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Abstract. Existing latent diffusion models typically couple scale with
content complexity, using more latent tokens to represent higher-resolution
images or higher—frame rate videos. However, the latent capacity re-
quired to represent visual data primarily depends on content complex-
ity, with scale serving only as an upper bound. Motivated by this obser-
vation, we propose DCS-LDM, a novel paradigm for visual generation
that decouples information complexity from scale. DCS-LDM constructs
a hierarchical, scale-independent latent space that models sample com-
plexity through multi-level tokens and supports decoding to arbitrary
resolutions and frame rates within a fixed latent representation. This la-
tent space enables DCS-LDM to achieve a flexible computation—quality
tradeoff. Furthermore, by decomposing structural and detailed informa-
tion across levels, DCS-LDM supports a progressive coarse-to-fine gen-
eration paradigm. Experimental results show that DCS-LDM delivers
performance comparable to state-of-the-art methods while offering flex-
ible generation across diverse scales and visual qualities.
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Fig. 1: Comparison of how different frameworks model content complexity and scale.
(a—b) Couple scale and complexity, requiring larger latents for higher resolutions or
frame rates. (c) Models only a fixed level of complexity. (d) Our approach decouples
complexity from scale, enabling flexible and efficient trade-offs. (e) Utilizes
arbitrary length latents to model fixed level of both scale and complexity.
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1 Introduction

Latent Diffusion Models (LDMs) have recently emerged as a powerful frame-
work for visual generation [1}/23}26}/30L/39,/43]. An LDM employs a tokenizer
to embed high-dimensional images or videos into a compressed latent repre-
sentation [6}/8,9,40,50], followed by a diffusion model that performs denois-
ing in the latent space [27,/29,/44}/46]. This latent space inherently provides a
rate—distortion trade-off [4,/25]: larger latent representations possess higher ca-
pacity to preserve fine details of the visual data, but at the cost of increased
computational overhead. Meanwhile, users exhibit diverse demands for genera-
tion scale, such as varying resolutions and frame rates. For example, mobile users
may prefer high—frame rate, vertical videos optimized for smartphone displays,
whereas professional creators may seek ultra—high resolution, horizontal videos
tailored for large cinema screens.

As illustrated in Figure [I] mainstream LDMs couple the scale of visual data
with its content complexity. They allocate more latent tokens to higher-resolution
or higher—frame rate data, assuming that scale directly reflects the complexity.
However, this assumption overlooks the variability in information content across
samples. While input size determines the number of pixels, the upper bound
of representable information, the actual information content depends primarily
on the semantic and structural complexity of the visual data. For example, a
large-scale animation may contain far less information than a small-scale nature
documentary. From an information—theoretic perspective, this implies that each
sample should have its own rate—distortion curve, meaning that the number of
latent tokens required to achieve comparable fidelity should vary across samples.

Motivated by these insights, we propose DCS-LDM, a Latent Diffusion Model
that Decouples information Complexity from the sample Scale. As illustrated
in Figure DCS-LDM decomposes complexity and scale into two orthogonal
dimensions, enabling flexible representation of diverse samples. Specifically, it
employs a scale-independent latent space, aligning images and videos of differ-
ent scales into a unified representation, and structures this space hierarchically,
where additional token levels model higher information complexity. As shown
in Figure [2) DCS-LDM comprises two key components: the tokenizer DCS-Tok
and the transformer-based diffusion model DCS-DiT. During generation, quality
is controlled by the number of latent token levels generated by DCS-DiT, while
scale can be freely chosen during DCS-Tok decoding.

These designs enable DCS-LDM to achieve a flexible computation—quality
tradeoff. We further structure the latent space causally, assigning basic structural
information to earlier levels and fine-grained details to later ones. DCS-LDM thus
supports a coarse-to-fine progressive generation paradigm, maintaining identical
computational cost while reducing latency and enabling efficient refinement |18].

