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Fig. 1: Ultra-resolution results generated by our method built upon Wan2.2 . Reso-
lution is marked on the top-right corner of each result in the format of widthxheight.
Corresponding prompts can be found in the appendix.

Abstract. The quadratic time and memory complexity of the attention
mechanism in modern Transformer-based video generators makes end-
to-end training for ultra-high-resolution videos prohibitively expensive.
Motivated by this limitation, we introduce a training-free approach that
leverages video Diffusion Transformers pre-trained at their native scale
to synthesize higher-resolution videos without any additional training
or adaptation. At the core of our method lies an inward sliding-window
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attention mechanism, which originates from a key observation: main-
taining each query token’s training-scale receptive field is crucial for pre-
serving visual fidelity and detail. However, naive local window attention,
unfortunately, often leads to repetitive content and exhibits a lack of
global coherence in the generated results. To overcome this challenge,
we devise a dual-path pipeline that backs up window attention with a
novel cross-attention override strategy, enabling the semantic content
produced by local attention to be guided by another branch with a full
receptive field and, therefore, ensuring holistic consistency. Furthermore,
to improve efficiency, we incorporate a cross-attention caching strategy
for this branch to avoid the frequent computation of full 3D attention.
Extensive experiments demonstrate that our method delivers ultra-high-
resolution videos with fine-grained visual details and high efficiency in a
training-free paradigm. Meanwhile, it achieves superior performance on
VBench, even compared to training-based alternatives, with competitive
or improved efficiency. Code is available herel

1 Introduction

Empowered by the attention mechanism’s ability to capture complex token-
wise dependencies [50|, Diffusion Transformers (DiTs) [41] have shown remark-
able performance in generating high-quality images [5H7,/11,|{12,|17,[32/53] and
videos [13}21L[241/29,36l[54]. However, the quadratic complexity of attention with
respect to spatial resolution makes scaling up these models computationally pro-
hibitive, and this issue becomes even more severe in video generation, where an
additional temporal dimension further amplifies the cost. As a result, most ex-
isting diffusion models are trained at relatively low resolutions. This stands in
stark contrast to the rapidly growing demand for ultra-high-definition content,
such as 4K videos, in modern visual applications.

Considering the substantial challenges of training high-resolution video gen-
eration models, we pose a natural question in this work: Can we generate ultra-
high-resolution videos using existing generators pre-trained only at lower resolu-
tion, such as 480P, without any additional training or adaptation? As illustrated
in Fig. a), this is a highly non-trivial problem—directly performing inference
at higher resolutions often leads to unrealistic and incoherent results.

To further investigate this issue, we take inspiration from existing training-
free methods for high-resolution image generation—covering aspects such as
resolution-aware attention scaling [28|, positional embedding adjustment [42],
denoising schedule refinement [11], and low-resolution guidance strategies |3
10]—and explore whether these techniques can be effectively extended to the
video domain. Unfortunately, although these methods succeed in image genera-
tion, they fail to generalize effectively to video scenarios. As shown in Fig. b),
(c), and (d), they either remain stuck in inconsistent semantic layouts or suf-
fer from poor fine-grained quality, counteracting the fundamental objective of
ultra-high-resolution video synthesis.

We therefore speculate that the unsatisfactory results stem from the limited
scalability of previous methods: video generation inherently requires modeling
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complex 3D dependencies, making such approaches less generalizable to unseen
resolution scales, even when equipped with various resolution-aware techniques.
As illustrated in Fig. [2] this effect is reflected in the attention maps: those from
Lumina-Next , a DiT-based image generator, remain highly consistent across
different resolution scales, whereas those from Wan2.1 [51], a state-of-the-art
video DiT, fail to maintain such consistency.

