently using dedicated encoder—decoder pairs
(EL,Dr) and (Fn,Dpg) to learn specialized latent embeddings that capture global
structure and fine details, respectively. The reconstructed frequency components are
then fused through an inverse wavelet transform to obtain the final image .

reconstruction quality arise from better modeling of global structures or from
enhanced preservation of high-frequency details.

Beyond pixel-wise reconstruction loss, we also evaluate perceptual quality us-
ing the Learned Perceptual Image Patch Similarity (LPIPS) metric [58]. LPIPS
measures perceptual similarity between input and reconstructed images using
deep feature representations and better reflects human visual perception than
pixel-space metrics. To further quantify the overall quality of latent reconstruc-
tions, we compute the reconstruction Fréchet Inception Distance (rFID) [14].
This metric compares the distributions of original and reconstructed images in
the feature space of a pretrained Inception network .

rFID = ||y — pxl|3 + TY(EX + X5 -2 (Exﬂfc)m) ;

where (px, X'x) and (ug, Xx) denote the mean and covariance of Inception
features extracted from the original and reconstructed image distributions, re-
spectively. Together, the frequency-aware reconstruction losses (L1, L), percep-
tual similarity L prps, and distributional alignment measured by rFID provide a
comprehensive evaluation of reconstruction quality. In particular, this combina-
tion enables us to analyze both the perceptual fidelity and the frequency-specific
reconstruction behavior of latent embeddings.

3.2 Decoupled Band Tokenizer (DeBaT)

To enable frequency-aware optimization in latent tokenizers, we extend the stan-
dard VAE-based tokenizer by operating directly on frequency-decomposed rep-
resentations instead of pixel-space inputs. Specifically, we introduce DeBaT,
a Decoupled Band Tokenizer that explicitly separates low- and high-frequency
components of the input image and learns dedicated latent embeddings for each
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band. Given an input image x € X, we apply a discrete wavelet transform
W(-) using the Haar filter to obtain its low and high-frequency representations.
W(x) = (XL,XH)7 where x;, and xp denote the low- and high-frequency com-
ponents, respectively. We adopt the normalization strategy proposed in [32] to
normalize both components prior to encoding.

To model low and high frequency specific information, we employ two in-
dependent encoder-decoder pairs, (Er, D) and (Eg, Dg), each responsible for
learning latent embeddings (zy,, zy ) corresponding to the low- and high-frequency
inputs. This allows to capture the full frequency spectrum more effectively than
standard VAEs, where low and high spatial frequencies are optimized jointly. To
ensure a fair comparison with baseline VAEs, we allocate the latent dimensions
of the low and high frequencies such that the concatenated latent vector has the
same dimensionality as that of the standard baseline VAE, i.e. 16 x 16 x 32 (see

Figure 2),

zr = Er(x1), 2w = En(xm),
where z;, and zy represents the low and high frequency latent embeddings.

Low Frequency Objective. To learn latent embeddings that capture the
global structural information of images, we optimize the low-frequency compo-
nent using the VAVAE training objective |[51]. VAVAE has demonstrated strong
performance among latent tokenizers; it improves reconstruction fidelity through
alignment with vision foundation models and enhanced perceptual supervision.

In our framework, the low-frequency representation xj; obtained from the
wavelet decomposition is encoded into a latent embedding zy, which is recon-
structed through the decoder while being optimized under a combination of
complementary objectives. Specifically, the training objective consists of the
standard VAE reconstruction loss £L_ and KL regularization L&, together
with additional supervision terms introduced in VAVAE [51|, including a vision
foundation alignment loss £&, an adversarial regularization objective £, in-
spired by VQGAN [1], and a perceptual similarity loss £ppg [58]. The complete
low-frequency objective is given by £F.