In summary, our main contributions are as follows:

1. We reveal the inherent differences in content complexity among visual sam-
ples and introduce a decoupling perspective between scale and complexity.

2. We propose DCS-LDM, a novel latent diffusion paradigm that naturally sup-
ports flexible computation—quality trade-offs and coarse-to-fine generation.
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(a) DCS-LDM decouples information complexity from data scale. The latents generated by DCS-DiT
are hierarchical, capturing information ranging from global structure to fine details. The DCS-Tok
decoder can decode data from these latents at arbitrary scales.
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(b) DCS-LDM enables coarse-to-fine progressive generation, allowing users to flexibly adjust content
and structure with lower cost and latency, and incrementally increase tokens to obtain finer details.

Fig. 2: Overview of DCS-LDM.

3. Experiments demonstrate that DCS-LDM achieves comparable reconstruc-
tion and generation performance to state-of-the-art methods, while support-
ing more diverse and scalable functionalities.

2 Related Work

2.1 Vanilla Latent Diffusion Models

LDMs |27 ...l. were introduced to improve the efficiency of pixel-space
diffusion models |16 . An LDM typically consists of two core components: a
visual tokenizer and a diffusion model. This design has been widely adopted in
both image @ and video generation,
driving rapid progress in visual generative modeling. In LDMs, the capacity of
the latent space plays a crucial role in balancing efficiency and visual quality. The
tokenizer bridges the pixel space and the latent space, providing diverse strate-
gies for information compression and representation. Vanilla LDMs
commonly employ CNN-based tokenizers to perform fixed-ratio downsampling.
For example, in video generation, it is typical to downsample the spatial and tem-
poral dimensions by factors of 16 and 4, respectively. Consequently, as the data
scale increases, the number of tokens expands linearly with scale (Figure .
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2.2 Novel Visual Tokenizers

Recently, several 1D tokenizers have been proposed [6,(7}24,/45,/50], which map
grid-based visual patches into a 1D sequence, removing explicit spatial relation-
ships. These methods typically adopt ViT-based architectures. During encoding,
the input image or video is divided into patches, learnable query tokens are con-
catenated, and only these tokens are retained as latents. During decoding, the
query tokens are concatenated to the latent tokens to reconstruct each patch.

This flexible formulation allows for the construction of tokenizers under dif-
ferent information assumptions, controlled by the number of patch or latent
tokens [2,24}1/50]. For instance, VFRTok [50] aligns a varying number of patch
tokens into a fixed-length latent, enabling variable frame-rate generation. Flex-
Tok [2] and SEMANTICIST [42] instead model fixed-size images using latents of
arbitrary length. However, their flow-based decoding paradigm introduces ran-
domness, meaning that increasing the number of tokens may not refine the details
but entirely alter image content. DetailFlow [24] further explores the sub-linear
relationship between scale and complexity from an entropy perspective. How-
ever, the existing visual tokenizers overlook the variation in content complexity
across samples, which limits their ability to adapt latent capacity.

pixels learnable latent learnable pixles pixels
~ latents = tokens -
.

O - -

E - Patchifier 000~ - ~ 000 ~ N ~ 800 + Depatchifier i e

3 3

N 5] o
SE+ - 1 Leoo< § ~000< & »000+000- P

g = Patchifier L R a Depatchifier ~ st
= [ level ©
e 1D 5 012 3 1D
S I - < O SO < 9 . ‘
§ K- Patchifier ~> 000 E 0o E 000 + Depatchifier >
N 1D . = 1D g
S - > £ A £ (NS - > i
E - Patchifier 800 o 800 + Depatchifier

Q

Fig. 3: DCS-Tok adopts a pure Transformer architecture, comprising a 1D patchi-
fier—depatchifier and a causal encoder—decoder. The patchifier—depatchifier align scale-
aware spatial-temporal patches into a causal sequence, where lower-level tokens capture
structure and higher-level tokens encode fine-grained textures. The encoder—decoder
facilitates cross-patch interaction while preserving causal dependencies across levels.

