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Figure 1. Summary of the proposed hybrid data-pipeline parallelism. Our method consistently outperforms prior distributed approaches
across five key aspects: Speed-up, Image Quality, Generality, High-resolution Synthesis, and Communication Cost, demonstrating robust
and balanced acceleration-quality trade-offs.

Abstract

Diffusion models have achieved remarkable progress in
high-fidelity image, video, and audio generation, yet in-
ference remains computationally expensive. Nevertheless,
current diffusion acceleration methods based on distributed
parallelism suffer from noticeable generation artifacts and
fail to achieve substantial acceleration proportional to the
number of GPUs. Therefore, we propose a hybrid paral-
lelism framework that combines a novel data parallel strat-
egy, condition-based partitioning, with an optimal pipeline
scheduling method, adaptive parallelism switching, to re-
duce generation latency and achieve high generation qual-
ity in conditional diffusion models. The key ideas are to (i)
leverage the conditional and unconditional denoising paths
as a new data-partitioning perspective and (ii) adaptively
enable optimal pipeline parallelism according to the de-
noising discrepancy between these two paths. Our frame-
work achieves 2.31⇥ and 2.07⇥ latency reductions on
SDXL and SD3, respectively, using two NVIDIA RTX 3090
GPUs, while preserving image quality. This result confirms
the generality of our approach across U-Net-based diffusion
models and DiT-based flow-matching architectures. Our
approach also outperforms existing methods in acceleration
under high-resolution synthesis settings. Code is available
at https://github.com/kaist-dmlab/Hybridiff.

⇤ indicates corresponding author.

1. Introduction

Diffusion models have emerged as a powerful family of
generative models because of their superior sample qual-
ity and broad applicability. However, the inherently it-
erative nature of diffusion processes, which consists of
many denoising steps, leads to significant inference la-
tency and computational bottlenecks. As model sizes con-
tinue to scale, these inefficiencies become increasingly
limiting, making diffusion inference acceleration a press-
ing research challenge. Existing approaches have focused
mainly on reducing the number of sampling steps [9, 19,
20, 22, 27, 28, 35, 37, 38], designing optimal architec-
tures [11, 13, 14, 36, 39, 40], or leveraging mathematical
approximations [1, 17, 18, 23, 29, 41, 41]. Yet, these meth-
ods often require additional training or fail to deliver strong
acceleration in practice, exhibiting a clear trade-off between
generation quality and speed.

Distributed parallelism across multiple GPUs offers a
promising alternative. Using modern parallel comput-
ing resources, one can achieve substantial throughput im-
provements in diffusion inference without additional train-
ing. This direction is especially appealing given the suc-
cess of distributed strategies in natural language process-
ing, where large-scale language models have already ben-
efited from extensive parallelism research [25, 30]. As in
other domains, distributed parallelism for generative model
inference can be broadly classified into data parallelism
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Figure 2. Comparison of parallel strategies for diffusion inference. (a) Patch-based data parallel frameworks suffer from bottlenecks
caused by all-gather operations and artifacts at patch boundaries, leading to limited acceleration and quality degradation. (b) Pipeline
parallel frameworks incur excessive asynchronous communication overhead and accumulate estimate errors. (c) Our hybrid parallelism,
which incorporates condition-based data parallelism, adaptively combines both paradigms to achieve high fidelity and fast generation.

and pipeline parallelism [2, 12]. Both approaches enhance
throughput by distributing either the input data or the model
itself across multiple GPUs.

Representative existing studies include DistriFusion [12]
for data parallelism and AsyncDiff [2] for pipeline paral-
lelism. In DistriFusion (Figure 2a), an input image is di-
vided into N disjoint patches, and these patches are pro-
cessed in parallel across N GPUs, where each device in-
dependently handles one patch. In AsyncDiff (Figure 2b),
the entire model is divided into N sequential components,
where each component is assigned to a GPU, and the out-
put from the i-th GPU is asynchronously fed as the input
to the (i + 1)-th GPU; thus, AsyncDiff enables pipelined
execution across devices.