Based on this analy-
sis, the key to resolving
the issue, in fact, lies in
avoiding unseen general-
ization—specifically, pre-
serving for each query to-
ken the same spatial re-
ceptive field that it ex-
perienced during training.
For example, in a DiT
trained for 480P video !
generation, each query o Res X 2 - O Res x 4
token attends only to
key/value tokens within Fig. 2: Visual results and corresponding attention maps
its local 480P window at x2 and x4 native resolutions from Lumina-Next
when synthesizing higher- and Wan2.1 [51], based on the same DiT architecture
resolution videos. This family.
forms the core of our ap-
proach: an inward sliding-
window attention mechanism. As illustrated in Fig. (g), this design substantially
improves generation fidelity, producing fine-grained and visually rich details.

Lumina

Wan

We then turn back to the full-attention results shown in Fig. [3(d), which ef-
fectively preserve the overall semantic layout despite lacking fine visual details,
and complement the proposed window attention approach with an additional
full-attention branch. As shown in Fig. h), by interacting through an override
scheme at the cross-attention layers—the direct sources of semantic informa-
tion—such a dual-branch pipeline effectively brings the best of both worlds,
achieving both coherent semantics and visually appealing fine-grained details.

Moreover, the full-attention branch inevitably incurs substantial computa-
tional overhead. To mitigate this, inspired by recent caching-based acceleration
techniques , we introduce a cross-attention feature reuse strategy
that reduces the need for frequent full 3D attention computation, achieving over
a 2x speedup with negligible performance degradation.

We conduct extensive experiments on modern DiT-based video generation
models, e.g., Wan2.1 and LTX-Video . As shown in Fig. [1} our method
can synthesize 4K-resolution videos with strong semantic coherence and visually
compelling fine-grained details. Quantitatively, it establishes new state-of-the-
art results on VBench , even surpassing previous training-based methods in
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Fig. 3: Qualitative comparison of generated results under different strategies based
on Wan2.1 [51]. Except for (a) and (b), all other results are produced using a coarse-
to-fine scheme, where a base video (832 x 480) is first generated by the convention
text-to-video pipeline, followed by high-resolution refinement (1920 x 1088) through

SDEdit .

both generation quality and efficiency. Our contributions can be summarized as
follows:

— We delve into the field of training-free ultra-high-resolution video generation
and propose the first approach tailored for Wan2.1 , to the best of our
knowledge.

— We identify the limitations of prior resolution extrapolation methods for im-
age generation when applied to videos and propose an inward sliding-window
attention mechanism complemented by a dual-path strategy to effectively
overcome these issues.

— Extensive experiments and user evaluations confirm that our method achieves
superior performance in training-free ultra-high-resolution video generation,
outperforming even training-based counterparts.

2 Related Work

2.1 Diffusion Models for Video Generation

Diffusion models (DMs) have been extensively explored for video gen-
eration, attracting substantial attention. Unlike conventional UNet-based video
diffusion models that rely on convolutional backbones, Diffusion
Transformer (DiT) |41] adopts a Transformer architecture as its core. This archi-
tectural change enables DiT to capture richer long-range dependencies and more
intricate spatiotemporal relationships within video sequences. Early works
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37.[54] demonstrated the effectiveness of spatiotemporal transformers with self-
attention and a global receptive field. More recently, LTX-Video [13] further op-
timized the interaction between the Video-VAE and the denoising transformer,
while Wan2.1 [51] and Hunyuan [29], both trained on large-scale video datasets,
exhibited impressive performance in generating realistic videos. Although these
models greatly improve generation quality, their native resolution remains lim-
ited for high-quality applications.

2.2 High-Resolution Visual Generation

In the image domain, training-free high-resolution visual generation has been
extensively explored. Most existing approaches [43] are built upon U-Net [4§],
which significantly suffers from repetitive patterns that arise from the limited
local receptive fields in high-resolution synthesis. Several works [1L[9L|15] further
expand receptive fields through dilated convolutions and fuse local and global
patches to effectively suppress repetition. With the advent of recent foundational
diffusion models [30], DiT have become the dominant architecture, benefiting
from the attention mechanism’s capacity to model complex token-wise depen-
dencies. Training-free methods [3,/10] on DiT are capable of maintaining global
layout consistency while synthesizing fine-grained visual details.

