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Abstract

Recent advances in video generation have made it possible
to produce visually compelling videos, with wide-ranging
applications in content creation, entertainment, and virtual
reality. However, most existing diffusion transformer based
video generation models are limited to low-resolution out-
puts (≤720P) due to the quadratic computational complexity
of the attention mechanism with respect to the output width
and height. This computational bottleneck makes native high-
resolution video generation (1080P/2K/4K) impractical for
both training and inference. To address this challenge, we
present UltraGen, a novel video generation framework that
enables i) efficient and ii) end-to-end native high-resolution
video synthesis. Specifically, UltraGen features a hierarchi-
cal dual-branch attention architecture based on global-local
attention decomposition, which decouples full attention into
a local attention branch for high-fidelity regional content and
a global attention branch for overall semantic consistency.
We further propose a spatially compressed global modeling
strategy to efficiently learn global dependencies, and a hier-
archical cross-window local attention mechanism to reduce
computational costs while enhancing information flow across
different local windows. Extensive experiments demonstrate
that UltraGen can effectively scale pre-trained low-resolution
video models to 1080P and even 4K resolution for the first
time, outperforming existing state-of-the-art methods and
super-resolution based two-stage pipelines in both qualitative
and quantitative evaluations.

Code — https://sjtuplayer.github.io/projects/UltraGen

1 Introduction
The field of video generation (Huang et al. 2024b; Villegas
et al. 2022; Xue et al. 2025; Hu et al. 2025a) has undergone
rapid development in recent years, unlocking a diverse ar-
ray of downstream applications, including video customiza-
tion (Hu et al. 2025c,b; Liu et al. 2025), editing (Liang
et al. 2025; Chen et al. 2025; Yi et al. 2024), and motion
control (Hu 2024; Hu et al. 2024, 2025e). With the emer-
gence of powerful diffusion-based generative models (Ho,
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Wan

Hunyuan 
Video

7.43 min 35 min 1h 46min 8h 46min

9.8 min 43 min 2h 9min 11h 36min
UltraGen 

(Ours)

4.5 min 12.9 min 29.1 min 1h 50min

Figure 1: Typical video generation models exhibit sig-
nificant quality degradation and increased processing
time with higher resolutions, whereas our UltraGen deliv-
ers superior video quality at resolutions beyond 2K while
achieving 4.78× speedup compared to the popular Wan-
T2V-1.3B baseline (Wang et al. 2025a) (81 frames, 4×H20
GPUs). Enlarge for better visual effects.

Jain, and Abbeel 2020), the quality, coherence, and diver-
sity of generated videos have significantly improved, nar-
rowing the gap between synthetic and real-world content.
Based on diffusion transformers (Peebles and Xie 2023),
state-of-the-art models such as Wan (Wang et al. 2025a) and
HunyuanVideo (Kong et al. 2024) have demonstrated im-
pressive capabilities in synthesizing temporally consistent
and semantically rich videos, making remarkable progress
in high-quality video generation.

Despite these advancements, current video generation
models still suffer from a critical limitation: restricted res-
olution. Since the advanced video generation models (Wang
et al. 2025a; Kong et al. 2024) are based on diffusion trans-
formers (Peebles and Xie 2023), they inherently suffer from
the quadratic computational complexity of the full-attention
mechanism with respect to the spatiotemporal size of the
input, i.e., O((T · H · W )2), where T , H , and W de-
note the temporal length, height, and width of the video,
respectively. For instance, doubling the width and height
will result in a 16-fold increase in computational cost, mak-
ing high-resolution video generation prohibitively expensive
for both training and inference. To mitigate this, existing
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approaches (He et al. 2022; Blattmann et al. 2023b) of-
ten resort to a two-stage pipeline that first generates low-
resolution videos and subsequently applies video super-
resolution models. However, this paradigm merely enhances
visual clarity and fails to introduce enough visual details,
leading to the synthesis of pseudo high-resolution content
with limited authenticity and richness.