In theory, each form of parallelism can improve through-
put linearly with respect to the number of GPUs, up to
an ideal N⇥speed-up, but in practice, the gains are often
sublinear due to communication overhead and synchroniza-
tion costs. In this paper, we propose a hybrid strategy that
combines data and model parallelism to further increase
the throughput of generative model inference, achieving
beyond-linear scaling relative to the number of GPUs, while
maintaining generation quality. That is, if there are two
GPUs, we aim to obtain more than a twofold speed-up with-
out noticeable degradation in output fidelity. In practice,

when using two GPUs, data and model parallelism achieved
1.2⇥ and 1.3⇥speed-up, respectively, whereas our hybrid
approach remarkably achieved a 2.3⇥speed-up under the
same configuration, as shown in Figures 1 and 2.

To achieve hybrid parallelism, one could combine the
aforementioned representative methods. Specifically, an
image is divided into disjoint patches, and each patch is
fed into a corresponding model component (not necessar-
ily the first one). As a result, each GPU trains a 1/N por-
tion of the model using a 1/N portion of an input image.
This hybrid approach can potentially achieve beyond-linear
scaling; however, it may degrade generation quality for two
main reasons. First, since each GPU processes only a por-
tion of the image, artifacts are likely to appear particularly
along patch boundaries. Second, this issue is exacerbated
by asynchronous communication between model compo-
nents; that is, errors introduced by asynchronous rather than
sequential denoising can worsen the artifacts.

In this paper, we aim to propose and further opti-
mize the hybrid parallelism for diffusion inference from
two complementary perspectives: (1) from the data paral-
lelism perspective, transitioning from patch-based partition-
ing to condition-based partitioning; and (2) from the model
parallelism perspective, advancing from static parallelism
switching to adaptive parallelism switching.
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(1) Condition-Based Partitioning. The main limitation of
patch-based partitioning is that each patch represents only a
local subregion of an image, often leading to boundary ar-
tifacts and degraded visual coherence. To address this lim-
itation, we leverage the classifier-free guidance (CFG) [7],
a technique widely adopted in diffusion models, where the
model simultaneously predicts conditional (prompted) and
unconditional (unprompted) noise estimates. This dual-
path prediction naturally provides a meaningful criterion for
data partitioning: as shown in Figure 2c, the conditioned
(xt, c) and unconditioned (xt) inputs form two distinct data-
parallel paths. Importantly, unlike patch-based partitioning,
each image partition covers the entire image, thereby pre-
serving global consistency. Consequently, condition-based
partitioning yields improved visual coherence and reduced
communication overhead during feature aggregation.
(2) Adaptive Parallelism Switching. Because we revise
the data partitioning strategy, the pipeline parallelism must
also be adapted to align with it. In the early denoising
steps, the conditional and unconditional noise estimates dif-
fer substantially due to the presence or absence of the con-
dition. Consequently, asynchronous denoising at this stage
can lead to divergence between the two paths. To mitigate
this issue, we defer the onset of parallel execution until the
noise estimates of the two paths become sufficiently similar,
beyond the conventional warm-up phase used in prior works
(e.g., [2]). Similarly, toward the final denoising steps, the
noise estimates from the two paths begin to diverge again;
at this point, parallel execution is terminated. The specific
switching points between serial and parallel execution are
determined automatically based on a novel metric, called
the denoising discrepancy, which quantifies the difference
between the two noise estimates. This adaptive switching
mechanism effectively improves generation quality by re-
ducing error propagation, while only marginally shortening
the duration of parallel processing.

This novel framework demonstrates consistent accelera-
tion not only on conventional denoising diffusion models
but also on recent state-of-the-art generative frameworks
such as flow matching [16]. As long as the model follows
a sequential denoising process that allows quantifying the
relative influence between conditional and unconditional
branches, our framework remains robust and effective. Fur-
thermore, due to the nature of pipeline parallelism, it is not
restricted to specific architectures such as U-Net or DiT,
showing strong generality across diverse networks.

As summarized in Figure 1, our proposed hybrid par-
allelism achieves superior performance across the five key
aspects. In fact, compared to single-GPU inference, our
method achieves a 2.3⇥speed-up with two GPUs (i.e.,
> 2), while preserving generation fidelity. See Appendix A
and Section 5 for details of Figure 1. Finally, the key con-
tributions are summarized as follows.

• Hybrid Parallelism Framework for Diffusion Infer-
ence. We introduce a novel diffusion inference paral-
lelism framework that integrates condition-based parti-
tioning and adaptive parallelism switching into a unified
hybrid parallelism design.

• Novel Condition-Based Partitioning. At the data par-
allelism level, we exploit the intrinsic mechanism of
diffusion by decoupling conditional and unconditional
branches and performing multi-GPU denoising.

