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Abstract

Diffusion Transformer (DiT)-based video diffusion models
generate high-quality videos at scale but incur prohibitive
processing latency and memory costs for long videos. To ad-
dress this, we propose a novel distributed inference strategy,
termed DualParal. The core idea is that, instead of generating
an entire video on a single GPU, we parallelize computation
by partitioning both video frames and model layers across
multiple GPUs. However, a naive parallel implementation is
not feasible. Because all frames need to share the same noise
level, they can’t be processed independently. Instead, every
step must wait for all others to finish, which cancels out the
speed benefits of parallel processing. We overcome this ob-
stacle with a block-wise denoising scheme. Namely, we seg-
ment the video into sequential blocks, each with a different
noise level. As a result, we process them in a pipeline across
the GPUs. Each GPU, holding a subset of the model layers,
processes a specific block of frames and passes the results to
the next GPU, enabling asynchronous computation and com-
munication. To further optimize performance, we incorpo-
rate two key enhancements. Firstly, each GPU uses a feature
cache technique to reduce the overhead of smooth transitions
by reusing only features involved in cross-frame computa-
tion from the prior block, minimizing inter-GPU communica-
tion and redundant computation. Secondly, we employ a co-
ordinated noise initialization strategy, ensuring globally con-
sistent temporal dynamics by sharing initial noise patterns
across GPUs. Together, these enable fast, artifact-free, and
infinitely long video generation. Applied to the latest diffu-
sion transformer video generator, our method efficiently pro-
duces 1,025-frame videos with up to 6.54× lower latency and
1.48× lower memory cost on 8×RTX 4090 GPUs.

Project Page — https://dualparal-project.github.io/
Code — https://github.com/DualParal-Project/DualParal

1 Introduction
Diffusion Transformer (DiT) (Peebles and Xie 2023) has
significantly improved the scalability of video diffusion
models (Kong et al. 2024; Zheng et al. 2024), enabling more
realistic and higher-resolution video generation. Despite its
benefits, large-scale DiT models suffer from their inherent
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computational inefficiency. This directly results in extended
processing durations and memory demands.

Notably, this inefficiency is further exacerbated when
generating long videos. Intuitively, longer videos increase
the input sequence length. This has severe implications
for latency: the attention mechanism, core to DiT (Fang
et al. 2024a,b), exhibits time complexity that scales quadrat-
ically with sequence length. Concurrently, memory con-
sumption escalates substantially due to the combination
of a large number of model parameters and the extended
video sequences. Therefore, enabling DiT-based models
to efficiently generate high-quality long videos remains a
formidable and pressing challenge.

Recently, parallelization has emerged as a promising so-
lution for efficient long video generation. It uses multiple
devices to produce video jointly, which scales memory and
boosts processing speed.

Among existing strategies, sequence parallelism reduces
latency by synchronously processing split hidden (Jacobs
et al. 2023; Liu, Zaharia, and Abbeel 2023) or input (Tan
et al. 2024; Kim et al. 2024) sequences using a full model
replica on each device. However, they incurs high mem-
ory overhead due to the entire model on every device. In
contrast, pipeline parallelism (Fang et al. 2024b) mitigates
memory usage by partitioning the model across devices as a
device pipeline (Huang et al. 2019; Li et al. 2021; Shoeybi
et al. 2020). Therefore, an ideal solution would combine se-
quence parallelism with pipeline parallelism to maximize
speed and minimize memory usage.

However, naively combining sequence and pipeline par-
allelism is fundamentally conflicting. The core issue stems
from the inherent synchronization property of video diffu-
sion models: all input tokens must pass through an entire
layer together before any can move on. In pipeline paral-
lelism, this means the full input must finish processing on
one device (e.g., Device 1) before passing to the next (e.g.,
Device 2). This requirement directly contradicts sequence
parallelism, which splits the input across devices. As a re-
sult, all distributed parts must be gathered back onto a sin-
gle device for serialized processing on specific model layers.
Only then can all parts enter the next pipeline stage, i.e. next
device. This repeated gathering serializes computation and
negates the benefits of sequence parallelism, reintroducing a
serial bottleneck and significant communication overhead.
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To address this conflict, we propose a novel distributed
inference strategy, termed DualParal. At a high level,
DualParal divides both the video sequence and model into
chunks and applies parallel processing across both.