To address these challenges, we propose UltraGen, a
hierarchical attention-based framework for native high-
resolution video generation. UltraGen offers an efficient and
scalable solution that transforms pre-trained low-resolution
video diffusion models into end-to-end high-resolution gen-
erators with significantly reduced computational overhead.
Concretely, we propose a dual-branch video generation ar-
chitecture that decouples the full attention mechanism into
local and global attention branches. The local attention
branch focuses on generating fine-grained content within in-
dividual local spatial windows, while the global attention
branch captures holistic video semantics and ensures coher-
ence across different local windows. To efficiently model
global dependencies without incurring prohibitive costs, we
design a spatially compressed global modeling module
that compresses spatial information via frame-wise convo-
lutions before applying attention, so that the self-attention is
conducted at a smaller spatial size, followed by 3D convolu-
tions to restore spatial fidelity and enhance temporal con-
tinuity. Furthermore, to ensure effective information flow
across different local windows, we propose a hierarchical
cross-window local attention mechanism. By partitioning
the local windows of adjacent layers differently and creating
intersections between them, our model enables seamless in-
teraction and consistency across spatial local windows, fur-
ther improving the video generation quality.

We conduct extensive experiments by extending the Wan-
1.3B model to support native 1080P and 4K video gener-
ation, which is the first to achieve native high-quality 4K
synthesis in the field. Comparisons against state-of-the-art
models, including Wan and Hunyuan Video, as well as two-
stage pipelines (low-resolution generation + super resolu-
tion), demonstrate that UltraGen significantly outperforms
existing methods both qualitatively and quantitatively, vali-
dating the effectiveness and scalability of our approach.

• We propose UltraGen, a novel high-resolution video
generation framework based on global-local attention de-
composition, which enables scalable extension of low-
resolution pre-trained video diffusion models to support
1080P and 4K resolution in an end-to-end manner.

• We design a Spatially Compressed Global Attention
Mechanism that significantly reduces computation cost
of global context modeling. By compressing spatial in-
formation via frame-wise convolution, conducting self-
attention at a smaller spatial size, and decoding through
3D convolution, our method efficiently captures holistic
semantics while keeping temporal coherence.

• We introduce a Hierarchical Cross-window Local At-
tention Mechanism that facilitates efficient interaction
among local regions. By allowing intersecting regions
between attention windows of adjacent layers, it ensures

smooth content transitions and enhances local detail.
• UltraGen is the first model to achieve native high-

quality 4K video generation. Extensive experiments
demonstrate its superior ability in HD video generation.

2 Related Work
2.1 Video Generation Foundation Models
The advent of diffusion models (Ho, Jain, and Abbeel 2020)
has greatly advanced video generation. Early methods (Guo
et al. 2023; Blattmann et al. 2023a) typically extend text-
to-image diffusion models (Rombach et al. 2022) by adding
temporal modules to capture frame dynamics. While some-
what effective, these approaches often separate spatial and
temporal modeling, limiting their ability to capture holistic
spatiotemporal dependencies and resulting in less coherent
videos. With DiT (Labs 2024), transformer-based architec-
tures have become the leading paradigm in video genera-
tion (Yang et al. 2024; Zheng et al. 2024). These models
treat videos as spatiotemporal volumes, flattening them into
1D token sequences across time, height, and width. Full self-
attention is then used to jointly model spatial and tempo-
ral relationships, leading to notable improvements in tempo-
ral consistency and spatial detail. Recent work has further
advanced video generation by leveraging large transformer
backbones and massive video datasets. Notably, models like
Wan (Wang et al. 2025a) and HunyuanVideo (Kong et al.
2024) show that scaling up model size and data significantly
enhances video quality and diversity. These models achieve
impressive text-to-video synthesis, producing videos with
rich content and improved temporal consistency. However,
due to the quadratic complexity of self-attention, they remain
limited to relatively low resolutions (e.g., 720P), and scaling
to higher resolutions is still a major challenge.