• Adaptive Parallelism Switching. To align pipeline par-
allelism with the behavior of conditional guidance, our
method adaptively switches to hybrid parallelism frame-
work during inference. Switching points are automati-
cally determined based on the denoising discrepancy be-
tween conditional and unconditional estimates, ensuring
generation efficiency throughout the denoising process.

• Robustness across Models and Architectures. Our
framework consistently demonstrates strong acceleration
and generation quality across various architectures (e.g.,
U-Net, DiT) and recent state-of-the-art generative frame-
works, such as flow matching, even under high-resolution
synthesis settings.

2. Related Work
Single-GPU Diffusion Acceleration. Research on the ac-
celeration of single-device diffusion inference can be classi-
fied into three categories. The first group focuses on reduc-
ing the number of sampling steps required for high-quality
generation [9, 19, 20, 22, 27, 28, 31, 35, 37, 38, 41]. These
approaches enable fast sampling by either reformulating the
reverse process as an ordinary differential equation (ODE),
distilling multi-step models into fewer steps, or directly pre-
dicting the reverse process in latent space. The second
group targets model architecture optimization, aiming to re-
duce computational cost through network compression and
efficient design [11, 13, 14, 36, 39, 40]. The third group
leverages mathematical and algorithmic strategies, either
exploiting the mathematical structure of diffusion processes
or reusing intermediate computations to further accelerate
inference [1, 17, 18, 23, 29, 34, 41]. While these methods
reduce single-device inference time, they are inherently lim-
ited by the computational capacity of individual GPUs.

Multi-GPU Diffusion Acceleration. Recent studies have
explored various distributed parallelism strategies to accel-
erate diffusion inference using multiple GPUs [2, 4, 5, 12,
33]. DistriFusion [12] introduces a data-parallel approach
that divides the input image into independent patches, per-
forming denoising in parallel across GPUs. This work
has established a foundational paradigm for parallel dif-
fusion inference. Building on this parallelization idea,
AsyncDiff,[2] introduces model parallelism by dividing the
U-Net into layer-wise segments and employing a stride-
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Figure 3. Overview of the proposed diffusion inference hybrid parallel framework. Our method adaptively switches parallelism modes
at ⌧1 and ⌧2, optimizing the trade-off between computational efficiency and consistency of conditional guidance, and demonstrates superior
inference acceleration performance while preserving high generation quality.

based scheduling strategy to balance parallel execution,
achieving a notable reduction in latency.

Subsequently, PipeFusion [5] and XDiT [4] combine
patch-level parallelism with transformer-oriented paral-
lelism through ring attention. While additional adapta-
tions such as CFG-based data parallelism have been intro-
duced, these methods remain limited to inter-image pro-
cessing and lack deeper architectural integration. Moreover,
transformer-specific schemes such as ring attention exhibit
limited scalability and inconsistent performance when ap-
plied to general diffusion architectures. More recently,
ParaStep [33] proposes a reuse-then-predict mechanism that
leverages the similarity of noise predictions between adja-
cent denoising steps. By reusing the noise from previous
steps before re-prediction, ParaStep enables inter-step par-
allelization and significantly reduces communication over-
head. However, because early and late diffusion steps ex-
hibit larger discrepancies between adjacent noise states, the
reuse mechanism can accumulate errors, leading to poten-
tial degradation in image quality or restricted speedup.

3. Preliminaries
Denoising Diffusion Model. Let q(x0) denote the data dis-
tribution and define a forward noising process by

q(xt | xt�1) = N
�
xt;

p
1� �t xt�1,�tI

�
,

for t = 1, . . . , T , with variance schedule {�t}. The model
learns a parameterized reverse denoising process,

p✓(xt�1 | xt) = N
�
xt�1;µ✓(xt, t),⌃✓(t)

�
,

by optimizing the variational lower bound,

LVLB = Eq

h TX

t=1

DKL

�
q(xt�1 | xt,x0) k p✓(xt�1 | xt)

�i
.

Classifier-Free Guidance (CFG). For conditional genera-
tion with a condition c, the model is trained to predict the

noise ✏✓(xt, t, c) and its unconditional variant ✏✓(xt, t,?).
At inference, the samples follow

✏cfg = ✏✓(xt, c, t) + w
�
✏✓(xt, c, t)� ✏✓(xt, t)

�
,

where w > 0 is the guidance scale. The adjusted reverse
mean becomes

µcfg(xt, t, y) =
1

p
↵t

⇣
xt �

�tp
1� ↵̄t

✏cfg
⌘
.