3 Method

To construct the hierarchical, scale-independent latent space, we introduce a
carefully designed tokenizer (Figure [3) together with a corresponding DiT ar-
chitecture (Figure [ba). The tokenizer incorporates a novel 1D patchifier that
operates on a fixed number of patches, enabling the model to encode inputs of
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(a) Each pixel is projected as an independent token. Lines (b) Lines indicate information flow: a
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latents to pixels in the depatchifier. own level or lower across all patches.

Fig. 4: Detailed architectures of DCS-Tok. (a) Patchifier and depatchifier. (b) Encoder
and decoder. PLA, LPA, and LCA denote Pixel-to-Latent, Latent-to-Pixel, and Level
Causal Attention, respectively. L; indicates the number of blocks.

varying scales into a unified multi-level latent representation. More levels of la-
tent tokens capture fine-grained details for complex samples, while fewer levels
suffice for simpler ones, thereby effectively decoupling scale from complexity.

To better illustrate how the model structure aligns with our design princi-
ples, we detail each component according to its objective in the following sec-
tions. We first describe how data of different scales are mapped into a unified
latent space in Section [3.1] Then, we present the construction of hierarchical
representations in Section Finally, we discuss the coarse-to-fine generation
paradigm in detail in Section Additional implementation details, such as
positional embeddings, attention masks, and temporal causality, are provided in
the supplementary material (Section .

3.1 Scale-independent Latent Space

Scale-aware Patchify. As detailed in Figure [3] instead of fixing the patch
size , we fix the number of patches, and determine the size based on
its resolution and frame rate. Specifically, for a video with resolution h x w and
frame rate f, the spatial and temporal patch sizes, py ., and p;, are defined as:

_ min(h, w) _f
Phw = Lk y Pt = kjt’ (1)

where k is the number of patches along the shorter spatial dimension and k; is
the number of patches within a second.

For example, as illustrated in Figure the same video is patchified at
different scales with k = 2 and k; = 1. The smaller one (top-left) has a resolution
of 16 x 16 and frame rate 2 fps, resulting in p; ., = 8 and p; = 2. The larger
copy (bottom-right) has a resolution of 32 x 32 and frame rate 4 fps, giving
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DPh,w = 16 and p; = 4. This approach aligns the same spatial-temporal regions
across scales. For images, we treat them as single-frame videos with p; = 1.
Asymmetric scale alignment. To enable decoding at arbitrary resolutions
and frame rates from a unified latent representation, DCS-Tok aligns patches
across different scales. As shown in Figure 3] we adopt asymmetric training [50]
where the input and output of DCS-Tok are randomly chosen scale variants of
the same sample during training.

3.2 Hierarchical Representation

1D patchifier. As detailed in Figure we implement the patchifier and de-
patchifier in a 1D tokenizer style [6}}4550], using learnable tokens to query
information from the pixels in each patch. All pixels in a patch are treated as
independent tokens and concatenated with n learnable latent tokens, numbered
sequentially from 0 to n — 1. Symmetrically, in the depatchifier, learnable pixel
tokens are concatenated before the latent tokens to reconstruct pixel informa-
tion. This architecture enables DCS-Tok to encode scale-aware patches into a
hierarchical representation.

Autoencoder. Since the patchifier processes each patch independently, the au-
toencoder is responsible for modeling inter-patch interactions. As shown in Fig-
ure the encoder and decoder share the same architecture. The resulting
latent representation preserves the spatio-temporal structure of the input while
introducing an additional hierarchical dimension. For a video with ¢ frames and

spatial resolution h x w, the representation has the shape po X p: X p:“ X
: w 0

where n denotes the number of levels.

DiT. DCS-DiT models the transformation between the hierarchical latents and
pure noise, with the number of generated levels determined by the user-specified
noise level. To support hierarchical latent token generation, DCS-DiT extends
conventional DiTs [27,/29,/44]. As shown in Figure it adopts an architecture
similar to the autoencoder in DCS-Tok and introduces optional cross-attention
blocks for injecting conditional information.