2.2 High-resolution Video Generation
To enable high-resolution generation, some existing meth-
ods such as Wan (Wang et al. 2025a) and Hunyuan-
Video (Kong et al. 2024) train their models on videos of
various resolutions, allowing them to scale to arbitrary out-
put sizes. However, when generating videos at resolutions
beyond 2K, these approaches often produce blurry results,
as illustrated in Fig. 1. In contrast to directly modeling
high-resolution generation, other methods (He et al. 2022;
Blattmann et al. 2023b; Singer et al. 2022; Ho et al. 2022;
Wang et al. 2024), such as Align-Your-Latents (Blattmann
et al. 2023b), adopt a two-stage process: they first generate
low-resolution videos and then apply super-resolution (Du
et al. 2024; Zhou et al. 2024; Zhang and Yao 2024) to up-
scale the output. However, super-resolution primarily im-
proves visual sharpness without introducing sufficient new
details, resulting in pseudo high-resolution content that lacks
authenticity and richness. Some recent works (Wang et al.
2025b; Dalal et al. 2025) have made progress in long video
generation by leveraging linear attention mechanisms (Gu
and Dao 2023) or test-time training (Zhang et al. 2025);
however, they have paid limited attention to scaling up the
spatial resolution of videos. To address these challenges,
we investigate native high-definition (HD) video generation,
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aiming to overcome the high computational costs while pro-
ducing high-quality HD videos.

3 Preliminaries
Most state-of-the-art Diffusion Transformer (DiT) based
video generation models (e.g., Wan (Wang et al. 2025a) and
HunyuanVideo (Kong et al. 2024)) adopt a full-attention-
based framework, which builds upon the Transformer archi-
tecture to model spatiotemporal dependencies in video se-
quences. Typically, a 3D variational autoencoder (3D-VAE)
is first used to encode an input video into a latent represen-
tation of shape D × T ×H ×W , where D denotes the hid-
den dimension, T , H , and W represent the temporal frames,
height, and width, respectively. This downsampling strategy
effectively reduces the sequence length and makes training
tractable for medium-sized videos. Then, the video latents
are reshaped into a 1D token sequence with sequence length
N = T ×H ×W via a patchify module.

Once the token sequence is obtained, video generation
models apply full self-attention mechanisms across the en-
tire sequence. For a sequence of N tokens, the self-attention
module computes an N × N attention map, which scales
quadratically with the sequence length. The computational
complexity of self-attention is O(N2 · D), which becomes
prohibitively expensive as the video resolution increases.
For instance, doubling the height and width of the video
leads to a four-fold increase in the number of tokens and
a sixteen-fold increase in the size of the attention map. This
quadratic scaling severely limits the feasibility of generating
HD videos (e.g., 1080P and even 4K) using existing full-
attention modules in terms of training and inference costs.

4 UltraGen: Born for HD Video Generation
4.1 Time-Aware Global-Local Attention
As discussed in Sec. 3, in DiT-based video generation, the
computational complexity of full attention is O((TWH)2×
D), which grows quadratically with the spatial size (W×H)
of the generated video. To address this, we restrict attention
to a fixed local region by introducing an attention window
of size (W0, H0). This ensures that, regardless of the overall
spatial dimensions, attention is computed only within each
(W0, H0) window. By applying this local attention mecha-
nism to cover the entire frame, the total computational cost
increases only linearly with the number of windows, rather
than quadratically with frame size. Thus, the overall com-
plexity is reduced to O((TW0H0)

2 × D) up to a constant
factor, effectively avoiding quadratic scaling. However, re-
lying solely on local attention ignores dependencies across
windows, potentially leading to isolated or inconsistent con-
tent. To address this, we introduce a global attention mech-
anism that connects all local windows, enabling the model
to capture long-range dependencies and maintain seman-
tic consistency across the frame, thereby supporting high-
resolution video generation with coherent semantics.

Therefore, we propose a novel global-local attention
mechanism that decomposes the original full attention mod-
ule into two complementary components: global attention
and local attention. Specifically, the local attention module

partitions the video sequence into multiple independent sub-
regions and applies attention within each region separately,
significantly reducing the overall computational cost. In par-
allel, the global attention module models the interactions
across different local regions, injecting holistic spatiotempo-
ral information into each local branch. This hierarchical de-
sign enables efficient and scalable attention modeling while
preserving both local detail and global coherence.
Local Attention Mechanism. For a video latent representa-
tion zv ∈ RB×(T ·W ·H)×D, we aim to reduce the computa-
tional burden of self-attention by introducing a local atten-
tion mechanism that approximates full self-attention with
lower computational cost.