LY =LE 4+ BLE 4+ Mk L5 4+ Aaan LEAN + Apips LEpips.

where,
2
Lhe = Equuper) [Ixe = Dul@s)l3]
Li, = Dxula(zr | x1) || p(zr)),
where £L_ is the low-frequency reconstruction loss, £, is the KL divergence

between the encoder’s approximate posterior ¢(zy, | x7,) and the Gaussian prior
p(z1) = N(0,I). The vision foundation loss L&y aligns the latent codes with
the feature space of a pretrained foundation model (DINOv2 |33|). The adversar-
ial loss Eé AN introduces a discriminator to distinguish real from reconstructed
low-frequency inputs. Finally, the perceptual loss £I€P1Ps encourages perceptual
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similarity between input and reconstruction using features from a pretrained In-
ception network [41]. All these loss components are commonly used in modern
VAE frameworks. This overall objective encourages the latent representation to
preserve global structure through reconstruction and KL regularization, while
perceptual and adversarial supervision with vision foundation alignment loss
improve visual fidelity and semantic alignment of the reconstructed images.

High-Frequency Objective. In contrast to low frequency optimization, high
frequency representations are optimized without any supervision from pretrained
models, as these pretrained models tend to be trained jointly with low-and high
spatial frequencies. To mitigate any external biases, we simplify our training
objective focusing on reconstruction objective along with KL and adversarial
regularization. The overall high-frequency objective is given by £.

‘CH - ‘Cgc + 5 ’ ‘CII—(IL + ‘CgANa
where,

’Cgc = EQ(ZH\XH) [”XH - DH(ZH)”Z] )

Ly, = Dx (¢(zu | xu) || p(21))

LH s the high-frequency reconstruction loss, £ is the KL divergence between

the encoder’s approximate posterior ¢(zy | xpr) and the Gaussian prior p(zg) =

N(0,T).

Inference. At inference time, both decoders (D, Dy) are used to reconstruct
the respective frequency bands, and the final image is synthesized via inverse
wavelet, transform:

)A(L:l)L(ZL)7 )A(HZDH<ZH), )AC:W_l()A([”)A(H).

This frequency-aware latent representation learning via DeBaT yields expressive
latent embeddings by preserving both coarse structure and fine details across the
full spectrum of spatial frequencies.

3.3 Latent Fusion for Generative Modeling

To enable frequency-aware generation, we integrate the proposed DeBaT tok-
enizer into the latent diffusion framework LightningDiT [51]. Given an input
image x, wavelet decomposition produces low- and high-frequency components
(x1,xm), which are encoded into frequency-specific latent embeddings.

zr, = Er(x1), zy = Eg(xm),

where z;, € REXWXCL captures global structure and zy € RT*W*Cu encodes
fine details. The two embeddings are fused through channel-wise concatenation
yielding a unified latent representation z € R¥*Wx(C1+Cn) The diffusion model
then learns the latent distribution py(z). During generation, the sampled latent
z is separated into respective low and high frequency embeddings.

t

ZL = 421:Cyp» ZH = iCL—i-l:CL—i-CHv
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which are decoded independently X;, = Dy (2r), and g = Dy (2y), and the
image is reconstructed via inverse wavelet transform X = W™!(%y,%y). This
enables the diffusion model to operate on a frequency-aware latent space while
preserving modularity with existing latent generative pipelines.

4 Experiments

To evaluate DeBaT, we first access the reconstruction performance of visual
tokenizers in both spatial and spectral domains. Then, we integrate the latent
embeddings into standard image sythesis pipeline, comparing DeBaT combined
with LightningDiT [51] to competing models. All experiments are conducted
on ImageNet-1K [8] and use 50k ImageNet validation samples for evaluation.
Further architectural and implementation details of DeBaT are provided in Ap-
pendix [section A] & [section B

4.1 Performance Evaluation of Latent Tokenizers

To evaluate the reconstruction performance of latent embeddings in both the
spatial and spectral (frequency) domains, we consider visual tokenizers com-
monly used in modern latent generative models. These tokenizers are different
variants of variational autoencoding architectures, each aiming to learn com-
pact and informative latent embedding representations, which depict the un-
derlying input data distribution. For comprehensive analysis, we include recent
discrete [1,143/|53] and continuous latent tokenizers [7,[2425,37,51./53]. We com-
pare these latent tokenizers with DeBaT. This enables comparison across various
latent tokenizers with varying latent dimensionalities and feature resolutions as
shown in [Table 11 We use the metrics discussed in [subsection 3.1 for evaluation.