3.3 Coarse-to-fine Generation

Level causality. All components of DCS-LDM are designed with level causality,
ensuring that each latent level depends only on the preceding one. As shown in
Figure {4 we illustrate three key mechanisms: Pixel-to-Latent Attention (PLA),
Latent-to-Pixel Attention (LPA), and Level Causal Attention (LCA). We also
highlight the information flow within different modules. Unlike prior 1D tok-
enizer designs [6/7,/45,50] that use full attention across all tokens, PLA and LPA
compute full attention only among pixel tokens. Information exchange between
pixel and latent tokens is strictly unidirectional, preventing violation of level
causality among latent tokens. For LCA, information is allowed to flow across
patches, but strictly in a unidirectional manner: information from earlier levels
can influence later levels, but not vice versa.
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Fig. 5: DCS-DiT enables hierarchical generation.

Structured representation. To enable reconstruction from an arbitrary num-
ber of token levels, our objective is to encode essential structural information in
the earlier levels and reserve later levels for fine-grained details. To achieve this,
we randomly assign each patch between 1 and n token levels during training.
Because DCS-Tok is optimized to reconstruct patches even when later level to-
kens are missing, it naturally learns the desired coarse-to-fine encoding scheme.
Operationally, when a patch is assigned 1 < m < n token levels, an attention
mask is applied to deactivate the remaining n — m tail-level tokens. During in-
ference (batch size = 1), this simply amounts to discarding the unused tokens.
More details are provided in Section
Level-asynchronous timestep. Since fine-grained details inherently depend
on the structural priors established at earlier levels, we introduce the level-
asynchronous timestep strategy for DCS-DiT generation. The key intuition is to
enforce a temporal ordering in the signal-to-noise ratio (SNR), such that struc-
tural information consistently achieves higher SNR before detailed information.
As illustrated in Figure we construct independent yet staggered timelines
for each level . During both training and inference, we first sample a global
timestep 7. We then introduce a scaling factor w, where 1/n < w < 1, to control
the ratio between the per-level time span and the global time range. The timeline
of each level is uniformly allocated as:

1—w

S
T

n—l.i7 =1 4+w, 0<i<n-—1, (2)

where 77 and 77 denote the start and end timesteps of the i-th level, respec-
tively. Notably, w = 1 degenerates to SNR-consistent generation across all lev-
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els, whereas smaller w values enforce stronger temporal separation, resulting in
higher SNR for earlier levels at the same global timestep. By adjusting w, we
achieve a flexible trade-off between computational parallelism and generation
quality. The velocity v; at level ¢ is predicted only when the sampled global
timestep 7 falls within [77, 7], ensuring that each level is activated within its
designated temporal window. As shown in Figure[5] the per-level timestep condi-
tion is re-normalized as 7; = clamp(7 — 7)/w, 0, 1), which is used to interpolate
both noise and token representations. Correspondingly, the predicted velocity
is scaled by w to maintain consistent magnitude across levels. More details are
shown in Section [A.3

Cache-based acceleration. With the above components in place, DCS-LDM
naturally supports coarse-to-fine generation. By introducing a caching mecha-
nism, the model can switch from generating all m token levels at once to gener-
ating them sequentially, while keeping the total computational cost unchanged.
Using two token levels as an example, Figure |5¢c|illustrates the attention opera-
tions within each DCS-DiT block and the DCS-Tok decoder. Let x; denote all
tokens at level-i. The tokens in each level are first projected into query, key, and
value features as:

do = Qproj (x0)7 ko = Kproj (1'0)7 Vo = Vproj (*TO)a (3)
q1 = Qproj(xl)a kl = Kproj(-rl)v v = Vproj(m1)~ (4)

As highlighted in Figure the effective attention computations include parts
A, By, and By, defined as:

A : attn(qo, ko, vo), (5)
By : attn(qi, ko, vo), B2 : attn(q1, k1, v1). (6)

During coarse-to-fine generation, level-0 tokens are first generated using Equa-
tions and , followed by level-1 tokens using Equations and @ Since
the computation of By depends on kg and vy, these features are cached [10] from
the first step, enabling efficient progressive generation.