We partition the video latent zv along the spa-
tial dimensions (H and W ) into m non-overlapping,
equally sized local windows, each with dimensions
B × (T ·W0 ·H0)×D. For each local window, self-
attention is applied independently, and the results are aggre-
gated along the spatial dimensions to produce the final local
attention output with the original resolution:

{z(i)l }mi=1 = Partition(zv),

z
′(i)
l = Self -Attention(z

(i)
l ),

zl = Aggregate({z′(i)l }mi=1),

(1)

where Partition(·) divides zv into m local windows,
Self -Attention(·) is applied within each window, and
Aggregate(·) concatenates the outputs along the spatial
dimensions to reconstruct the local attention result zl ∈
RB×T×H×W×D (detailed designs are in Sec. 4.3).
Global Attention Mechanism. Local attention reduces
computational cost but limits focus to individual windows,
potentially causing semantic inconsistencies. For example, a
prompt describing ”a dog” might lead to multiple indepen-
dent versions across windows.

To address this, we introduce a global attention mod-
ule to capture long-range dependencies and ensure se-
mantic consistency. We compress the spatial informa-
tion of the video latent zv into a lower-resolution zg ∈
RB×(T ·Hg·Wg)×D using a convolution module, apply global
self-attention at this reduced size, and decompress the result
to the original resolution:

z′g = Eg(zv),

z′′g = Self -Attention(W g
Qz

′
g,W

g
Kz′g,W

g
V z

′
g),

zg = Dg(z
′′
g ).

(2)

where Eg is the compression encoder, and Dg is the decom-
pression function, ensuring zg matches the original video la-
tent size (detailed designs are in Sec. 4.2).
Time-aware Global-Local Composition. The local and
global attention mechanisms yield two latent representa-
tions: the local latent zl, capturing fine-grained details, and
the global latent zg , providing semantically coherent global
context. To produce videos that are both globally consis-
tent and locally detailed, we introduce a global-local fusion
module that combines these representations using a learn-
able fusion factor α.
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Figure 2: Overview of our UltraGen that decomposes the full-attention into a global attention branch (Sec. 4.2) for overall
semantic consistency and a local attention branch (Sec. 4.3) for high-fidelity regional content, boosting high-efficiency and
high-resolution video generation.

During the diffusion process, different denoising
timesteps t focus on various video aspects: early timesteps
emphasize global structure, while later ones refine details.
Thus, the fusion factor α should dynamically adjust with the
timestep, shifting focus from global to local information. To
achieve this, we predict α based on timestep t. We embed t
into a 256-dimensional time feature vector using Sinusoidal
Encoding, then project it into a D-dimensional fusion factor
via an MLP to fuse zl and zg:

α(t) = MLP (SinEncode(t)), R1 → RD

zfused = α(t) · zg + (1− α(t)) · zl.
(3)

4.2 Spatially-Compressed Global Attention
In this section, we detailedly introduce our spatially-
compressed global attention module, which is designed to
capture global video context while maintaining computa-
tional efficiency. The key idea is to compress the spatial
dimensions of video latents before performing attention, so
that the self-attention is conducted at a smaller spatial size,
and then decompress them back to the original resolution
using spatiotemporal convolution. This reduces the attention
cost without sacrificing global modeling capability.
Spatial Compression. A video can be considered as a se-
quence of consecutive images, and it is well-known that
images can be spatially downsampled to lower resolutions
while preserving global semantics at the cost of some lo-
cal details. Leveraging this property, we propose to spatially
compress the video latent by downsampling its width and
height by a factor of k. This aligns the computational cost of
global attention with that of our local attention module.