In the video domain, high-resolution synthesis of DiT-based models intro-
duce additional challenges, including severe computational overhead, blurring,
and structural distortion. Some works [55] concentrate on developing the system
infrastructure required for efficient high-resolution video generation. Most cur-
rent video generation methods [23/44./46] rely on fine-tuning with high-resolution
data. In this work, we propose a fully training-free video generation framework
tailored for modern DiT architectures, effectively ensuring global layout consis-
tency while producing fine-grained details in high-resolution synthesis.

3 Methods

Generating 4K videos poses significant challenges, as it requires both fine-grained
detail synthesis and high-level semantic coordination. Following prior works [3|
10], we adopt a coarse-to-fine generation strategy (Sec. : first generating a
video from a text prompt at the model’s native resolution and then producing a
higher-resolution version based on this initial output. Since the first stage follows
the standard inference procedure of a pre-trained text-to-video DiT, our focus
in this section is on the second stage. The key components include an inward
sliding-window attention mechanism (Sec. , a cross-attention override scheme
(Sec. , and a feature reuse strategy for the cross-attention layers (Sec. .
An overview of our method is illustrated in Fig. [4]

3.1 Preliminary: Coarse-to-Fine Generation

As shown in Fig. a), it is difficult for a text-to-video DiT pre-trained only at low
resolution scales to generate high-resolution content. Although prior works |10}
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Fig. 4: FreeSwim Framework Overview. Upper Left: Our parallel Dual-Path pipeline
combined with cross-attention override to achieve correct global semantic structure,
with the Full-Branch Feature Reuse strategy in the figure representing the case where
the cross attention of Full-Branch is computed and updated every two steps (P=2).
Bottom Right: Our inward window attention ensures that during inference, the spa-
tial dimension is strictly controlled at the same scale as during training.

propose a series of insightful toolkits for resolution extrapolation,
they are helpful for enhancing local details but still fail to alleviate the issue of
disordered layouts in high-resolution video generation, as illustrated in Fig. b).
Therefore, following [3,[10], we apply a coarse-to-fine pipeline, where the overall
video layouts are handled in the low-resolution stage.

Specifically, inspired by SDEdit 7 we first conduct text-to-video genera-
tion in the model’s native resolution. Then, as shown in Fig.[d] this basic result is
up-sampled to the target size in the pixel space and converted to the latent space
through the VAE encoder. A random Gaussian noise is added to the encoded
latents with a predefined strength, which preserves the overall content structure
while perturbing fine-grained details. The high-resolution inference process be-
gins from this noisy state. As shown in Fig. Bfc) and (d), this strategy plays a
crucial role in producing reasonable content layouts and yields further perfor-
mance gains when combined with the aforementioned inference toolkits.

3.2 Inward Sliding-Window Attention

Nevertheless, in video generation, where a model has to capture complex 3D
interactions, the quality of fine-grained details remains unsatisfactory. In other
words, previous methods effective in 2D resolution extrapolation struggle to gen-
eralize to video scenarios when the token count surpasses that observed during
training.

Based on this insight, a straightforward way to maintain the same token
count N as during training is to reduce the number of latent frames F so that
N = HxW x F, where H and W denote the sizes of the spatial dimensions. For
example, using a 480P model to generate 1080P content requires reducing the



FreeSwim 7

frame count by 2.25x to keep the token length unchanged. However, as shown
in Fig. [3(e), this strategy brings limited improvement.

We therefore hypothesize that preserving the native size of each dimen-
sion—both spatial and temporal—is essential for performance. Methodologically,
this corresponds to a sliding-window attention mechanism: each query token
attends only to key/value tokens within a local window whose receptive field
matches the resolution scale used during training, e.g., using a 480P window for
a 480P model.