Flow Matching. Given a target distribution q(x) and base
distribution p0(x), flow matching defines an ordinary dif-
ferential equation,

dx(t)

dt
= v(x(t), t),

where the vector field v✓ is learned by minimizing

LFM = Et,x0⇠q

���v✓
�
xt, t

�
� xt � x0

t

���
2
,

with xt = x0 + te for e ⇠ N (0, I). Sampling proceeds by
integrating ẋ = v✓(x, t) from t = 1 to t = 0.

4. Method
4.1. Overview
Figure 3 illustrates the overall process of our proposed hy-
brid parallelism framework. The input isotropic noise la-
tent xT is fed simultaneously into two denoising branches:
the unconditional path f✓(xt, t) and the conditional path
f✓(xt, c, t) guided by a textual prompt c. where f✓ denotes
the denoising diffusion network parameterized by ✓ (e.g.
U-Net, DiT). To exploit both global consistency and con-
ditional fidelity, our framework incorporates two comple-
mentary dimensions of parallelism, condition-based parti-
tioning, and adaptive parallelism switching.

Formally, given the denoising model f✓, the diffusion in-
ference across N devices can be expressed as

x(n)
t�1 = f✓(n)(x

(n)
t , c(bn), t),

n 2 {1, . . . , N}, bn 2 {cond, uncond},
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Figure 4. Illustration of the rel-MAEt(✏c, ✏u) curve. The
rel-MAEt(✏c, ✏u) value is relatively large before ⌧1 and after ⌧2,
while it converges near zero between them, indicating stable align-
ment between conditional and unconditional branches during the
parallelism phase.

where each ✓(n) corresponds to the subset of model pa-
rameters assigned to the n-th device in the pipeline, re-
flecting adaptive parallelism switching across different net-
work stages. Meanwhile, bn 2 {cond, uncond} indicates
whether the device n handles the conditional or uncondi-
tional branch in condition-based partitioning. Accordingly,
each device processes either a conditional input with c or an
unconditional input without c. This formulation jointly rep-
resents both condition-based partitioning and adaptive par-
allelism switching within a unified diffusion framework.

To further enhance performance, the denoising process
is divided into three stages according to the temporal dy-
namics of conditional influence: (1) Warm-Up Stage, where
only ordinal communication occurs between conditional
and unconditional branches; (2) Parallelism Stage, where
both branches are executed in parallel with conditional ex-
change; and (3) Fully-Connecting Stage, which merges the
two branches for the final refinement. The rationale for this
three-phase division and the quantitative criteria for deter-
mining the boundary points ⌧1 and ⌧2 are discussed in Sec-
tion 4.2 and Section 4.3, respectively.

4.2. Hybrid Parallel Inference Framework
Figure 4 illustrates the relative-Mean Absolute Error of the
predicted noise (relative-MAE; rel-MAEt(✏c, ✏u)) across
the three stages of the proposed hybrid parallelism in the
denoising diffusion model. To determine when the condi-
tional and unconditional branches should interact or remain
independent, we first quantify their denoising discrepancy
during the denoising process.

Since conditional and unconditional denoisers contribute
differently to generation, with one emphasizing semantic
alignment to the text condition and the other stabilizing
global structure, it is essential to measure how their noises
✏c and ✏u diverge over time. This discrepancy serves as a
key indicator for determining the switching points between
serial and parallel execution within our hybrid framework.

The denoising discrepancy, namely rel-MAEt(✏c, ✏u),
quantifies the difference in noise prediction ✏t between the

conditional and unconditional branches at each timestep t,
(where ✏c = ✏✓(xt, c, t) and ✏u = ✏✓(xt, t)), and is formu-
lated as

rel-MAEt(✏c, ✏u) =
Ex,✏[k✏✓(xt, c, t)� ✏✓(xt, t)k1]

Ex,✏[k✏✓(xt, t)k1]
. (1)

Here, ✏✓(xt, c, t) and ✏✓(xt, t) denote the noise components
predicted from the conditional and unconditional denoisers,
respectively. A larger value indicates a stronger discrepancy
between the two branches, reflecting a higher conditional
influence on the denoising trajectory at that timestep.