Specifically, given a video latent z ∈ RB×T×H×W×D ,
we apply a k × k 2D convolution with stride k along the
spatial dimensions (H,W ) to obtain a compressed latent
zc ∈ RB×T×H′×W ′×D, where H ′ = H

k and W ′ = W
k . To

reduce the number of parameters and computational cost in
the compression layer, we adopt a channel-wise (i.e., depth-

wise) convolution mechanism, where each hidden dimen-
sion is processed by a separate convolution kernel with a
single input and output channel. Moreover, to ensure train-
ing stability at the early stage, we initialize the convolutional
kernel weights to be 1/(k × k), which initially behaves as
average pooling.
Global Attention with Domain-aware LoRA. Once we
obtain the compressed video latent zc ∈ RB×T×H′×W ′×D,
we proceed to apply global self-attention over it. How-
ever, employing both local and global attention mecha-
nisms requires maintaining two attention weights for each,
which significantly increases computational overhead. To
address this, we propose a domain-aware LoRA mecha-
nism, which adapts the local attention parameters for global
modeling. Specifically, for each projection weight W ∈
{WQ,WK ,WV } and the FFN parameters WFFN, we intro-
duce a lightweight, trainable low-rank residual that special-
izes in global attention. The adapted weight is defined as:

W global = W +∆WLoRA = W +AWBW , (4)
where AW ∈ Rd×r and BW ∈ Rr×d are low-rank matrices
with rank r ≪ d, and d is the input/output dimension. The
same formulation is applied to WFFN.
Spatiotemporal Decompression. After obtaining the glob-
ally modeled compressed latent zglobal

c ∈ RB×T×H′×W ′×D,
we need to decompress it back to the original video resolu-
tion T ×H ×W .

Specifically, we first apply bilinear interpolation to up-
sample the spatial resolution from H ′ × W ′ to H × W .
Then, to mitigate the over-smoothing effect caused by inter-
polation, we apply a convolutional refinement module. Since
video frames exhibit not only spatial but also temporal con-
tinuity, spatial-only operations may lead to temporal discon-
tinuities. Therefore, we utilize a 3D convolution to perform
joint spatio-temporal processing to ensure temporally con-
sistent decompression. The overall process is formulated as:

zg = Conv3D(BilinearUpsample(zglobal
c )), (5)
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where zg denotes the decompressed global latent, and
Conv3D denotes a 3D convolution operation over the tempo-
ral and spatial dimensions. This enables effective restoration
of spatial details while preserving temporal coherence.

4.3 Cross-window Hierarchical Local Attention
In order to avoid the quadratic increase in computational
complexity as video resolution grows, we design local at-
tention mechanism to partition the video latents into non-
overlapping spatial windows and then conduct self-attention
in local windows. However, this partition makes it difficult to
model fine-grained relationships at the boundaries between
adjacent local windows. To address this issue, we propose
Cross-window Hierarchical Local Attention, which can ef-
fectively model local dependencies within each window and
captures interactions between neighboring windows.
Local Attention. Concretely, we first reshape the video la-
tent zv into a new tensor of shape B × T ×H ×W ×D.
We then partition the spatial dimensions (H,W ) into
K × K non-overlapping local windows, resulting in a
set of local video latent groups {vi,j}K,K

i=1,j=1, where each
vi,j ∈ RB×T×H

K ×W
K ×D corresponds to a spatiotemporal

sub-volume of the original video latent:

vi,j = zv[:, :, i·
H

K
: (i+1)·H

K
, j ·W

K
: (j+1)·W

K
, :]. (6)

For each local video latent vi,j , we apply self-attention
within the it to model the spatiotemporal dependencies:

v′i,j = Self -Attention(W s
Qvi,j ,W

s
Kvi,j ,W

s
V vi,j). (7)

By applying self-attention only within each local window,
the computational complexity is reduced from O((TWH)2 ·
D) to O(K2 ·(TWH

K2 )2 ·D) = O((TWH)2 ·D/K2). As the
number of windows increases (i.e., window size decreases),
the complexity decreases accordingly. In the extreme case,
it reduces the complexity to O(TWH ·D) when each token
forms an independent local group, enabling high-resolution
video generation at significantly reduced cost.