Unlike classic window attention, such as Swin Transformer |33] and Neighbor-
hood Attention |14], which truncate attention windows for boundary tokens due
to limited spatial context, we find it essential to maintain a consistent number of
interactable key/value tokens for all queries, including those at the boundaries.
To this end, we propose a novel inward sliding-window attention mechanism:
when a query’s window extends beyond the video boundaries, we dynamically
shift it inward based on the token’s spatial location, ensuring that its recep-
tive field size matches the training resolution without truncation, as shown in
Fig. f{bottom right), which can be formulated as:

Al = max(% — zq, % +z,—W+1,0),
h h
qu) = max(i ~Yar g +y,— H+1,0),
1, if |og — x| < 2 + AW (1)
qu = and ‘yq — yk| < g-i— Agb{n,

0, otherwise,

O = Softmax((QK ") - M/Vd)V,

where z, and y, denote the spatial coordinates of a token; W and H are the
target dimensions, while w and h are the native dimensions; @, K, V, and
M represent the query, key, value, and attention mask matrices, respectively; -
indicates element-wise multiplication; d is the feature dimension size; and O is
the resulting attention output of the layer.

This inward sliding-window attention scheme is applied to all self-attention
layers—the core modules for token interactions in modern DiT-based video gen-
erators like Wan2.1—in place of the original 3D full attention. As shown in
Fig. f) and (g), this approach significantly enhances local details, while the
inward mechanism effectively eliminates boundary artifacts.

3.3 Dual-Path with Cross-Attention Override

As shown in Fig. (g), the inward sliding window attention mechanism mentioned
in Sec. 3:2] while improving fine-grained details, inevitably produces repetitive
patterns as a side effect. The underlying reason is the confined respective field
of each token, analogous to that in previous U-Net-based generators [48] like
SD-1.5 [47] and SD-XL [43], where convolution serves as the primary means of
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feature interaction. A variety of methods have been developed to enable resolu-
tion extrapolation for them [9L|15]/45,56].

In this paper, we provide a tailored approach for DiT-based models. Re-
examining Fig. d) and (g), we observe a trade-off between global layout consis-
tency and fine-grained detail quality. In other words, although full 3D attention
produces less refined local details, it yields more coherent semantics, suggesting
a potential source of global guidance in a dual-path framework that integrates
both full-attention and window-attention branches. For the interaction between
the two paths, we leverage the latent-to-text cross-attention modules, which
serve as the direct source of semantic content.

Specifically, at each denoising step, we duplicate the input latent maps, con-
catenate them along the batch dimension, and apply full 3D attention and the
proposed inward sliding-window attention to the self-attention modules, respec-
tively. The cross-attention results of the latter branch, denoted as O%,indow are
guided by the former, denoted as O "4ow with a strength of :

Cross

OZ 5" 4 AO% gus + (1= NOL ™. (2)

In practice, we find that setting A = 1 achieves the most robust perfor-
mance without sacrificing fine-grained detail. This corresponds to an override
scheme, where the cross-attention features from the window-attention branch
are entirely replaced by those from the full branch. Please refer to Sec. [£.4] for
more discussion. As shown in Fig. h)7 the proposed inward sliding-window
attention, reinforced by this dual-path design, brings the best of both worlds,
enabling training-free high-resolution video generation with coherent semantic
structures and appealing details.

3.4 Full-Branch Feature Cache and Reuse

By default, at each denoising step, a latent map must pass through the full-
attention branch to compute cross-attention guidance for the window-attention
branch, which introduces substantial computational overhead, especially at ultra-
high-resolution scales like 4K. To address this, motivated by prior work on
caching for diffusion models |31}[341/35//58|, we propose a step-wise reuse strategy
for the cross-attention features from the full branch.

Specifically, we update and cache the cross-attention guidance from the full-
attention branch every P steps. The cached results are then reused to override the
cross-attention outputs of the window-attention branch in the intervening steps,
which has minimal impact on video quality when P is set to 2 ~ 8 according to
our experiments. Fig. [4 presents the case of P = 2.