On the other hand, as illustrated in Figure when 7 > 77, the velocity
prediction for the i-th level is set to v; = 0, and the corresponding branch
degenerates to an identity mapping after DCS-DiT. The representation of this
level remains unchanged and can be directly reused. When such a level provides
conditional features for subsequent levels, we further cache its key and value
tensors to eliminate redundant computations, thereby maintaining consistent
computational cost across different w settings. Additional implementation details
are provided in Section

4 Experiments

4.1 Setup

Implementation. We employ ViT-B [12] as the backbone for the encoder and
decoder (Lo = 12), a tiny ViT (L; = 3) for the patchifier and depatchifier in
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Fig. 6: Image and video reconstruction via DCS-Tok across samples with varying infor-
mation complexity, scale, and latent token levels. Brighter background indicates higher
PSNR. Configurations with comparable PSNR are highlighted in bold.

DCS-Tok, and ViT-XL for DCS-DIT (L3 = 28). Following LightningDiT [44],
we adopt modern Transformer components such as SwiGLU FFN and RM-
SNorm . We set k = 16, with k; = 1 for images and k; = 6 for videos,
corresponding to a spatial downsampling factor of pp ., = 16 at 256 x 256 res-
olution and a temporal factor of p; = 4 at 24 fps . Both label-guided
and text-guided generation are implemented using Classifier-Free Guidance |17
(CFQG), where the cross-attention blocks are dropped in the label-guided im-
age and video generation. We train DCS-Tok as a deterministic tokenizer with
reconstruction objectives:

['Tok - ['recon + )\1 ‘Cpercept + )\2 : )\V‘Cadva (7)

where Liccon, Lpercept, Ladv are the L1 reconstruction loss, perceptual loss \ \ ,
and adversarial loss , respectively. The factors are set to A\; = 1, Ao = 0.2,
and Ay represents adaptive weight [6,50]. The entire training process is divided
into multiple stages: low resolution image initialization, spatial asymmetric train-
ing, and spatial-temporal asymmetric training. DCS-DiT follows the sampling
method and training objectives of LightningDiT . Unless otherwise speci-
fied, we set w = 1/n. All models are trained on four nodes, each equipped with
eight GPUs. Training DCS-Tok takes approximately one week, while DCS-DiT
requires about four days. More details are given in the Section

Datasets. The training data for DCS-Tok comprise the ImageNet , Koala-
36M , and LAVIB datasets. The Koala-36M and LAVIB dataset provide
videos with relatively high resolutions and frame rates, allowing DCS-Tok to be
trained across diverse configurations ranging from 128p to 720p and 12 fps to 60
fps. For DCS-DiT, due to computational constraints, the qualitative experiments
are conducted on a text-to-image model trained using the ImageNet . | and
SA-1B |20 - datasets, with captions generated by Qwen-VL 2.5 [3]. Moreover, to

ensure fair comparison with existing methods [1] lll@l...ll.

., we additionally train label-based image and video generation models. For



10 T. Zhong et al.

1 level / Simple content 4 levels / Complex content

Fig. 7: Text-to-image generation across samples with varying information complexity
and latent token counts.

label-to-image generation, the ImageNet dataset is used for both training
and evaluation, while for label-to-video generation, the UCF101 dataset is
incorporated for both training and evaluation.

Metrics. We evaluate reconstruction quality using PSNR and SSIM for pixel-
level assessment, and Fréchet Inception Distance (rFID) and Fréchet Video
Distance (tFVD) for perceptual quality on images and videos, respectively.
For generation, with and without Classifier-Free Guidance (CFG) , we employ
gFID and gFVD to measure generation quality, and Inception Score
(IS) [31] to assess semantic diversity.