As discussed above, a naive combination presents chal-
lenges. Inspired by recent work on interpolating diffusion
and autoregressive models (Arriola et al. 2025; Sand-AI
2025), we make this feasible by implementing a block-wise
denoising scheme for video diffusion models. By the word
block-wise, we refer to a strategy where, instead of denoising
all frames at a uniform noise level, we divide the video into
non-overlapping temporal blocks. Each block is assigned a
different noise level according to its position in the video:
blocks closer to the end have higher noise levels, while ear-
lier blocks receive lower noise levels. During each inference
step, the model processes all blocks asynchronously, incre-
mentally reducing their respective noise levels. Crucially,
because noise levels do not need to be synchronized across
all frames, block-wise denoising resolves the inherent con-
flict between the two parallelism strategies.

Accordingly, we tailor this inference scheme for multi-
device execution with our DualParal. Specifically, we or-
ganize video sequence blocks in a first-in-first-out (FIFO)
queue (Kim et al. 2024), where noise levels decrease from
tail to head. In each diffusion step, a new noisy block is ap-
pended to the tail, while a clean block is removed from the
head. These blocks are then processed in reverse order, tail to
head, through the device pipeline. In this setup, each device
handles a specific video block and a model chunk, with de-
noised outputs passed asynchronously between GPUs. This
distributed architecture enhances memory efficiency by dis-
tributing the model and achieves near-zero idle time through
asynchronous block processing and communication.

Even more compelling, DualParal leverages its FIFO
queue to enable long video generation. New blocks can be
continuously appended to the queue, allowing for produc-
ing arbitrarily long videos. Because the number of frames
within each block remains fixed, this approach again avoids
quadratic increase in processing latency and high memory
costs associated with extended video sequences.

To further optimize efficiency and maintain video quality,
we introduce two key enhancements for DualParal. Firstly,
to ensure a smooth transition between adjacent blocks, each
block is concatenated with parts of previous and subsequent
blocks before pipeline processing, incurring overhead. To
reduce this, DualParal employs a feature cache technique
on each GPU that reuses Key-Value (KV) features from
the previous block without explicitly concatenating them.
This reduces inter-GPU communication and redundant com-
putation in non-cross-frame components, such as Cross-
Attention and Feed-Forward Networks (FFN) (Vaswani
et al. 2017), in DiT-based models. Secondly, to maintain
global consistency across blocks without extra resource
costs, each new block is initialized within a shared coordi-
nated noise space. However, we observe that when concate-
nating adjacent blocks for coherence, repetitive noise from
the same noise space in the concatenated block can degrade
performance. To address this, we reorganize the initializa-
tion to ensure all denoised frames—including concatenated

parts and the current block—originate from the same noise
space without repetition. Together, these enable fast, artifact-
free, and infinite-length video generation.

In summary, our contributions are summarized as follows:
(1) We design an efficient distributed inference strategy by
parallelizing both the video sequence and model layers, op-
erating under a block-wise denoising scheme, to optimize
both computation and memory costs. (2) We employ feature
cache and coordinated noise initialization strategies to opti-
mize parallel efficiency while preserving video quality. (3)
Experiments show that DualParal reduces latency by up to
6.54× and memory cost by 1.48× compared to state-of-the-
art parallel methods when generating 1,025-frame videos
using 8×RTX 4090 GPUs on the representative DiT-based
model Wan2.1 (Wan et al. 2025).