Moreover, for models using classifier-free guidance [19], we find it unnecessary
to apply the dual-path pipeline to the unconditional branch. In other words, we
omit full-attention guidance for this branch and rely solely on inward sliding-
window attention in the self-attention layers. Together, these two designs achieve
over a more than 2x inference speedup at 1080P resolution.
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Subject Background Motion  Aesthetic Imaging Overall Overall

Models Consistency Consistency Smoothness Quality Quality Consistency| Score

LTX-Video [13]

CineScale (w/0o LoRA) [44] 89.7% 97.3% 98.7% 41.2% 36.6% 16.2% 63.3%
Ours (w/o Cache) 91.3% 97.3% 98.5% 41.3% 50.0% 18.5% 66.2%
Ours (w/ Cache, P=5) 91.4% 97.2% 98.5% 41.3% 49.9% 18.6% 66.2%

Wan2.1 14B [51]

CineScale (w/o LoRA) (44| 96.3% 96.5% 98.8% 59.9%  65.1% 23.8% 73.4%
Ours (w/o Cache) 95.7% 96.4% 98.3% 60.9% 65.8% 24.6% 73.6%

Wan2.1 1.3B |51]

Real-ESRGAN [52] 94.7% 96.4% 97.9% 55.9% 63.9% 24.8% 72.3%
Upscale-A-Video [57] 91.0% 97.0% 97.2% 55.6% 62.9% 22.9% 71.1%
I-Max [10] 92.8% 96.9% 95.3% 59.6%  61.1% 23.0% 71.5%
HiFlow |[3] 90.7% 96.3% 95.2% 54.8% 54.4% 24.7% 69.4%
CineScale (w/0 LoRA) [44]|  94.3% 96.9% 98.2% 45.9%  40.9% 16.8% 65.5%
CineScale (w/ LoRA) [44] 93.9% 96.8% 97.4% 56.7% 60.7% 23.5% 71.5%
Ours (w/o Cache) 94.7% 97.2% 97.7% 57.9% 63.4% 25.1% 72.7%
Ours (w/o CFG-Full) 97.1% 98.2% 98.2% 58.6%  61.8% 25.1% 73.2%
Ours (w/ Cache, P=2) 95.1% 97.6% 97.9% 61.2%  65.3% 24.9% | 73.7%
Ours (w/ Cache, P=5) 94.4% 97.4% 97.8% 56.2% 62.6% 25.2% 72.3%
Ours (w/ Cache, P=8) 95.2% 97.6% 98.0% 54.3% 61.0% 23.6% 71.7%

Table 1: Video comparison with both training-based and training-free models at
1080P. Our method FreeSwim achieves the best scores across almost all metrics and
ranks first overall in the Wan Series [51] and LTX Series [13] respectively. The highest
value is bold, and the second-highest is underlined.

4 Experiments

4.1 Settings and Implementation Details

In this part, we conduct experiments using Wan2.1 [51] and LTX-Video [13],
known for their state-of-the-art performance in video generation. Wan2.1 [51]
includes both a 1.3B version trained solely at 832 x 480 (480P) resolution and
a 14B version trained on a mixed dataset of 480P and 1280 x 720 (720P). LTX-
Video [13] is trained solely on 512 x 768. More results from other DiT models are
presented in the Appendix. We utilize FlexAttention [8] in PyTorch [40], which
provides efficient low-level optimization for sparse attention, to implement the
proposed inward sliding-window attention.

We evaluate the performance of our method using VBench [25], a benchmark
designed to assess both visual quality and semantic coherence. For video gener-
ation at resolutions of 1920 x 1088 (1080P) and 3380 x 1920 (3K), we randomly
select 60 prompts from the standard prompt suite of VBench [25] and, to ac-
count for randomness, we randomly sample five different seeds for each prompt.
Following the official evaluation settings of VBench, each method generates five
videos per prompt using these five distinct random seeds. We then apply the
official VBench metrics to ensure a fair comparison across all methods.