4.2 Complexity Matters

Figure [6] shows the reconstruction quality of different samples at different scales
with various token levels. We can draw the following conclusions:

Statistically sublinear scaling between scale and latent capacity. For
a given sample, to maintain similar reconstruction quality (PSNR), the growth
trend of the scale and number of latents exhibits a sublinear relationship. In
contrast, the most widely used linear assumption leads to in-
creasingly better reconstruction quality as the scale and latent capacity increase.
On the other hand, fixed-latent strategies similar to VFRTok result in an
inverse relationship between reconstruction quality and scale. The assumption
of DetailFlow is reasonable in the statistics of a large number of samples.
Content complexity dominates reconstruction quality. Different samples
with varying content complexity will result in different rate-distortion curves |4,
. For example, at the same scale, simple samples can reach reconstruction
quality comparable to complex ones using significantly fewer latent tokens. Sim-
ilarly, under a fixed latent budget, a large but simple sample may achieve higher
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(b) Label-to-video at various frame rates. (c) Text-to-image at various aspect ratios.

Fig. 8 DCS-LDM generates data at varying resolutions and frame rates via scale-
independent latents and supports flexible aspect ratios.

reconstruction quality than a small yet complex sample. Similarly, we can observe
the impact of content complexity in generation tasks. As illustrated in Figure[7]
for relatively simple content, DCS-LDM achieves satisfactory generation results
using only first-level tokens. For complex samples, DCS-LDM uses four levels of
tokens to render rich details. This also demonstrates that DCS-LDM provides
highly flexible efficiency-quality control by decoupling complexity and scale.

4.3 Variable Scale Generation

Resolution & frame rate. As shown in Figure[8) DCS-LDM supports generat-
ing data at multiple scales via the scale-independent latent space. Given a latent
representation, the DCS-Tok decoder can provide outputs at arbitrary resolu-
tions and frame rates. For image generation, we fix DCS-DiT to produce four
levels of latent tokens and decode them into images ranging from 256px to 512px.
(Figure For video generation, DCS-Tok decodes a single level of generated
tokens to synthesize results at 12 fps, 24 fps, and 48 fps. (Figure Across all
scales, the generated outputs preserve consistent semantics and structure.

Aspect ratio. Figure [8c illustrates the generation results with varying aspect
ratios, enabled by the preservation of spatio-temporal structures in the latent
space. For instance, to generate a landscape image with a h : w = 1 : 2 aspect
ratio, setting the number of patches on the vertical side to k& = 16 yields 32
patches on the horizontal side. This design enables DCS-DiT to infer the desired
aspect ratio through noise-shape perception.
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Two wire-haired fox terriers sit on a grassy lawn scattered with The carousel is ornately decorated with vibrant paintings depicting
autumn leaves ... Behind them stands a gray house with white trim ... landscapes and figures, illuminated by warm, golden lights ...
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A majestic castle perches atop a hill, surrounded by misty clouds ... A weathered stone monastery with a prominent arched wooden door
featuring multiple towers, turrets, and ornate details ... at its center. Above the door, a small bell tower rises, two bells ...

A large, white ocean liner with yellow accents and multiple decks ... A blue electric locomotive dominates the foreground ... The
structure includes numerous windows, lifeboats, and antennas. locomotive's front is adorned with two prominent headlights and a ...

Fig. 9: Coarse-to-fine text-to-image generation on ImageNet. Increasing token levels
progressively enriches image details. Users can start with fewer token levels for a quick
preview and stop once the desired detail is reached.

4.4 Coarse-to-fine Generation

DCS-LDM supports level-by-level, coarse-to-fine generation, prioritizing the syn-
thesis of essential structures before progressively adding finer details. Figure [9]
shows samples generated using one to three token levels. For each row, adding
more tokens enhances the visual details of the sample. This paradigm allows
users to quickly generate draft ideas at lower computational cost and latency,
progressively refining them by adding tokens until the desired quality is reached.