2 Preliminaries
Diffusion models in video generation. Video generation
using diffusion models (Peebles and Xie 2023; Rombach
et al. 2022; Bao et al. 2023; Tan et al. 2025a,b) involves pro-
gressively denoising frame latents xt, where t denotes the
noise level and ranges from T (most noisy) to 0 (cleanest).
Here, T also represents the total number of denoising steps.
The process starts with complete noisy latents xT , and each
step updates xt to cleaner xt−1. This continues until xT is
denoised to x0, which is then decoded to generate the video.
The key operation in updating xt to xt−1 involves comput-
ing the noisy prediction ϵt = Eθ(xt), where Eθ represents
the diffusion model. Subsequently, xt−1 is derived using
xt−1 = S(ϵt, xt, t), where S is certain updating scheduler.

Specifically, the noisy frame latent is defined as xt ∈
RF×H×W×C , where F is the number of frames, H and W
are the height and width, and C is the number of channels.
Note that after passing x0 through the decoder to generate
the final video X , the dimensions of X differ from those
of x0 due to the upsampling process in the decoder (Hong
et al. 2023; Peng et al. 2025). For simplicity, we only use
the dimensions of x to represent the video.

Parallelisms for DiT-based video diffusion models.
Pipeline parallelism (Huang et al. 2019; Qi et al. 2024)
involves evenly splitting the entire neural network across
N devices, with each device responsible for a consecutive
subset of the model, denoted as Eθ = [Eθ1 , Eθ2 , . . . , EθN ].
Since DiT-based video diffusion models (Peebles and Xie
2023; Wan et al. 2025) are generally composed of multi-
ple similar DiT blocks, we define L as the total number of
DiT blocks, with each device handling consecutive L

N DiT
blocks. Therefore, denoising xt is represented as:

ϵt = EθN (EθN−1(. . . (Eθ1(xt)) . . . ))

= EθN (. . . (Eθj (ϵ
j−1
t )) . . . ),

(1)

where ϵj−1
t ∈ Rp×h denotes the noisy prediction from

the previous (j − 1)th device. Here, p represents the se-
quence length and h denotes the hidden size. Specifically,
p = F ′ × H ′ × W ′, where F ′, H ′, and W ′ are the down-
sampled dimensions of F , H , and W , respectively. For the
Wan2.1 model (Wan et al. 2025) used as the base in this pa-
per, F ′ = F . Therefore, we define p = F ×H ′ ×W ′.
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Figure 1: Overview of DualParal: DualParal partitions video frames into sequential blocks organized in a queue with noise
levels increasing from tail to head, and distributes model layers across devices via a device pipeline. By feeding blocks into the
pipeline in a reverse order (from tail to head), this block-wise denoising scheme significantly improves efficiency. To further
improve performance, DualParal reuses Key-Value (KV) features from the previous block, requiring only the subsequent block
to be concatenated. To preserve global consistency, each new block is initialized from a shared noise pool by shuffling noises,
excluding the last Numc

2 latents of the last block in queue.

Sequence parallelism divides input xt ∈ RF×H×W×C

into non-overlapping blocks, each denoted as Bt ∈
RNumB×H×W×C , where NumB is the number of frames
per block. To enhance temporal coherence across adjacent
blocks, several methods (Kim et al. 2024; Tan et al. 2024)
concatenate previous, subsequent, or global context frames
with the current block during denoising, resulting in the
extended block B′

t ∈ R(NumB+NumC)×H×W×C , where
NumC denotes the number of concatenated context frames.

3 DualParal
At a high level, DualParal (Figure 1) achieves computa-
tional and memory efficiency through dual parallelisms ap-
plied across both video sequences and model layers, lever-
aging a block-wise denoising scheme. This section first de-
tails the architecture, then introduces two key enhancements,
Feature cache and Coordinated noise initialization. Fi-
nally, we provide theoretical parallel performance analysis
to quantify DualParal’s efficiency gains.

3.1 Parallel architecture
Naively combining sequence and pipeline parallelism intro-
duces an inherent conflict: synchronizing noise levels across
frames requires all split sequences to be gathered and pro-
cessed on a single device before proceeding to the next de-
vice in the pipeline. This conflict degrades both strategies
into serialized processing, causing high device idle time in
pipeline parallelism and disrupting parallel execution in se-
quence parallelism. Moreover, it incurs significant commu-

nication overhead due to repeated sequence gathering.
To address these issues, DualParal adopts dual paral-

lelisms under a block-wise denoising mechanism. Namely,
DualParal simultaneously processes block-wise frames with
asynchronous noise levels across different model chunks.
Since noise levels do not need to be synchronized across
frames at each model segment, DualParal effectively re-
solves the conflict between dual parallelisms.