10 Wu et al.

4.2 Main Comparisons

We evaluate our method on LTX-Video [13] and Wan2.1 [51]. We consider the
following baselines: (1) Low-Level Super Resolution Methods, including
Real-ESRGAN [52) - and Upscale-A-Video |57, whose base videos are derived
from Wan2.1 . 2) Training-Free ngh Resolution Generation Meth-
ods, including I-Max [10], HiFlow (3|, and CineScale [44] without LoRA, i.e.,
a coarse-to-fine strategy based on that is also adopted in our approach;
and (3) Training-Based High-Resolution Generation Methods, includ-
ing CineScale with LoRA , which conducts adaptation of high-resolution
video data at 2K resolution.

As shown in Tabs. [[] and [2} our method demonstrates superior performance
across both 1080P and 3K resolutions, particularly in terms of aesthetic qual-
ity (including layout, color richness, and harmony), imaging quality (capturing
distortions such as over-exposure, noise, and blur), and overall consistency (re-
flecting both semantic and style alignment). These results validate the effective-
ness of our method, enhancing fine-grained aesthetic details and improving the
global-layout accuracy of the generated videos. Our method remains competitive
to the baselines on other metrics and ranks first on the overall scores.

Real-ESRGAN UAV I-Max HiFlow Direct Inference  CineScale w/o LoRA CineScale w/ LoRA Ours

.
N
. ]
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oy iy oty Juy N
B A M L 0
bl X L b ke
ElEE | E L e

Fig. 5: Visual comparison of synthesized 1080P videos for models based on Wan. Our
method FreeSwim yields high-resolution videos characterized by high-fidelity details
and coherent structure. Best viewed zoomed in.




FreeSwim 11

To visually demonstrate the superiority of our approach, we conduct a fair
comparison on the same base videos generated by Wan2.1-1.3B [51], as shown
in Fig. [5| For training-based SR baselines [52,/57], we directly feed the gener-
ated base videos into their pipelines. For training-free high-resolution generation
methods [3,[10L/44], we adapt their Wan2.1-based implementations to ensure a
consistent backbone. Under the same prompt, our method consistently produces
the most visually appealing results, featuring the richest fine-grained details and
the highest semantic consistency with the prompt. In particular, in the second
example, our generated video vividly presents the prompt-specific details, such as
the facial details, which are barely manifested in the results of other approaches.

Subject Background Motion Aesthetic Imaging Overall Overall

Models Consistency Consistency Smoothness Quality Quality Consistency Score
CineScale w/o LoRA [44] 94. 98.7 97.7 43.2 36.5 12.6 63.9
CineScale w/ LoRA [44] 91.8 97.7 99.2 46.0 52. . 67.4
Ours (w/o Cache) 2 96.7 99.2 46.0 52.2 17.5 67.4
Ours (w/ Cache, P=5) 94.7 96.0 99.4 50.1 57.8 22.5 70.1

Table 2: Video comparison with both training-based and training-free variants of
CineScale [44] at 3K. Our method FreeSwim achieves the best scores across almost all
metrics and ranks first overall in the Wan Series [51].

4.3 User Study

To further qualitatively evaluate the performance of our method, we conduct
a human study to assess the subjective aesthetic perception of the generated
videos. Specifically, we compare four methods, all based on Wan2.1-1.3B [51]:
the training-based approach CineScale [44] (w/ LoRA), the training-free variant
CineScale [44] (w/o LoRA), the direct inference results of the original model,
and our proposed method. All methods are evaluated using the same prompts
from VBench |[25].

Text Alignment Aesthetic Appeal Detail Richness
CineScale w/o lora CineScale w/o lora
- CineScale w/o lora
14.3% 16.7% 20.1%
‘Wan-DI
9.2% Wan-DI
9.3% 5.0% ‘Wan-DI
e Ours [52:3%
Ours 59.7%
21.5% Ours 15.2%

2Lcke CineScale w/ lora
CineSeale w/ lora

CineScale w/ lora

Fig. 6: Results of user study. Participants were expected to select the best method
based on Text Alignment, Aesthetic Quality, and Video Quality.
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Table 3: Ablation study on the Wan2.1-1.3B |51] at 1080P resolution. Higher is better
for all metrics except inference time.
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During the study, each participant was presented with the generated videos
in a randomized order and expected to select the best video based on three
criteria: Aesthetic Appeal, Detail Richness, and Text Alignment. Aesthetic Ap-
peal referred to the overall visual attractiveness and artistic quality of the video,
while Detail Richness evaluated the level of fine-grained details present in the
video frames. Text Alignment assessed how well the generated content adhered
to the textual input, ensuring that the video accurately reflected the provided
prompts. In total, 29 participants took part in the study and provided their
subjective preferences. As shown in Fig. [0} our method consistently receives the
highest preference across all the metrics.