We also conduct an ablation study of the level-asynchronous timestep scaling
factor. As shown in Table [I] when w < 1, adding more levels can improve the
generation quality, and the result is optimal when w = 1/4. In contrast, level-
synchronous generation (w = 1) causes the image quality to decrease as the level
increases. As shown in Figure[10] the lack of guidance from earlier layers to later
layers in the latents ultimately leads to misaligned details.

4.5 System-level Comparison

We also compare DCS-LDM with existing image and video generation frame-
works . To ensure fairness, we follow the experimental settings
commonly adopted in prior work @, evaluating image reconstruction
and label-to-image generation at a resolution of 256 x 256 on ImageNet ,
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gFID| w/o CFG

1 level 2 levels 3 levels 4 levels

1 40.42 48.26 62.23 71.25
1/2 4231  40.30 38.48 38.03
1/4 42.50 40.23 38.39 37.80

Table 1: Ablation study of level-
asynchronous timestep scaling factor w
using DCS-DiT/B.

1level 2 levels 3 levels 4 levels

Fig. 10: Level-synchronous timestep w = 1
causes detail misalignment. Bottom right:
top-3 PCs of generated latents.

Table 2: System-level comparison on ImageNet 256 x 256 label-to-image task. TDCS-
LDM can incorporate semantic alignment techniques to further improve generation.

Method Reconstruction w/o CFG w/ CFG
#Tok #Dim PSNR?t SSIM+? rFID| gFID| ISt gFID| ISt
AutoRegressive
MaskGiT 256 256 - - 2.28 6.18 182.1 - -
LlamaGen |36| 256 8 20.79 0.675 2.19 9.38 1129 2.18 263.3
FlexTok 256 6 - - 1.45  2.50 - 1.86 -
DetailFlow 256 8 20.08 0.670 0.80 - - 2.62 -
Latent Diffusion Model
DiT E 9.62 121.5 2.77 278.2
SiT [27] 1024 4 26.27 0.759 0.60 8.61 131.7 2.06 270.3
REPA 5.90 157.8 1.42 305.7
LighlningJ_)i’l"i 256 32 27.63 0.811 0.28 2.17 205.6 1.35 295.3

Ours (1 level)

L REPA' 256 16 26.36

7.26 119.0 2.44 277.3

Sl R 4.26 147.1 1.39 311.6

and video reconstruction and label-to-video generation at 256 x 256 and 24 fps
on UCF101 . Across all tasks, DCS-LDM only uses the first level tokens.
DCS-LDM delivers reconstruction and generation quality on par with vanilla
LDMs , as detailed in Tables |2| and 3| Furthermore, incorporat-
ing techniques such as representation alignment in RePA , LightningDiT ,
and MAETok [6] into DCS-LDM may further enhance the quality of the gener-
ation. These results demonstrate that DCS-LDM’s novel structural design not
only introduces flexibility but also maintains competitive performance in both

reconstruction and generation.

Table 3: System-level comparison on UCF101 24fps and 256 x 256 label-to-video task.

Method

Reconstruction w/o CFG w/ CFG

#Tok #Dim PSNR?t SSIM{ rFVD| gFVD| gFVD]

OmniTokenizer 4096 8 29.36 0.931 13.29 480.60 88.89
Cosmos 2048 16 31.67  0.908 14.96 497.01 85.22
VFRTok @ 512 32 31.68 0.923 15.34 377.50 71.34
Ours (1 level) 1024 16 29.88 0914 18.43 421.66 77.10
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Fig. 11: Efficiency-quality trade-off, where nL indicates n token levels.

Table 4: End-to-end efficiency metrics, where batch=16 for throughput and batch=4
for latency and peak memory.