After computing self-attention within each local window,
we aggregate all locally updated features {v′i,j} and restore
them to the original video latent resolution:

zl = Rearrange({v′i,j}Ki,j=1). (8)

This rearranged zl preserves the original spatial-temporal
resolution of the video while significantly reducing the com-
putation required during attention modeling, which ensures
that local details are efficiently captured.
Cross-window Attention. Despite incorporating global in-
formation modeling, direct communication between local
attention windows remains limited, especially at the bound-
aries, where discontinuities frequently occur. To address
this, we propose a Cross-window Local Attention to enhance
inter-window interaction across local attention windows.

Given that the model is composed of multiple layers
of transformer blocks, we apply alternating local attention
schemes at adjacent layers, where adjacent layers have dif-
ferent partition blocks and window boundaries. For an even-
numbered layer i (i mod 2 = 0), the spatial domain of the

Figure 3: Cross-window Attention.

video latent is partitioned into non-overlapping K×K win-
dows. For an odd-numbered layer i (i mod 2 = 1), we apply
a shifted window strategy with (K + 1) × (K + 1) par-
titions that partially overlap with the even-layer windows.
This cross-window local attention strategy enables hierar-
chical interaction across neighboring windows between ad-
jacent transformer layers.

As a result, boundary information in the K ×K windows
at layer i is propagated through overlapping regions in the
(K+1)×(K+1) windows at layer i+1, and vice versa. This
enhances continuity across local attention boundaries and
improves consistency in the generated outputs. Formally, the
attention computation in layer i can be described as:

z(i)cro = LocalAttn(K+(i mod 2))×(K+(i mod 2))(z
(i)). (9)

Hierarchical Local Attention. While the proposed cross-
window local attention enhances information exchange
across adjacent local attention windows, it may still be hard
to capture fast-moving small objects, which can simulta-
neously span multiple local windows between frames. In
such cases, the limited overlapping in cross-window atten-
tion is insufficient, and global attention lacks the resolution
to model fine-grained local details. To address this, we in-
troduce a Hierarchical Local Attention (HLA) mechanism,
which divides the full attention into (K/2) × (K/2) coarse
windows (each twice the size as the local window), and per-
forms local attention within each coarse window at an inter-
mediate scale. This approach effectively compensates for the
inability of global attention to capture fine-grained details,
while also overcoming the limited receptive field inherent in
conventional local attention mechanisms.

Specifically, we first compress the latent features within
each local window using a strategy similar to our spatial-
compressed global attention. The local latent zhlac within
each coarse window of size 2H

K × 2W
K is downsampled via

strided convolution. To effectively model the hierarchical at-
tention, we apply a domain-aware LoRA adaptation to the
pretrained attention weights (including WQ, WK , WV , and
FFN) to ensure they are appropriately adapted for hierarchi-
cal attention computation:

Whla = Wlocal +∆WHLA, (10)

where ∆WHLA is the domain-specific LoRA adaptation for
hierarchical attention.

Similar to the cross-window local attention design, we
employ an alternating shift mechanism between adjacent
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Ours

Wan

CogVideoX
+SR

Wan+SR

Hunyuan
Video

Hunyuan
Video+SR

1080P: a person walking in the snowstorm. 4K:A snowy village at dusk, with soft snowflakes drifting 
down and smoke curling from chimneys.

Figure 4: Comparison results of existing state-of-the-art video generation methods on 1080P video generation. The red boxes
highlight zoomed-in regions, where our model produces the clearest high-resolution videos with the most fine-grained details.

transformer layers to ensure information flow across hier-
archical attention windows. That is, for layer i, hierarchical
attention is computed with non-overlapping (K/2)× (K/2)
windows; for layer i+1, we partition the spatial domain into
(K/2 + 1)× (K/2 + 1) non-overlapping windows, making
the windows of adjacent layers intersect with each other and
thus enabling boundary information propagation. The atten-
tion operation at each layer can be described as:

z
(i)
hla = HierAttn(K

2 +(i mod 2))×(K
2 +(i mod 2))(z

(i)), (11)

where HierAttnk×k(·) denotes attention over a k × k par-
titioned hierarchical window.