Specifically, as shown in Figure 1, DualParal comprises
two key components: queue and device pipeline. In device
pipeline, DiT blocks from the video diffusion model are
evenly distributed across multiple GPUs. Within the queue,
each element is a block of NumB frame latents with same
noise level, denoted as Bi = [xi, xi, . . . , xi], where xi ∈
R1×H×W×C represents a single frame latent at ith noise
level. Additionally, the queue is organized in a FIFO man-
ner (Kim et al. 2024; Ruhe et al. 2024), with blocks arranged
from tail to head in progressively decreasing noise from 1 to
T . Formally, queue is described as Q = [B1, B2, . . . , BT ].
During inference, blocks in the queue are continuously fed
into the device pipeline in reverse order, from tail to head.
After each diffusion step, all blocks in the queue shift for-
ward by one position, i.e., Q = [B0, B1, . . . , BT−1]. A new
noisy block BT is then appended to the tail, while the clean
block B0 is removed from the head and passed to the de-
coder for video reconstruction. With this design, each device
handles a specific video block and model segment, while de-
noised outputs are passed asynchronously between GPUs.
This block-wise denoising scheme effectively resolves the
serialization degradation caused by naively combining se-
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quence and pipeline parallelism, thereby enabling true par-
allelization across both temporal frames and model layers.

3.2 Feature cache
Since whole video frames are divided into non-overlapping
blocks, we concatenate previous and subsequent blocks
with a total of NumC frame latents to maintain transi-
tion smoothness. For simplicity, we assume all frame la-
tents from both adjacent blocks are included, i.e., NumC =
2NumB , resulting in the denoising of an extended block
B′

i = [Bi−1, Bi, Bi+1]. Note that Bi−1 denotes the subse-
quent block, while Bi+1 refers to the previous block under
the reversed inference order. Therefore, denoising block B′

i
is formally described as:

ϵi = EθN (EθN−1(. . . (Eθ1(B
′
i)) . . . ))

= EθN (. . . (Eθj (ϵ
j−1
i )) . . . ),

(2)

where each intermediate output ϵj−1
i is transmitted from

(j−1)th to jth device using asynchronous peer-to-peer (P2P)
communication, allowing communication and computation
to overlap effectively.

However, this implementation introduces extra commu-
nication and computation overhead due to the concate-
nated parts. To mitigate this, we exploit a unique feature of
DualParal and propose a feature cache technique. Specifi-
cally, since B′

i = [Bi−1, Bi, Bi+1] is denoised after B′
i+1 =

[Bi, Bi+1, Bi+2], Bi+1 has already been processed during
denoising B′

i+1. Leveraging this feature, we cache the KV
features from the Self-Attention module of Bi+1 during de-
noising B′

i+1 and reuse them for B′
i. Consequently, the input

block is reduced to B′
i = [Bi−1, Bi], decreasing communi-

cation overhead between adjacent devices.
Moreover, among all model components, only those

involving cross-frame interactions—such as the Self-
Attention module in the Wan2.1 model (Wan et al.
2025)—are relevant. Therefore, we restrict the feature
caching technique to the Self-Attention module while skip-
ping components like Cross-Attention and FFN, which do
not benefit from inter-frame information. This selective ap-
plication effectively eliminates redundant computations.

3.3 Coordinated noise initialization
Although DualParal concatenates adjacent blocks to en-
hance transition smoothness, achieving global consistency
remains challenging. Expanding global information con-
catenation is straightforward but incurs prohibitive com-
munication, computation, and memory overhead. To avoid
these costs, we explore noise latent reuse within the same
noise space (Qiu et al. 2024; Zhang, Yang, and Lim 2025) as
a more efficient alternative. This section analyzes different
initialization strategies for achieving global consistency in
DiT-based video diffusion models and reveals two observa-
tions: 1) Using the complete noise space preserves favor-
able global consistency. 2) Latents with repetitive noise
throughout the whole denoising lead to significant per-
formance degradation in DiT-based video diffusion.