Tokenizer Decode Diffusion XL 50NFE Total

Method
Throughput? Latency] Memory| Throughput{ Latency] Memory] Latencyl
2560x DiT [29] 149.4 30.42ms  0.67G 3.126 1572ms 2.57G 1602ms
PX Ours (T level) 52.32 87.04ms  3.54G 3.124 1573ms  2.68G  1660ms
DiT |29] 32.46 131.5ms  2.18G 0.657 6612ms  3.01G  6743ms
5120x Ours (1 level) 9.665 370.4ms  14.9G 3.124 1573ms  2.68G  1943ms
PX Ours (2 levels) 9.595 391.1ms  15.1G 1.468 3280ms  3.18G  3671lms
Ours (4 levels) 9.427 414.2ms  15.4G 0.664 6972ms  3.46G  7386ms

4.6 Efficiency-Quality Trade-off

We compare DCS-LDM with independently trained DiT-B baselines at 256px,
384px, and 512px. DCS-LDM uses a single unified model with w = 1/4 and
generates different resolutions by decoding 1-4 token levels. As shown in Fig-
ure DiT scales diffusion tokens and FLOPs with resolution, whereas DCS-
LDM decouples output scale from complexity by varying only the token level.
Fewer levels enable faster generation with baseline-comparable quality, while ad-
ditional levels progressively improve quality. DCS-LDM therefore forms a better
quality-efficiency frontier and outperforms the DiT baselines under comparable
diffusion budgets (dashed lines). Table [4| further reports end-to-end throughput,
latency, and peak memory. Because diffusion cost is controlled by token levels
rather than resolution, DCS-LDM can generate higher-resolution images with-
out a proportional latency increase. For example, with one token level, 256px
and 512px generation have similar latency despite the doubled resolution. At
512px, DiT requires 6743ms, while DCS-LDM takes only 1943ms and 3671ms
with one and two levels, respectively. These results show that DCS-LDM sub-
stantially reduces end-to-end latency while maintaining competitive generation
quality. DCS-Tok incurs extra memory overhead since its 1D depatchifier to-
kenizes pixels independently. This can be reduced via patch-parallel decoding
across GPUs or grouped depatchification over smaller patch batches.
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Fig.12: Content-adaptive token allocation. PSNR is measured under an average of
four tokens per patch. Bluer patches have higher entropy and receive more tokens.

4.7 Content-adaptive Token Allocation

DCS-LDM captures the information inhomogeneity among samples by assigning
different token levels to different instances. Moreover, the information distri-
bution within a single sample is often non-uniform . For instance, in the
example shown in Figure [6b, the foreground hand contains most of the visual
information, whereas the background remains relatively simple. This observation
suggests that leveraging such inner-sample non-uniformity can further enhance
the efficiency of visual representation. Since DCS-Tok allocates token levels in-
dependently for each patch during training (Section , it naturally supports
modeling this non-uniform distribution. As illustrated in Figure we evalu-
ate this property on an image reconstruction task. Specifically, we compute the
entropy of each patch and allocate more tokens to patches with higher entropy.
Under a fixed average token budget of four levels, uniform allocation achieves
a PSNR of 31.59, whereas entropy-based allocation attains 32.42 on the valida-
tion set . More details are provided in Section Further investigation is
required to determine the optimal number of tokens during generation.

5 Conclusion

We explore the independence between information complexity and data scale
in images and videos. To this end, we propose DCS-LDM, a latent diffusion
model that uses variable-level latents to represent information complexity while
enabling decoding at arbitrary scales. This design introduces flexible computa-
tion—quality tradeoffs into the generation process. In addition, DCS-LDM sup-
ports a coarse-to-fine progressive generation paradigm, which delivers results
more efficiently with the same total computational cost and allows generation
to terminate early as needed. Under this paradigm, DCS-LDM enables rapid se-
mantic and structural previewing of generated samples, followed by fine-grained
refinement. Extensive experiments demonstrate that DCS-LDM achieves perfor-
mance comparable to state-of-the-art models while offering substantially greater
flexibility and functionality.
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