This hierarchical structure, combined with cross-layer
shift design and domain-aware adaptation, enables efficient
fine-grained motion modeling of fast-moving small objects
and enhances the robustness of local attention modeling in
dynamic video scenes. To fuse the results from both the
Cross-window Local Attention zcro and the Hierarchical Lo-
cal Attention zhla, we employ a time-aware alpha αlocal to
fuse the two results, which is the same as the Time-aware
Global-Local Composition.

5 Experiments
5.1 Implementation Details
Baselines. We compare our model with state-of-the-art
methods, including Wan (Wang et al. 2025a), Hunyuan-
Video (Kong et al. 2024), and CogVideo-X (Yang et al.
2024). For each method, we generate two sets of videos: 1)
one by directly generating videos at the target resolution,
and 2) the other by first generating videos at the default res-
olution and then applying a super-resolution method (Zhang
and Yao 2024) to upscale them to the target size. Note that
CogVideoX cannot support HD video generation; therefore,
we directly combine it with video super-resolution.

Evaluation Metrics. Conventional metrics such as FVD
are inadequate for evaluating the quality of high-resolution
video generation, as they rely on pretrained low-resolution
video encoders that fail to capture high-resolution features.
To address this limitation, we introduce three novel met-
rics specifically designed for high-resolution video evalu-
ation: 1) HD-FVD measures the similarity between gen-
erated and real high-resolution videos, while 2) HD-MSE
and 3) HD-LPIPS assess the fine-grained pixel-level and
semantic-level details of the generated videos, respectively.
Additional CLIP score (Radford et al. 2021) and temporal
consistency (Huang et al. 2024a) are included for a more
comprehensive evaluation. Further details and more Vbench
metrics are provided in the appendix (Hu et al. 2025d).

5.2 Comparison Results
Qualitative Comparison. We compare our model with
state-of-the-art methods on both 1080P and 4K video gen-
eration tasks. The comparison results are shown in Fig. 4.
As can be seen, the Wan model is unable to directly gen-
erate 1080P videos, resulting in blurry outputs with little to
no semantic content. HunyuanVideo is capable of generat-
ing 1080P videos, but often produces results with incorrect
semantics that are inconsistent with the given prompt. Meth-
ods that combine super-resolution models can generate text-
aligned videos; however, the outputs after super-resolution
tend to be overly smooth and lack fine details. Among these,
only HunyuanVideo+SR produces relatively good results,
but the level of detail is still significantly lower than that
of our model, as highlighted in the zoomed-in red boxes.
Therefore, our model is able to generate high-resolution
videos with fine-grained details while faithfully following
the given prompt, demonstrating its superior performance in
high-resolution video generation. Additional results gener-
ated by our model can be found in the Appendix.
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Reso-
lution Method SR HD-

FVD ↓
HD-
MSE ↑ HD-

LPIPS ↑ CLIP-L ↑ Temporal
Consis ↑

1080P

CogVideoX ✔ 394.82 97.21 0.3060 0.2834 0.9468
HunyuanV ✔ 238.75 126.68 0.3590 0.2883 0.9614

Wan ✔ 309.10 163.86 0.3499 0.2747 0.9750
HunyuanV ✘ 237.89 207.68 0.4911 0.2636 0.9752

Wan ✘ 821.54 42.93 0.4290 0.2528 0.9768
Ours ✘ 214.12 390.19 0.5455 0.2654∗ 0.9827

4K

CogVideoX ✔ 574.10 68.94 0.2645 0.2436 0.9449
HunyuanV ✔ 453.41 276.76 0.4066 0.2576 0.9684

Wan ✔ 471.56 77.67 0.2782 0.2455 0.9697
HunyuanV ✘ 805.42 102.36 0.3858 0.2151 0.9679

Wan ✘ 1272.08 29.45 0.4270 0.2123 0.9705
Ours ✘ 424.61 386.01 0.6450 0.2444∗ 0.9710

Table 1: Quantitative comparisons. Our UltraGen demon-
strates superior high-quality HD video generation capabil-
ities. Bold indicates the best performance and ∗ indicates
the best performance among all the non-SR methods.