The first observation, illustrated in Figure 2, shows that
using the complete noise space (a) yields better global con-
sistency than using a subset (b) or adding new noise (c)

to the original space. Based on this, we initialize blocks
in DualParal using the complete noise space, with varying
initialization orders. However, as shown in (d), directly us-
ing the same noise in Wan2.1, a DiT-based video diffusion
model, leads to a significant performance degradation. This
second observation arises from repetitive noises when con-
catenating the subsequent block in DualParal during whole
denoising process. In contrast, the previous block only af-
fects the Self-Attention module in Wan2.1, without degrad-
ing performance. To address this while retaining the benefits
of the complete noise space, we propose a novel initializa-
tion strategy. As shown in Figure 1, when initializing a new
block, we select noise from a pool excluding the last NumC

2
latents of the final block BT in the queue (e.g., NumC = 4
in Figure 1). These selected noises are then shuffled and
used to initialize the new block. Note that the first block
uses the complete noise pool and contains NumC

2 +NumB

frames. Therefore, this strategy ensures all noises are dis-
tinct across concatenated blocks during denoising process
while still leveraging the complete noise pool.

3.4 Quantitative analysis of efficiency
This section provide quantitative analysis of parallel perfor-
mance of DualParal in terms of bubble ratio, communication
overhead, and memory cost.

The bubble ratio (Huang et al. 2019) measures the propor-
tion of idle time on each device. We compute it for DualParal
under the reverse (tail-to-head) denoising order, assuming
N ≤ Blocknum, where Blocknum denotes the total number
of blocks during generation. This assumption holds in prac-
tice, especially for minute-long videos. Under this setup, the
bubble ratio is formally defined as:

Bubble =
N2 − 2×N − 1

N2 − 2×N − 1 + T ×Blocknum
. (3)

A detailed proof of Equation 3 is provided in Ap-
pendix D.1. To intuitively illustrate the bubble ratio, Figure 3
presents an example of pipeline scheduling in DualParal, ex-
hibiting an approximate bubble ratio of 3.3%. Idle time oc-
curs during brief warm-up and cool-down phases when the
current number of blocks in the queue is less than the num-
ber of devices N (e.g., before step 4 and after step T in Fig-
ure 3). During these phases, some idle time and synchroniza-
tion overhead may arise due to non-overlapping communica-
tion and computation. However, this overhead is negligible
for long video generation. As Blocknum increases, the bub-
ble ratio approaches 0%, indicating minimal device idling in
the pipeline during long video generation. Thus, DualParal
achieves high GPU utilization. Further bubble ratio analysis
(proofs, varying denoising conditions) is in the Appendix D.

To compare DualParal with other parallel methods in
communication and memory costs, we qualitatively evaluate
it against DeepSpeed-Ulysses (Jacobs et al. 2023), Ring At-
tention (Liu, Zaharia, and Abbeel 2023), Video-Infinity (Tan
et al. 2024), and FIFO (Kim et al. 2024). Following prior
works (Fang et al. 2024a,b), we conduct a similar analysis of
parallelism in video diffusion models, as summarized in Ta-
ble 1. For DualParal, per-device communication cost is de-
termined by the input and output of ϵ via asynchronous P2P
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Figure 2: Examples of four different noise initializations for Wan2.1 model (Wan et al. 2025): (a) uses the complete noise
space, (b) uses a subset of the noise space, (c) adds new noise to the original space, and (d) uses the complete noise space with
the repetitive noise. In each initialization, the first image shows the standard video generated from the reference noise space,
followed by two different orders of noise initialization based on the reference noise space.