4.4 Ablation Study

Contribution of Proposed Strategy. To validate the effectiveness of our
proposed method, we conduct detailed ablation studies on Wan2.1-1.3B [51]
as shown in Tab. [3] First, we demonstrate that incorporating Inward Sliding-
Window Attention significantly enhances visual details compared to direct infer-
ence, resulting in substantial improvements in multiple metrics, including aes-
thetic quality and image quality. To address the repetition problem caused by
window attention, the proposed Dual-Path with Cross-Attention override strat-
egy further improves semantic consistency in the generated videos, enhancing
both imaging quality and overall score. Additionally, to mitigate the computa-
tional overhead of the dual-path design, we adopt a Full-Branch Feature Cache
and Reuse strategy, which not only significantly accelerates inference but also
delivers a 1.0% improvement over the variants of w/o cache.

Effect of the Inward Window. To rigorously control the receptive field to
match the resolution scale used during training, we propose the Inward Sliding-
Window Attention. We provide a quantitative comparison between this method
and Native Window Attention, as shown in Tab. [3| (second and third rows). The
results show that the inward approach significantly improves aesthetic quality
and imaging quality. And, as shown in Fig. B[f) and (g) for a qualitative com-
parison, the approach effectively addresses the artifacts, confirming that these
techniques contribute to the necessary quality improvements. Furthermore, by
utilizing Flex Attention [§] with complied masking logic, the inward method does
not introduce any computational delays, as shown in Fig.

Effect of the \ Coefficient. In this section, we study the effect of the
proposed Dual-Path with Cross-Attention Override. As a control factor of cross-
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attention strength between window and full branches, A in Eq. 2] plays a crucial
role in balancing global layout consistency and fine-grained detail quality. To
better understand its influence, we conduct a detailed analysis of the hyperpa-
rameter A in the override strategy.

As shown in Tab. [f] increasing A, which increases the proportion of the full
branch, leads to improvements in aesthetic quality, image quality, and overall
consistency. Specifically, when A = 1.0, corresponding to our proposed Dual-
Path with Cross-Attention override, the best overall score is achieved. Fig. [7]

r=0 1=0.3 1=0.6 A =1 (Override)

Fig. 7: Qualitative comparison of different A under different cases. Repeated patterns
are highlighted with red boxes.

further demonstrates that increasing A\ helps mitigate repetition, although no
single value is optimal across all cases. For instance, at A = 0.3, both examples
still exhibit repetition, whereas at A = 0.6, the first example shows no repeated
lions, but the second still displays duplicated beacons. Interestingly, the quality
of fine-grained details remains largely unaffected by changes in A. Given these
results, we choose A = 1, as it provides the best robustness across all scenarios
and aligns with our Dual-Path with Cross-Attention override strategy.

Models Subject Background Motion Aesthetic Imaging Overall Overall
Consistency Consistency Smoothness Quality Quality Consistency Score
A=0.0 94.3% 96.9% 98.2% 45.9% 40.9% 16.8% 65.5%
A=0.3 91.5% 95.8% 96.2% 58.9% 62.5% 23.5% 71.4%
A=0.6 91.1% 96.8% 96.3% 57.6% 63.0% 24.2% 71.7%
A=1.0 94.7% 97.2% 97.7 % 57.9% 63.4% 25.1% 72.7%

Table 4: Quantitative comparison of different .