Resolution HunyuanVideo Wan UltraGen (Ours) Speedup (Ours)

1080P 43 min 35 min 13 min ×2.69
4K 11h 36min 8h 46min 1h 50min ×4.78

Table 2: Comparison of inference time. Our model archives
a 4.78 × speedup compared to the baseline Wan model.

Quantitative Comparison. We compare our method with
state-of-the-art approaches in Tab. 1. For HD evaluation
metrics, our model achieves the lowest HD-FVD scores on
both 1080P and 4K video generation, indicating superior
quality and diversity in the generated videos. Furthermore,
we obtain the best HD-MSE and HD-LPIPS, demonstrat-
ing that our generated videos contain the most fine-grained
details and validating the effectiveness of our HD video
generation ability. Our model also achieves the best tem-
poral consistency, which demonstrates the smoothness of
the generated videos and the coherence across frames. In
terms of prompt following, we observe that directly generat-
ing HD videos without super-resolution leads to a relatively
lower CLIP score due to the difficulty in high-resolution
video generation. Since our model is based on Wan 1.3B,
its CLIP score cannot surpass that of Wan+SR. Neverthe-
less, we still achieve the best CLIP score among methods
that natively generate high-resolution videos, highlighting
the strong prompt-following capability of our model.
Time Comparison. Finally, we compare the inference time
of our model with HunyuanVideo and Wan at different
resolutions, as shown in Tab. 2. Our model achieves a
2.7× speedup for 1080P generation and a 4.78× speedup
for 4K generation compared to the baseline Wan model,
demonstrating the high efficiency of our approach for high-
resolution video generation.

5.3 Ablation Studies
We conduct ablation studies on five variants: (1) without
global attention, (2) without hierarchical attention, (3) with-
out domain-aware LoRA, (4) without cross-window local at-
tention, and (5) employing Swin-Attention (Liu et al. 2021)
for local attention modeling. As shown in Fig. 5, the model
without global attention tends to generate disjoint content,
exemplified by the isolated 16 golden fishes in the rightmost

Full Model
(Ours)

Without
Hierarchical

Attention

Without
Cross-window

Attention

Without
Global

Attention

Without
Domain-aware

LoRA

A close-up of a goldfish swimming in a round glass 
bowl,  bubbles rising to the surface

Swin 
Local

Attention

Figure 5: Ablation study on the proposed modules.

case. Models lacking either cross-window local attention or
hierarchical attention can capture global relationships only
coarsely and still exhibit inconsistencies at window bound-
aries. The model without domain-aware LoRA alleviates
boundary inconsistency but suffers from reduced genera-
tion quality, producing somewhat blurry results. This is due
to the limited capacity of a single set of attention weights
to model three distinct attention mechanisms (global, local,
and hierarchical). Moreover, when replacing hierarchical
cross attention with Swin-Attention for local attention mod-
eling, we observe that although adjacent windows can be
connected smoothly, Swin-Attention struggles to effectively
capture hierarchical features. As a result, the model often
generates semantically inconsistent content across windows.
For example, it may produce two goldfish in adjacent win-
dows where only one should appear, indicating a lack of
semantic coherence. In contrast, the full model generates
high-quality videos, effectively resolves boundary inconsis-
tencies, and captures global semantics well.

6 Conclusion
In this work, we propose UltraGen, a novel framework
for efficient, end-to-end native high-resolution video gen-
eration. By leveraging a hierarchical dual-branch atten-
tion architecture, UltraGen effectively decouples local and
global attention, enabling the synthesis of high-fidelity re-
gional details while maintaining overall semantic consis-
tency. Our spatially compressed global modeling and hier-
archical cross-window local attention mechanisms further
reduce computational complexity, making high-resolution
video generation (up to 4K) feasible for both training and
inference. Extensive experiments demonstrate that UltraGen
not only scales pre-trained low-resolution models to 1080P
and 4K resolutions, but also consistently outperforms exist-
ing state-of-the-art methods and super-resolution pipelines
in both qualitative and quantitative evaluations.
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