Figure 3: Pipeline schedule of DualParal with N = 4, T = 50, and Blocknum = 4. Blocks are denoised in reverse order, from
tail to head in the queue. After diffusion step T , the first clean block is popped from the queue, and all remaining blocks shift
forward by one position, decrementing their indices accordingly.

communication. Though synchronous P2P occurs during
warm-up and cool-down phases, its overhead is negligible
for long videos. Furthermore, we employ feature cache tech-
nique to reduce this cost by caching the previous block, re-
sulting in the transmission of only NumB + NumC

2 frames.
For memory cost, pipeline parallelism distributes the model
across N devices. The peak memory for KV activations
is (NumB + NumC)KV , significantly lower than Ring
Attention, DeepSpeed-Ulysses, and Video-Infinity in long
video generation. This is because their fixed-length gener-
ation requires extending sequences at runtime to support
long video generation. In contrast, DualParal and FIFO are
infinite-length generation methods that process fixed-length
frame blocks at each step and can generate long videos with-
out increasing the number of frames per block. Compared to
FIFO, DualParal has substantial memory advantages (model
+ KV activations) as DiT-based models scale.

Therefore, this quantitative analysis shows DualParal’s
superiority. Further details are in the Appendix E.

4 Experiments
4.1 Setups
Base model. In the experiments, the text-to-video model
Wan2.1 (Wan et al. 2025) serves as the base model. Wan2.1
is a latest and representative DiT-based video foundation
model renowned for its exceptional video generation per-
formance. It is available in two versions: the Wan2.1-1.3B
model, which generates 480p videos, and the Wan2.1-14B
model, which can generate both 480p and 720p videos.
Metrics evaluation. To evaluate efficiency, we compare
all methods in terms of generation latency and memory

cost. Memory cost is measured as the peak memory over-
head among all devices used during the diffusion process.
For video performance, we apply VBench metrics (Huang
et al. 2024) directly to long videos (Zhang, Yang, and Lim
2025). The metrics cover all indicators in the Video Qual-
ity category, including subject consistency, background con-
sistency, temporal flickering, motion smoothness, dynamic
range, aesthetic quality, and imaging quality.
Baselines. We compare DualParal with Ring Attention (Liu,
Zaharia, and Abbeel 2023) and DeepSpeed-Ulysses (Ja-
cobs et al. 2023), both officially supported by Wan2.1. We
also evaluate it against Video-Infinity (Tan et al. 2024) and
FIFO (Kim et al. 2024), two well-established parallel meth-
ods for long video generation.
Implementation details. By default, all diffusion param-
eters follow the original Wan2.1 inference settings, with
50 denoising steps. Experiments are conducted on Nvidia
GeForce RTX 4090 (24GB) for Wan2.1-1.3B and Nvidia
H20 (96GB, NVLink) for Wan2.1-14B. We use PyTorch’s
torch.distributed with Nvidia’s NCCL backend for inter-
GPU communication. We evaluate the efficiency of Wan2.1-
1.3B (480p) and Wan2.1-14B (720p) in terms of latency
and memory usage, and compare video performance across
methods using Wan2.1-1.3B (480p). For DualParal, we per-
form one warmup step to ensure device communication.

4.2 Main results
Efficiency. We first evaluate all comparing methods on ex-
tremely long videos, followed by scalability analysis. For
fair comparison, we set NumC = 8 for DualParal, Video-
Infinity and FIFO, and NumB = 8 for DualParal and FIFO.
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Method Communication Memory Cost
Cost Overlap Model KV Activations

Ring Attention 2O(p× h)L ✓ W F 1
N
KV

DeepSpeed-Ulysses 4
N
O(p× h)L ✗ W F 1

N
KV

Video-Infinity 2O(NumC ×H ′ ×W ′ × h)L ✗ W (F 1
N

+NumC)KV
FIFO 2O((NumB +NumC)×H ×W × C) ✓ W (NumB +NumC)KV
DualParal (Ours) 2O((NumB +NumC/2)×H ′ ×W ′ × h) ✓ 1

N
W (NumB +NumC)KV

Table 1: Comparison of parallel methods at a single diffusion step. ‘Overlap’ refers to degree of overlap between communication
and computation. W is total memory cost of the model, while KV represents the memory cost for a single frame input.