Our analysis in reveals that KL-regularized VAE from |[25] with
right parameterizations consistently outperform both traditional VAE and vec-
tor quantization (VQ-VAE) baselines across all reconstruction metrics. Also
KL-regularized VAE show efficient reconstruction performance at much better
compression rate with lower dimensionality. This improvement stems from the
absence of quantization artifacts, which often degrade reconstruction quality
in discrete latent spaces. Additionally, the effectiveness of KL-VAE is closely
tied to the quality of their latent parameterization schemes. Notably, KL-VAE
employed in recent autoregressive models [6]. VA-VAE [51] further aligns its
latent space using KL-VAE parameterization with foundation models like DI-
NOv2 [33] achieving strong performance across low and high-frequency recon-
struction, along with improved perceptual quality. However, these models still
rely on a joint optimization of spatial frequencies, which can lead to trade-offs
and suboptimal detail preservation, especially in the high-frequency spectrum.
In contrast, our proposed approach DeBaT builds on the VA-VAE framework
by explicitly decoupling and modeling low- and high-frequency components in
learning of the compact and frequency preserving expressive latent embeddings.
This separation enables focused representation learning for each frequency band,
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Visual Tokenizer Tokenizer Latent Rec. LF HF LPIPS rFID
8x8x32 0.0194 0.0484 0.0097 0.1580 0.7450

4x4x128 0.0207 0.0527 0.0100 0.1667 0.7623

4x4x512 0.0225 0.0581 0.0106 0.1805 0.7912

16x16x16 0.0180 0.0422 0.0100 0.1743 0.6213

16x16x16 0.0148 0.0326 0.0089 0.1355 0.5318

16x16x32 (4096) 0.0195 0.0549 0.0076 0.1890 0.6981

RQ-VAE 8x8x16 (16384) 0.0416 0.1219 0.0149 0.2712 0.9095
TiTok-VQ-VAE 128x64 (8192) 0.0226 0.0561 0.0114 0.2082 0.7550
TiTok-VQ-VAE [53] 64x64 (8192) 0.0339 0.0947 0.0137 0.2657 0.8823
TiTok-VQ-VAE [53] 32x64 (8192) 0.0450 0.1344 0.0152 0.2949 0.9416
TiTok-VAE 256x16 0.0332 0.0923 0.0134 0.2232 0.8640
TiTok-VAE [53] 128x16 0.0461 0.1380 0.0155 0.2682 0.9187
TiTok-VAE [53] 64x16 0.0617 0.1961 0.0170 0.3182 0.9761
VQ-VAE 16x16x256 (1024) 0.0492 0.1478 0.0163 0.3064 0.9102
VQ-VAE |1} 16x16x256 (16384) 0.0438 0.1262 0.0164 0.2784 0.8826
LiteVAE 32x32x12 0.0086 0.0179 0.0050 0.0970 0.2250
VA-VAE |[5T] 16x16x32 0.0105 0.0200 0.0074 0.0975 0.2777
DeBaT (Ours) 16x16x32 0.0044 0.0114 0.0020 0.0940 0.2156

Table 1: Quantitative comparison of various latent tokenizers based on their recon-
struction quality across multiple metrics. Tokenizer latent represents latent dimension-
ality (height x width x channel), in case of quantized latents latent dimensionality is
represented by (height x width x channel (codebook size)). For TikTok versions as
the latent space is 1-D, latent dimension represents (number of tokens x channels).
Metrics: Rec. (reconstruction loss), LF (low-frequency loss), HF (high-frequency loss),
LPIPS and rFID. Lower is better. DeBaT achieves a substantial improvement over
previous methods in terms of reconstruction quality.

