
Communication-Efficient Diffusion 
Denoising Parallelization via Reuse-

then-Predict Mechanism

Kunyun Wang

Shanghai Jiao Tong University



1

What is Diffusion Model

[1]

[1] Denoising Diffusion Probabilistic Models
[2] WAN: OPEN AND ADVANCED LARGE-SCALE VIDEO GENERATIVE MODELS
[3] AudioLDM 2: Learning Holistic Audio Generation with Self-supervised Pretraining

[2]

Diffusion models perform denoising process
to reconstruct original samples

Diffusion models exhibit strong performance
in image, video and audio generation

[3]
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What is Diffusion Model

𝑋! 𝑋!

Reconstruct
Original data

𝑋!

Noise predictor SchedulerNoise

𝜀! 𝑋!"# 𝜀!"# 𝑋!"$

Tens or even hundreds of
steps

……
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What is Diffusion Model

[1] U-Net: Convolutional Networks for Biomedical Image Segmentation
[2] Scalable Diffusion Models with Transformers

[1] U-Net [2] DiT

The noise predictor is typically implemented using architectures such as DiT or U-Net
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The high latency of Diffusion model

[2] CogVideoX inference on 4090 for 91s for a 7s short video

[1] Stable Video Diffusion: Scaling Latent Video Diffusion Models to Large Datasets
[2] CogVideoX: Text-to-Video Diffusion Models with An Expert Transformer

[1] SVD inference on 4090 for 51s for a 2s short video

Dense matmul

Bidirectional Attention

Thousands of tokens

Multi-step inference

…
>10k
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[1] Denoising Diffusion Probabilistic Models

[1] The objective in training is to predict the added noise

𝑋% 𝜀& 𝑋&

Forward: Get noisy sample Reverse: Predict the added noise

𝜀&

#𝜀&

MSE
Error

𝑋& #𝜀&

𝑋% 𝜀&'# 𝑋&'# 𝑋&'# $𝜀&'#

𝜀&'#

$𝜀&'#

MSE
Error

!𝜀! is closed to 𝜀!

#𝜀!"# is closed to 𝜀!"#

Therefor, !𝜀! is closed to #𝜀!"#

Similarity across adjacent steps

𝜀!"#	is closed to 𝜀! in training

Adjacent denoising steps exhibit strong similarity, 
consistent with our analysis.
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Direct Reusing cause cumulative deviation

𝑋! 𝜀! 𝑋!"# 𝜀!"# 𝑋!"$

𝑋! 𝜀! 𝑋!"# 𝜀! 𝑋!"$

We can directly reuse the generated Noise 𝜀! However, this can cause cumulative deviation

Reuse

Direct reuse cause higher deviation

Our proposed method can alleviate
this deviation
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Can we use traditional parallelism to reduce Diffusion latency?

7

Traditional parallelism is not suitable

[1] Megatron-LM: Training Multi-Billion Parameter Language Models Using Model Parallelism
[2] PipeDream: Fast and Efficient Pipeline Parallel DNN Training

[1] Megatron-LM [2] PipeDream

ØData parallelism and Pipeline parallelism are primarily designed to
improve throughput, NOT LATENCY
ØTensor parallelism is less suitable for Diffusion models due to their
large activation sizes, especially in commercial hardware.
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Specified parallel methods for reducing diffusion latency

8

These methods perform operation-wise, layer-
wise, or stage-wise communication to 

exchange essential tensors, which incurs 
substantial communication cost.

[2] Ring Attention

[1] DistriFusion: Distributed Parallel Inference for High-Resolution Diffusion Models
[2] Ring Attention with Blockwise Transformers for Near-Infinite Context
[3] AsyncDiff: Parallelizing Diffusion Models by Asynchronous Denoising

[1] DistriFusion

[3] AsyncDiff
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Parallel method based on Reuse-then-Predict
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𝜀!

𝑋!"# 𝑋!"$

𝜀! !𝑋!"#

𝜀! !𝑋!"# !𝑋!"$

𝜀!"#
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Noise predictor Scheduler Predicted Noise

Ø Use Reuse-then-Predict process to reduce the deviation caused by Direct Reuse
Ø Through careful arrangement, reuse-then-predict can be computed in parallel.
Ø Step-wise, low volume communication

Reused NoiseNoisy SampleComputation Heavy

𝑋!"#

𝑋!"#

𝜀!

𝜀!

DiT or UNet

Just ADD and
Multiplication

Communication
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Communication analysis
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Ring Attention

Hidden States

Message size: M

GPU

p

AsyncDiff

ParaStep

Key 1

Message size: M/p

Value 2

Value 3

…….

Value p

Key 2

Key 3

…….

Key p

GPU 1

For GPU0,
*
+

for single key

2(+"#)*
+

for KVs

…
…

Model: layernum L

For GPU0,
2(+"#)*

+
𝐿 for

total model

For all GPUs, total
volume per step

2𝐿 𝑝 − 1 𝑀

GPU 1

GPU 2

GPU p

…….GPU 1

Each GPU
contains a stage

GPU0/stage0
performs a broadcast:
𝑝 − 1 𝑀

For all GPUs, total
volume per step
p 𝑝 − 1 𝑀

GPU 1

GPU 2

GPU p

…….
For p steps, GPU2…GPU p
send predicted noise to
GPU0: 𝑝 − 1 𝑀

For p steps, GPU0
performs a broadcast:
𝑝 − 1 𝑀

For all GPUs, total
volume per step: 
2(+"#)*

+
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BatchStep: transform parallelism into batched inference
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Ø AUDIO: Increasing the batch size does NOT lead to a linear 
increase in latency — indicating a good batching effect.
Ø VIDEO: Increasing the batch size leads to a linear increase in 
latency — indicating a poor batching effect.

ØTransform the parallel execution of the noise predictor into a 
batched inference process on a single device

ØThe good batching effect contributes to acceleration.
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Experiments：Latency and performance
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ØFor Image generation: ParaStep achieves the highest 
speedup while maintaining competitive quality metrics.
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Experiments：Latency and performance

13

ØFor Video generation: ParaStep achieves the highest 
speedup while maintaining competitive quality metrics.
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Experiments：Latency breakdown
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ØParaStep exhibits significantly lower communication 
latency compared to AsyncDiff

ØLower communication directly contributes to its higher 
overall speedup.
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Experiments：BatchStep
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ØParaStep achieves high speedup with minor quality drop.
ØBatchStep achieves competitive speedup without

additional computation resources.
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Broader impacts

16

ØOur method can be applied in commercial settings to
accelerate compute-intensive diffusion models, because
it doesn’t need high bandwidth

ØFor non-compute-intensive models, our proposed variant
BatchStep enables speedup on a single device
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