Figure 4: Scalability analysis in terms of latency and memory: (a) and (b) show the scalability of Wan2.1-1.3B (480p) across
different methods on a 301-frame video, while (c) and (d) present the scalability of Wan2.1-14B (720p) on a 301-frame video.

Methods Number of Frames
513 1025

Ring Attention 1328.3 / 17.66 3907.5 / 23.15
Video-Infinity 354.1 / 19.13 832.5 / 22.58
FIFO 565.3 / 20.59 1022.0 / 20.61
DualParal 309.3 / 15.52 596.9 / 15.55

Table 2: Efficiency evaluation on extreme-length video gen-
eration. Experiments are conducted on 8×RTX 4090 GPUs
using Wan2.1-1.3B (480p). Results are reported as latency
(s) / peak memory usage (GB).

For extremely long videos, as shown in Table 2, DualParal
achieves great efficiency. Note that DeepSpeed-Ulysses is
excluded due to incompatible attention head settings with 8
GPUs. Compared to static-length methods like Ring Atten-
tion and Video-Infinity, DualParal shows clear advantages at
513 frames and even more so at 1025 frames, achieving up to
6.54× lower latency and 1.48× lower memory usage. These
gains stem from the fact that static-length generating meth-
ods require proportionally longer processing sequences as
video length increases, leading to higher latency and mem-
ory consumption. In comparison to FIFO—another infinite-
length video generation method—DualParal still achieves
up to a 1.82× reduction in latency and a 1.32× reduction
in memory usage at 513 frames.

To evaluate scalability, we measure generation latency
and memory usage across multiple GPUs using vari-
ous methods. Experiments are conducted on 301-frame
video generation—the maximum length supported by 2

GPUs—and tested on Wan2.1-1.3B (480p) and Wan2.1-
14B (720p). As shown in Figure 4, DualParal consistently
outperforms all methods. For latency, shown in (a) and
(c), DualParal achieves the lowest generation time across
all tested GPU counts. Meanwhile, according to Equa-
tion 3, DualParal is expected to exhibit even better scala-
bility for longer videos. For memory usage, shown in (b)
and (d), DualParal maintains the lowest peak usage, with a
steadily decreasing trend as the number of devices increases.
This efficiency stems from DualParal’s fixed memory foot-
print for KV activations and distributed model weights. In
contrast, FIFO shows no memory scalability, posing chal-
lenges for large-scale video models. Although Ring Atten-
tion, DeepSpeed-Ulysses, and Video-Infinity benefit from
reduced memory and latency with more devices, they still
face scalability bottlenecks when generating longer videos,
as shown in Table 2. Detailed analysis of Figure 4 is pro-
vided in the Appendix F.

Video quality. We compare the video quality generated
by DualParal with that produced by DeepSpeed-Ulysses,
Video-Infinity, and FIFO on Wan2.1-1.3B (480p). Table 3
presents a quantitative evaluation based on VBench (Huang
et al. 2024). To ensure optimal video performance, we set
NumC = 24 with 16 local and 8 global paddings for
Video-Infinity, NumC = 2 and NumB = 2 for FIFO, and
NumC = 8 and NumB = 8 for DualParal.

Table 3 reports quantitative results for video generation
at 129 and 257 frames. Since DeepSpeed-Ulysses and Ring
Attention operate on full-length sequences without seg-
mentation, we include only DeepSpeed-Ulysses as a rep-
resentative. At 129 frames, DeepSpeed-Ulysses achieves
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Method Frames Subj. Bg. Temp. Motion Dyn. Aesth. Img. Overall
cons. cons. flick. smth. deg. qual. qual. Score