Input VA-VAE Lite-VAE Ours VA-VAE Lite-VAE Ours

Error Map Error Map Error Map

Error Map Error Map

Error Map

Recon. Error: 0.0025 0.0015 0.0012 Error Map Error Map Error Map

Fig. 4: Comparison with respect to reconstructions and error maps with best baseline
VA-VAE and the previous wavelet base method LiteVAE. DeBaT Error Maps have
consistently lower magnitudes than VA-VAE and LiteVAE Error Maps, visible as fine
details that are correctly reconstructed in particular in structured regions like person
faces, the texture of the dress or the printed text. LiteVAE performs better than VA-
VAE but makes more errors in fine details than DeBaT.



12 T. Medi et al.

Method Tokenizer Epochs #Params | Generation w/o CFG | Generation w/ CFG
|gFID sFID IS Pre. Rec.|gFID sFID IS Pre. Rec.

Autoregressive (AR)

MaskGIT |[5] VQ-VAE 555 227M 6.18 - 182.1 0.80 0.51 - - - - -

LlamaGen (40| VQ-VAE 300 3.1B 9.38 824 1129 0.69 0.67 | 2.18 5.97 263.3 0.81 0.58
VAR [43] MS-VQ-VAE 350 2.0B - - - - - 1.80 - 365.4 0.83 0.57
MagViT-v2 |52] VQ-VAE 1080 307M 3.65 - 200.5 - - 1.78 - 319.4 - -

MAR 25| KL-VAE 800 945M 2.35 - 227.8 0.79 0.62 | 1.55 - 303.7 0.81 0.62

Latent Diffusion Models

MaskDiT [60] SD-VAE 1600 675M 5.69 10.34 177.9 0.74 0.60 | 2.28 5.67 276.6 0.80 0.61
DiT [34] SD-VAE 1400 675M 9.62 6.85 121.5 0.67 0.67 | 2.27 4.60 278.2 0.83 0.57
SiT [23] SD-VAE 1400 675M 8.61 6.32 131.7 0.68 0.67 | 2.06 4.50 270.3 0.82 0.59
FasterDiT [50] SD-VAE 400 675M 7.91 545 131.3 0.67 0.69 | 2.03 4.63 264.0 0.81 0.60
MDT |11} SD-VAE 1300 675M 6.23 5.23 143.0 0.71 0.65| 1.79 4.57 283.0 0.81 0.61
MDTvZ [12] SD-VAE 1080 675M - - - - - 1.58 4.52 314.7 0.79 0.65
REPA [54] SD-VAE 800 675M 5.90 - - - - 1.42 470 305.7 0.80 0.65
LightningDiT [51]| Lite-VAE 64 675M 7.97 513 128.1 0.70 0.64 | 2.27 4.50 260.0 0.80 0.57
LightningDiT [51] VA-VAE 64 675M 5.14 4.22 130.2 0.76 0.62 | 2.11 4.16 252.3 0.81 0.58
LightningDiT [51] DeBaT 64 675M 3.24 4.09 193.7 0.83 0.69| 1.52 4.07 317.4 0.83 0.65

Table 2: Comparision of generation performance of autoregressive and latent diffusion
models with and without classifier-free guidance (CFG) vs. LightningDiT with our
DeBaT tokenizer. Missing values are indicated by -. We report metrics available in
the respective works. DeBaT provides consistent improvement over previous works, in
particular over VA-VAE where the direct comparison in terms of generation method
(LightningDiT), epochs and number of parameters is straight-forward.

leading to more precise reconstructions of both global structures and fine details.
For additional quantitative evaluation results, please refer to and
in the Appendix [section C] [Figure 4| shows visual comparison with best
baselines VAVAE, LiteVAE and our approach with reconstruction errors and
error maps, where our reconstructions are much detailed with lower reconstruc-
tion error and lower magnitude in error maps overall, showcasing preservation of
high frequency details. In comparison to previous work leveraging wavelet trans-
forms [38], we observe that DeBaT achieves a substantially lower reconstruction
loss, particularly prominent in the high frequency loss. Notably, LiteVAE em-
ploys wavelets to facilitate highly compressed latent codes, not fully leveraging
their ability to decouple frequency bands as proposed in DeBaT.