Exploration of Reusing Mechanisms. In this section, we study the ef-
fect of the proposed Full-Branch Feature Reuse strategy. As shown in Fig. 0]
we first observe that the unconditional branch does not benefit from the dual-
path strategy. Removing it reduces computation and results in a 1.2x speedup
over the dual-path baseline, even surpassing direct inference in terms of effi-
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ciency. Furthermore, when using the cache, at P = 2, 5, and 8, visual content is
generated that maintains both fine-grained details and global structural consis-
tency, achieving lossless acceleration compared to the w/o cache implementation.
As shown in Fig. ] we then ex-
amine the recompute interval P
of cross-attention from the full

branch. Increasing P reduces the —O— Only Full
. =O=="Only Window
refresh frequency and. increases 400 Dual Path
feature reuse, thereby improving —— Dual Path w/o CFG-Full o
inference efficiency. At higher res- 300] == Cache (P=2) //u
olutions, the computational cost =~ Cache (P=5)
Cache (P=8) x

of the full branch grows, making
this caching and reuse strategy
more critical for efficiency. At 4K
resolution, P = 8 achieves up to
a 2.8x speedup. To balance vi-
sual quality and efficiency at any 0l ‘ ‘

. 1080p 2%k . 3k
resolution, we adopt P = 2 by Resolutions
default as the most robust ver-
sion. To clarify the specific accel-
eration logic, we provide the fol-
lowing time calculation formulas
as shown in Eq. 3}

Inference Time (Minutes)

4

Fig. 8: Impact of different processing pipelines
on inference time.

Tw/o cache — 2Ty, + 2tTfa
Tw/o cra-Full = 2t Ty + Ty,

(3)
T/ cache(P) = 2t Ty + Q;J + 1) Ty.

where - T /6 cache denotes the total time for inference without caching. -
Ty /o cra-Funl denotes the total time for inference without caching and without
CFG-Full. - Ty cache(P) denotes the total time for inference with caching, where
P represents the recompute interval. - ¢ denotes the number of iterations or steps.
- T\, denotes the time spent on the weighted operation (e.g., feature computa-
tion). - Ty denotes the time spent on feature reuse or caching. - P denotes the
recompute interval for cross-attention in the full branch, which determines how
often the cached features are refreshed.

The effectiveness of this reuse and caching strategy is further confirmed by
the quantitative results in Tabs. bottom) and

VRAM Usage Analysis for Different Processing Pipelines. We ana-
lyze the VRAM consumption of our processing pipeline across different resolu-
tions. For the {1080P, 2K, 3K, 4K} resolutions, the VRAM usage for our method
in the w/o cache version is {10.9 GB, 18.0 GB, 30.3 GB, 37.3 GB}, respectively.
While the Full-Branch Feature Cache and Reuse increase VRAM overhead, of-
floading modes and features to the CPU allows us to effectively control VRAM
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Dual-Path Dual-Path w/o CFG-Full Cache (P=2) Cache (P=5) Cache (P = 8)

Fig. 9: Five processing pipelines are presented, where the inference speed increases
from left to right. However, visual details are preserved without loss, ensuring a con-
sistent global layout throughout.

usage, keeping it at {10.9 GB, 18.0 GB, 30.3 GB, 37.3 GB} for the {1080P, 2K,
3K, 4K} resolutions.

5 Conclusion

In this paper, we introduce FreeSwim, a novel training-free paradigm aimed
at ultra-high-resolution video generation by leveraging pre-trained text-to-video
diffusion transformers trained only at low resolution scales. By introducing an in-
ward sliding-window attention scheme and a window-attention and full-attention
dual-path approach with cross-attention override, FreeSwim effectively addresses
the underlying challenges in high-resolution generation, such as repetitive pat-
terns and quality degradation, without the need for any data collection or model
training. Moreover, our method supports accelerating inference by caching and
reusing cross-attention from the full-attention branch, resulting in negligible per-
formance degradation. Experimental results demonstrate the superiority and effi-
ciency of FreeSwim in ultra-high-resolution video generation, surpassing existing
methods in video quality.
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