According to the trend of denoising discrepancy shown
in Figure 4, which exhibits a U-shaped curve over the entire
denoising process, we divide the process into three stages:
the Warm-Up Stage [T, ⌧1], the Parallelism Stage (⌧1, ⌧2),
and the Fully Connecting Stage [⌧2, 0]. The two parameters,
⌧1 and ⌧2, define the boundaries between these stages and
are automatically determined during the middle of the de-
noising process. The details of how they are determined are
provided in the next section. Intuitively, ⌧1 marks the point
where the denoising discrepancy ceases to decrease rapidly,
while ⌧2 indicates the point where it begins to increase.

By measuring denoising discrepancy across 5,000
prompts from the MS-COCO 2014 validation set [15], we
observed that the variation of the error between the condi-
tional and unconditional branches exhibits a clear U-shaped
trend, as further demonstrated in Appendix B.

We now describe each denoising stage in detail.
(1) Warm-Up Stage [T, ⌧1]. This stage captures the global
outline of the generated image. The conditional branch
establishes the overall composition from the text prompt,
while the unconditional branch stabilizes the coarse struc-
tural forms. Since both branches have distinct influences,
the denoising discrepancy remains low. Therefore, each
branch is processed independently using condition-based
partitioning, without adaptive parallelism switching.
(2) Parallelism Stage (⌧1, ⌧2). At this phase, the model
refines local details within the preformed outline. The con-
ditional and unconditional branches begin to converge, and
the denoising discrepancy remains small and stable. To take
advantage of this convergence, adaptive parallelism switch-
ing is activated, enabling a more powerful acceleration of
the denoising process.
(3) Fully-Connecting Stage [⌧2, 0]. In the final phase,
fine-grained conditional cues dominate generation. The
framework reverts to condition-based partitioning, integrat-
ing conditional guidance to reconstruct the final image x0.

A similar three stages structure has also been observed
in previous studies on diffusion conditional guidance [10],
which further supports the validity of our framework.
Building upon this, through this three stages hybrid paral-
lelism framework, our method achieves efficient distributed
denoising while preserving generation quality.
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The denoising discrepancy, rel-MAEt(✏c, ✏u) can be
extended to flow matching models by replacing ✏✓ with
the predicted velocity v✓. In this case, rel-MAEt(vc, vu)
maintains the same role in quantifying the conditional-
unconditional discrepancy over the velocity field.

4.3. Adaptive Switching via Denoising Discrepancy
The core of the proposed hybrid parallelism is to dynam-
ically determine the timesteps ⌧1 and ⌧2 during the real-
time denoising process, sequentially switching between the
Warm-Up, Parallelism, and Fully-Connecting modes, while
constructing a scheduling method based on the previously
defined denoising discrepancy.
(1) Determining ⌧1. For each timestep t, we compute de-
noising discrepancy and calculate the average slope of the
most recent L steps by

Gt =
Mt �Mt�L

L
. (2)

We then select ⌧ 01 = min{t | 0  Gt < gslope} and con-
strain it by safety-cap ⌧cap. As shown in Appendix B, ⌧cap is
defined as the global minimum point of the denoising dis-
crepancy curve, and it serves as an upper bound for ⌧1 dur-
ing automatic selection. The introduction of ⌧cap ensures
stability by covering cases where ⌧1 is assigned too late or
remains undefined due to outlier behaviors, thus maintain-
ing generation quality while maximizing acceleration.

Consequently, ⌧1 is given by ⌧1 = min(⌧ 01, ⌧cap), which
marks the end of the warm-up stage where conditional in-
fluence stabilizes.
(2) Determining ⌧2. During the parallelism phase, ✏c and
✏u converge to an identical value, making the denoising dis-
crepancy measurement no longer meaningful. Therefore, ⌧2
is empirically fixed to a certain number of steps k after ⌧1,

⌧2 = ⌧1 + k, k 2 N, 1  k < T � ⌧1. (3)
A larger k extends the parallelism phase, resulting in faster
inference but lower generation quality, while a smaller k
improves fidelity at the cost of latency. A detailed analysis
of quality and speed trade-offs with respect to k is presented
in Section 5.4, where we empirically verify the optimal bal-
ance across various k. We also provide the algorithm of
Section 4.3 in Appendix C describes the overall process.