4.2 Latent Generation Results

We evaluate the generative quality of our learned latent embeddings by train-
ing a diffusion-based generative model on top of the DeBaT latent representa-
tions. Specifically, we use LightningDiT [51], a fast-converging latent diffusion
backbone to model the generation process, and compare against a wide range
of state-of-the-art autoregressive and latent diffusion models, both with and
without classifier-free guidance (CFG). Table [2| reports results across standard
metrics: generation FID score (gFID), spatial FID (sFID), Inception Score (IS),
Precision, and Recall. Lower gFID and sFID values indicate better image fidelity
and diversity, while higher IS, precision, and recall reflect better sample quality.
sFID is equivalent to FID but uses intermediate spatial features in the inception
network rather than the spatially-pooled features in standard FID.



Fig. 5: Class-conditional generation results of classes : Dog (class id : 207), mushroom
(class id : 947), Daisy (class id : 985), duck( class id : 97) of LightningDiT with DeBaT.

shows comparison of LightningDiT with DeBaT with other standard
latent generation baselines. Our approach, LightningDiT with DeBaT, achieves
the best gFID among all diffusion based generation methods, along with highly
competitive sFID and strong scores across IS, precision, and recall with and
without the CFG setting. Compared to auto-regressive models like MaskGIT ,
MAR [25], VAR [43], MagViT-v2 and LlamaGen [40], as well as latent diffu-
sion models such as MaskDiT , DiT , SiT , FasterDiT , MDF
and REPA , our method consistently delivers a better fidelity and diversity.
Notably, it outperforms the LightningDiT baseline trained on VA-VAE embed-
dings across all metrics, demonstrating the advantage of our frequency-aware
latent space in enhancing generation quality. These results validate the effective-
ness of our DeBaT tokenizer for learning high-quality, detail-preserving represen-
tations that generalize well in generative pipelines. The qualitative results of our
generated visualizations are shown in Figure[5] Figure shows the conditional gen-
eration samples of our approach when integrated with LightningDiT, showcasing
diversity and quality in generated samples. Further quantitative evaluations with

longer generative training are provided in Appendix

5 Ablation Study

Ablation on Frequency Decoupling. To further investigate the contribu-
tion of decoupling low- and high-frequency components in our frequency-aware
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Tokenizer Rec., LF| HF| PSNR{ SSIM{ LPIPS| rFID]

KL-VAE 0.1146 0.0645 0.1313  25.07 0.74 0.2151  0.7820
MS-VQ-VAE 0.0238 0.0705 0.0082  21.70 0.65 0.2331  0.8427
VA-VAE 0.0125 0.0263 0.0098  26.01 0.78 0.1071  0.6509
DeBaT 0.0044 0.0114 0.0020 30.03 0.90 0.0940 0.4156

Table 3: Reconstruction comparison of tokenizers using wavelet representations in-
stead of pixel inputs. Metrics include reconstruction loss (Rec.), low-frequency loss
(LF), high-frequency loss (HF), PSNR, SSIM, LPIPS, and rFID. Lower is better for
Rec., LF, HF, LPIPS, and rFID, while higher is better for PSNR and SSIM.

training strategy, we conduct an ablation study utilizing standard KL-VAE |25],
multi-scale VQ-VAE [43] and VAVAE [51| with coupled low and high frequency
representation as input after wavelet transformation.

Specifically, we retrain these models by coupling the low- and high-frequency
components in a shared frequency space, using the same wavelet-based losses
employed in our DeBaT framework. In this setup, each tokenizer is optimized
jointly on both low- and high-frequency representations obtained via the Discrete
Wavelet Transform (DWT) using Haar wavelet filter.