DeepSpeed-Ulysses 129 93.43% 92.50% 98.88% 98.57% 62.50% 62.96% 64.13% 81.85%
Video-Infinity 129 82.35% 88.46% 98.41% 97.15% 59.72% 57.69% 63.91% 78.24%
FIFO 129 80.46% 90.13% 95.04% 95.30% 0% 48.28% 58.13% 75.89%
DualParal 129 92.92% 95.68% 99.46% 97.28% 59.72% 58.86% 62.59% 80.93%
DeepSpeed-Ulysses 257 93.45% 95.07% 98.05% 98.45% 23.61% 53.87% 55.86% 74.05%
Video-Infinity 257 86.49% 89.41% 98.36% 97.63% 52.78% 58.88% 63.01% 78.08%
FIFO 257 71.69% 85.41% 95.42% 95.19% 0% 48.61% 58.18% 64.93%
DualParal 257 89.15% 91.80% 99.34% 96.82% 50.00% 57.35% 62.73% 78.17%

Table 3: The comparison of various video generation methods, as benchmarked by VBench.

the best performance by preserving the full sequence and
maintaining Wan2.1’s original quality. However, its per-
formance drops sharply at 257 frames due to exceeding
Wan2.1’s supported video length. In comparison, DualParal
outperforms other distributed methods—including FIFO and
Video-Infinity—at 129 frames and achieves the highest
overall score at 257 frames. In Appendix G, we provide
more statistical analysis on VBench and evaluation results
on the VBench-Long version. More visualizations of video
examples are provided in the Appendix B.

4.3 Ablation

Method Latency (s) Memory (GB) Infinite Length
Queue 621.37 18.81 ✓
Device Pipeline 472.25 21.18 ✗
DualParal w/o cache 182.71 16.76 ✓
DualParal 142.62 15.52 ✓

Table 4: Ablation study on DualParal. All settings are eval-
uated on a 129-frame video with 8×4090s.

Parallel ablation. The parallel architecture of DualParal
consists of two main components: queue and device
pipeline. By continuously feeding blocks from the queue
into the device pipeline, supported by a feature cache mech-
anism, DualParal ensures efficient and seamless dual par-
allelization across devices. To evaluate the individual con-
tributions of each component—queue, device pipeline, and
feature cache—we conduct an ablation study focusing on
latency, memory usage, and the ability to support infinite-
length video generation. As shown in Table 4, using only
the queue with a single GPU results in high latency and
memory consumption. In contrast, relying solely on the de-
vice pipeline cannot support infinite-length generation and
remains inefficient due to underutilization of GPUs when
processing a single input. The complete DualParal architec-
ture, integrating both the queue and device pipeline without
cache, successfully addresses these limitations, achieving
superior efficiency. With the addition of the feature cache,
efficiency is further enhanced, enabling the generation of
minute-long videos with ease.

Effectiveness of coordinated noise initialization.
Through the two key observations for DiT-based video
models discussed in Section 3.3, we utilize the complete
noise space and avoid using the same noise throughout

Figure 5: Video frames under different conditions: (a)
NumC = 0 without noise initialization; (b) NumC = 8
without noise initialization; (c) NumC = 8 with coordi-
nated noise initialization.

the process to maintain global consistency among non-
overlapping blocks. In this part, we verify the effectiveness
of this approach. As shown in Figure 5, without applying
noise initialization, DualParal fails to maintain temporal
consistency, as seen in (a) and (b). Although (b) incorporates
neighboring blocks to partially mitigate the inconsistency,
the effect is limited. In contrast, after introducing noise
initialization, as shown in (c), DualParal achieves signif-
icantly improved temporal consistency across frames. In
Appendix H, we provide a further evaluation of different
noise initialization strategies on VBench.

5 Conclusion

In this paper, we propose DualParal, a novel distributed
inference strategy for DiT-based video diffusion models.
By implementing a block-wise denoising scheme, DualParal
successfully parallelizes both temporal frames and model
layers across GPUs, resulting in high efficiency for long
video generation. To further enhance efficiency and video
quality, DualParal reuses KV features via a feature cache
strategy for reducing communication and computational re-
dundancy, and applies coordinated noise initialization to en-
sure global consistency without extra cost. These designs to-
gether enable efficient generation of minute-long videos.
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