4.4. Theoretical Analysis of Adaptive Switching
Analysis of Denoising Discrepancy by Score Decompo-
sition. The denoising discrepancy can be theoretically in-
terpreted as a ratio between the conditional information
strength and the unconditional data prior. From the score-
decomposition perspective [8, 32], can be approximated as

rel-MAEt(✏c, ✏u) =
k✏c�✏uk1

k✏uk1
⇡ krxt log p(c|xt)k1

ksu(xt,t)k1
. (4)

rxt log p(c|xt) represents the conditional information
strength and su(xt, t) denotes the unconditional score of

the data distribution. Consequently, denoising discrepancy
measures the relative magnitude between conditional and
unconditional components.

In the score formulation of Eq. (4), the unconditional
score su(xt, t) = rxt log p(xt) captures the intrinsic struc-
ture of the data distribution, while the conditional gradient
rxt log p(c|xt) encodes the semantic influence of the condi-
tioning signal c. Their relative magnitudes evolve naturally
along the diffusion process:
• Warm-Up Stage: When xt is close to pure noise,
su(xt, t) carries little structural information, whereas
rxt log p(c|xt) dominates by guiding the global seman-
tic layout from the prompt, leading to a large denoising
discrepancy.

• Parallelism Stage: As denoising progresses, su(xt, t)
reconstructs meaningful local structures and becomes
comparable in magnitude to rxt log p(c|xt). This bal-
ance satisfies ksu(xt, t)k ⇡ krxt log p(c|xt)k, yielding
d
dt rel-MAEt(✏c, ✏u) ⇡ 0 and motivates the activation of
the parallel inference phase.

• Fully-Connecting Stage: At high SNR, most patterns
have been recovered by su(xt, t), while rxt log p(c|xt)
contributes to fine-grained alignment and texture refine-
ment, causing a mild increase in denoising discrepancy.
This interpretation provides an intuitive explanation of

how the relative magnitudes of the conditional and uncondi-
tional scores evolve across timesteps, theoretically support-
ing the three stages proposed (Warm-Up ! Parallelism !
Fully Connecting). Detailed derivations of Eq. (4) and the
robustness analysis of ⌧1 under stochastic denoising noise
are shown in Appendix D and Appendix E, respectively.

4.5. Extensibility to Many GPUs Configurations
While the hybrid parallelism framework is optimized for
two GPUs, it also scales well to larger even-numbered con-
figurations. We present two extension strategies.
(1) Batch-Level Extension. In this approach, the model
generates N

2 samples across N GPUs, where each pair of
GPUs produces one image. This structure linearly increases
acceleration with the number of GPUs while maintaining
near-identical generation quality. However, it is most effec-
tive when a large number of samples are generated.
(2) Layer-Wise Pipeline Extension. This method extends
the adaptive parallelism switching mechanism by divid-
ing the optimal pipeline interval into N layer-wise seg-
ments, thereby enabling finer-grained parallel execution
across multiple devices. Unlike the batch-level scheme,
it can be applied to single-sample generation, though it
may incur slightly reduced acceleration efficiency and mi-
nor quality degradation due to finer partitioning.

The structures and details of both strategies are provided
in Appendix F. Experimental results on single image gener-
ations with 4 and 8 GPUs are provided in Section 5.2.
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Base Model Devices Methods Latency (s) # Speed-Up " Comm. (GB) #
FID # LPIPS # PSNR "

w/ G. T. w/ Orig. w/ G. T. w/ Orig. w/ G. T. w/ Orig.

Stable Diffusion XL

1 Original Model 16.49 - - 23.977 - 0.797 - 9.618 -

2
DistriFusion [12] 13.53 1.22⇥ 0.525 24.164 4.864 0.7978 0.146 9.597 24.634

AsyncDiff [2] (stride=1) 12.54 1.31⇥ 9.830 23.941 4.103 0.797 0.108 9.586 26.387
Ours (k=5) 7.12 2.31⇥ 0.516 23.831 4.100 0.796 0.107 9.665 26.640

4

DistriFusion 7.13 2.31⇥ 0.486 24.197 5.772 0.798 0.183 9.578 23.046
AsyncDiff (stride=1) 9.45 1.74⇥ 10.531 24.225 5.829 0.795 0.147 9.626 24.776
AsyncDiff (stride=2) 6.57 2.51⇥ 4.795 24.140 6.572 0.803 0.192 9.557 23.070