The results, presented in Table [3] demonstrate that our frequency-aware
DeBaT with decoupling frequency representations as input consistently outper-
forms the coupled-frequency variants across all metrics, including overall recon-
struction error (Rec.), low-frequency (LF) and high-frequency (HF) fidelity error,
perceptual similarity loss (LPIPS), and reconstruction FID (rFID) with higher
PSNR and SSIM. This indicates that explicitly decoupling frequencies during
training leads to more accurate and perceptually faithful reconstructions. For a
fair comparison, all models are trained with similar combined latent dimension-
ality as used in the DeBaT configuration. Additional ablations with varying low

and high frequency channels are provided in Appendix

High-resolution evaluation. We
further evaluate DeBaT on FFHQ at Tokenizer PSNR?t gFID| Pre.t Rec.t
10242 resolution using LightningDiT. VA-VAE 33.84  6.92 069 0.31
As shown in Table @] DeBaT con- DeBaT 34.27 6.86 0.71 0.31
SiStenﬂy improves bOth reconstruction Table 4: High-resolution evaluation on FFHQ
quahty (PSNR) and generation qual_ (1024%) using LightningDiT. DeBaT achieves
. .. better reconstruction and generation quality than
ity (gFID and precision) over VA-VAE  yA_VAE demonstrating the scalability to high-
while maintaining the same latent rep- resolution generation.

resentation (32 x 32 x 64), demonstrat-

ing the scalability of the proposed tokenizer to high-resolution generation.

Training complexity and efficiency. Table[5|compares DeBaT with represen-
tative tokenizers in terms of reconstruction quality, architectural complexity, and
runtime efficiency. Under the same latent size (16 x 16 x 32) as VA-VAE, DeBaT
achieves substantially better reconstruction quality (30.03 dB PSNR vs. 26.26
dB) while maintaining comparable GPU memory consumption (5892 MB vs.
5694 MB) and practical inference speed (50.08 img/s, 19.97 ms/img). Although
DeBaT employs more parameters due to its dual encoder—decoder architecture,
it remains more efficient than the considerably larger WF-VAE, achieving both
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Tokenizer PSNR?T # Params]| Memory| Throughputt Latencyl|
(M)

(MB) (img/s) (ms/img)
SD-VAE 24.91 83.65 8040 31.78 31.47
VA-VAE 26.26 72.60 5694 57.83 17.29
LiteVAE 28.59 59.96 6922 45.96 21.76
WEF-VAE 29.00 317.08 9571 27.48 36.39
DeBaT 30.03 137.91 5892 50.08 19.97

Table 5: Training complexity and efficiency comparison. Throughput, latency, and
GPU memory are measured at batch size 32 and 256 x 256 resolution. Higher
PSNR/throughput and lower parameters, memory, and latency are preferred.

higher PSNR and faster inference. These results demonstrate that the proposed
frequency-decoupled design provides a favorable trade-off between reconstruc-
tion quality and computational efficiency.

6 Conclusion

In this work, we investigate frequency awareness in the latent embeddings of
tokenizer models used within latent generative pipelines. We find that jointly
optimizing low- and high-frequency components leads to a frequency bias favor-
ing low-frequencies thereby degrading the reconstruction of fine-grained, high-
frequency details and overall perceptual quality. To address this limitation,
we introduce DeBaT, a simple yet effective VAE framework that explicitly
decouples low and high-frequency bands via wavelet decomposition, processes
them independently, and fuses them into a unified latent representation. De-
BaT achieves state-of-the-art performance across frequency-aware reconstruc-
tion metrics, demonstrating improved fidelity and perceptual quality. When used
within a diffusion-based generation framework, our approach preserves the spec-
tral richness of the data, enabling more accurate, high fidelity generation of
images with coarse structures as well as fine details.

Discussion & Future Direction. After training, DeBaT’s latent code is
composed of separate codes for high and low frequencies. A potential future
direction is to explore the combination of the learned latent codes with other,
complementary latent encoders, where we would hope to improve fine details
in generated data without full training. Furthermore, it would be interesting
to explore DeBaT’s use in conjuction with different tokenizer architectures. In
this work, we focused on VAVAE as a baseline model because it recently pro-
vided state-of-the-art performance while being computationally efficient. Last,
it would be interesting to extend DeBaT to more wavelet decomposition stages.
Our current model only leverages a single wavelet decomposition stage which
provides only limited efficiency gains. Multi-Stage decompositions similar to the
setting recently proposed in WF-VAE [26] could be combined with DeBaT, to
facilitate fully decoupled multi-stage encoding, potentially with further benefits
in efficiency as well as in detail preservation.
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