Ours (k=5) 4.83 3.41⇥ 0.751 24.087 5.544 0.788 0.113 9.888 25.233

Stable Diffusion 3

1 Original Model 19.36 - - 33.433 - 0.810 - 8.086 -

2

AsyncDiff [2] (stride=1) 9.82 1.97⇥ 1.290 33.379 2.032 0.813 0.052 8.155 27.812
xDiT-Ring [4] 14.31 1.35⇥ 121.646 33.356 1.909 0.809 0.047 8.085 27.857
Parastep [33] 9.98 1.94⇥ 0.032 33.340 3.350 0.810 0.112 8.091 22.917

Compact-2bit [21] 13.96 1.39⇥ 9.049 33.560 4.712 0.810 0.196 7.999 19.242
Ours (k=5) 9.33 2.07⇥ 0.189 33.322 1.878 0.780 0.046 8.229 27.875

4

AsyncDiff (stride=1) 6.51 2.97⇥ 3.774 33.909 3.458 0.887 0.177 8.033 26.540
AsyncDiff (stride=2) 4.86 3.98⇥ 1.241 34.434 8.939 0.895 0.272 7.956 21.087

xDiT-Ring 17.96 1.08⇥ 130.792 33.374 2.232 0.861 0.127 8.001 27.101
Parastep 6.29 3.08⇥ 0.038 33.211 2.581 0.910 0.134 7.990 27.089

Compact-2bit 9.25 2.09⇥ 13.593 33.420 5.461 0.811 0.248 7.926 17.490
Ours (k=5) 5.53 3.50⇥ 0.572 33.113 2.109 0.857 0.122 8.046 27.110

Table 1. Quantitative comparison of parallelism methods on the Stable Diffusion XL and Stable Diffusion 3 models. We compare our
method with existing distributed inference techniques under 1, 2, and 4 GPUs. We report both the baseline latency and the corresponding
acceleration ratio (Speed-Up), Communication efficiency (Comm.), and quantitative metrics assessing generation fidelity. Here, w/ G.T.
denotes comparison with the ground-truth image, and w/ Orig. indicates comparison with the original (single-GPU) model output.

5. Experiments
5.1. Experimental Setup
Models. We evaluate our proposed hybrid parallelism
framework on two representative diffusion backbones:
Stable Diffusion XL (SDXL) [24] and Stable Diffusion
3.0 (SD3), a DiT-based flow matching model [3]. SDXL
represents U-Net–based latent diffusion models [26], while
SD3 reflects the transformer-based paradigm, demonstrat-
ing the generality of our approach.
Datasets. All experiments are conducted on the MS-
COCO Captions 2014 benchmark [15], using 5,000 valida-
tion prompts for text-to-image generation. Generated im-
ages are compared against both the ground-truth samples
and the single-GPU original model outputs.
Metrics. We evaluate inference efficiency and generative
quality. Latency and speed-up ratio measure acceleration.
For quality, we report FID (Fréchet Inception Distance) [6],
LPIPS (Learned Perceptual Image Patch Similarity) [42],
and PSNR (Peak Signal-to-Noise Ratio). Lower FID/LPIPS
and higher PSNR indicate better generation quality. For im-
plementation details, please refer to Appendix G.

5.2. Main Results
Quantitative Results. Table 1 reports a quantitative com-
parison across SDXL and SD3 pre-train diffusion models.
On SDXL, with 2 GPUs, ours achieves a 2.31⇥ acceler-
ation over the single-GPU baseline while preserving im-
age fidelity. Compared to prior methods such as Distri-
Fusion [12] and AsyncDiff [2], our method attains the best

Methods Latency (s) # Speed-Up " FID #
(w/ Orig.)

Original Model 16.49 - -
Full Condition-Based Partitioning 9.24 1.78⇥ 3.623

Ours (Hybrid Parallelism) 7.12 2.31⇥ 4.100

Table 2. Ablation on hybrid parallel components. All experi-
ments are conducted on the SDXL model at 1024⇥1024 resolution
with 2 GPUs, comparing the single-GPU baseline, full condition-
based partitioning, and our hybrid parallelism framework.

speed–quality trade-off with minimal communication cost.
Notably, our communication cost is reduced by 19.6⇥ com-
pared to AsyncDiff, due to adaptive parallelism switching
that determines optimal parallel intervals to minimize com-
munication cost. With 4 GPUs, ours achieves a 3.41⇥
speed-up while preserving comparable generation quality.

For SD3, a DiT-based flow-matching model, with 2
GPUs, ours not only outperforms recent baselines, xDiT-
Ring, Parastep, and CompactFusion, but also achieves a
2.07⇥ speed-up with negligible communication cost while
maintaining comparable generation quality. With 4 GPUs,
ours reaches up to a 3.50⇥ speed-up, demonstrating strong
scalability across both U-Net and DiT architectures. Addi-
tional results with 8 GPUs are provided in Appendix H.
Qualitative Results. Figure 5 presents qualitative compar-
isons among distributed inference methods. While Distri-
Fusion and AsyncDiff exhibit boundary artifacts or spatial
inconsistency, our method preserves global coherence and
fine-grained details similar to the original model. These
results confirm that the proposed hybrid parallelism frame-
work maintains high visual fidelity while achieving substan-
tial acceleration. Further results are shown in Appendix I.
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Prompt: “A white tray with a vase holding flowers over a cat.”

Original DistriFusion

Speed-Up: 1.23x    FID: 4.86

AsyncDiff

Speed-Up: 1.32x    FID: 4.13

Ours

Speed-Up: 2.32x  FID: 4.10

Figure 5. Qualitative results of the main experiments. We compare 1024⇥1024 image generations from the SDXL model with 2 GPUs.
Our method achieves the best acceleration and FID performance, while producing visuals most similar to the original.

Speed-Up ↑

4.0

6.0

8.0

10.0

FID ↓

3.0x1.0x 2.0x

0.0

1.5x 2.5x

DistriFusion
AsyncDiff Ours (k = 5)

Ours (k = 10)

Ours (k = 20)

Ours (k = 30)

Naïve diffusion

Figure 6. Visualization of speed–quality trade-off across differ-
ent parallelism intervals k. Smaller k values preserve higher fi-
delity, whereas larger k achieve greater acceleration. Our method
consistently dominates prior works across the trade-off frontier.
All experiments were conducted on 2 GPUs.

5.3. Ablation Study
Ablation on Hybrid Parallel Components. Table 2 an-
alyzes the contribution of each hybrid parallel compo-
nent. We compare three settings: (1) the original single-
GPU model, (2) full condition-based partitioning applied
to all denoising steps, and (3) our proposed hybrid par-
allelism combining both condition-based partitioning and
adaptive parallelism switching. Condition-based partition-
ing achieves a 1.78⇥ speed-up while maintaining image
quality, whereas our hybrid parallelism further improves
efficiency to 2.31⇥ with comparable quality, demonstrat-
ing that the combination of condition-based partitioning
and adaptive parallelism switching maximizes acceleration
while minimizing quality degradation.

5.4. Sensitivity Analysis
Impact of Different k Values. Figure 6 demonstrates the
parallelism interval k clearly reveals a speed–quality trade-
off: smaller k values preserve higher fidelity, while larger
k values yield faster generation. An appropriate balance is
observed at k=5, achieving both strong quality and acceler-
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Figure 7. Comparison of high-resolutions tasks. We compare
different parallel inference methods on the SDXL model using
two NVIDIA H200 GPUs across 1024⇥1024, 2048⇥2048, and
2560⇥2560 high-resolutions.

ation. The interval k can be flexibly chosen by practitioners
to adjust the trade-off between efficiency and fidelity. Quan-
titative and qualitative results across different k values are
provided in Appendix J and Appendix K, respectively.
High-Resolution Generation. As shown in Figure 7, our
method consistently achieves superior acceleration over ex-
isting distributed inference frameworks across increasing
resolutions. On the SDXL model using NVIDIA H200
GPUs, our hybrid parallelism attains up to 2.72⇥ speed-up
at 1024⇥1024, 1.54⇥ speed-up at 2048⇥2048, and 1.62⇥
speed-up at 2560⇥2560, demonstrating strong scalability
for high-resolution image generation.

6. Conclusion
In this paper, we introduced a hybrid parallelism framework
for diffusion inference that integrates condition-based par-
titioning with adaptive parallelism switching. Guided by
the denoising discrepancy criterion, the method adaptively
switches between parallelism modes to minimize redundant
communication. It achieves 2.31⇥ and 2.07⇥ latency re-
ductions on SDXL and SD3 with 2 GPUs, and up to 3.41⇥
and 3.50⇥ with 4 GPUs, respectively, while strongly pre-
serving fidelity. We also generalize across the U-Net and
DiT architectures and to high-resolution generation tasks,
providing a unified parallelism paradigm for scalable multi-
GPU diffusion inference.
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