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Original, 1 GPU 
MACs: 907T 

Latency: 12.3s

Naïve Parallelization, 4 GPUs 
MACs Per Device: 190T (4.8! Less) 

Latency: 3.14s (3.9! Faster) 
But w/ Artifact: Duplicated Subjects

DistriFusion (Ours), 4 GPUs 
MACs Per Device: 227T (4.0! Less) 

Latency: 4.16s (3.0! Faster)  
w/o Artifacts

Prompt: Ethereal fantasy concept art of an elf, magnificent, celestial, ethereal, painterly, epic, majestic, magical, fantasy art, cover art, dreamy.

Prompt: Romantic painting of a ship sailing in a stormy sea, with dramatic lighting and powerful waves.
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Original Ours (2 Devices) Ours (4 Devices) Ours (8 Devices)

1024 × 1024 2048 × 2048 3840 × 3840

1.5×
2.2× 2.8×

1.8×
3.1×

4.9×

1.8×
3.4×

6.1×

#Steps #Devices Method PSNR (")
LPIPS (#) FID (#)

MACs (T)
Latency

w/ G.T. w/ Orig. w/ G.T. w/ Orig. Value (s) Speedup

1 Original – 0.797 – 24.0 – 338 5.02 –

2
Naïve Patch 28.2 0.812 0.596 33.6 29.4 322 2.83 1.8⇥

Ours 31.9 0.797 0.146 24.2 4.86 338 3.35 1.5⇥

50 4
Naïve Patch 27.9 0.853 0.753 125 133 318 1.74 2.9⇥

Ours 31.0 0.798 0.183 24.2 5.76 338 2.26 2.2⇥

Naïve Patch 27.8 0.892 0.857 252 259 324 1.27 4.0⇥

8 ParaDiGMS 29.3 0.800 0.320 25.1 10.8 657 1.80 2.8⇥

Ours 30.5 0.799 0.211 24.4 6.46 338 1.77 2.8⇥

1 Original – 0.801 – 23.9 – 169 2.52 –

25
8

ParaDiGMS 29.6 0.808 0.273 25.8 10.4 721 1.89 1.3⇥

Ours 31.5 0.802 0.161 24.6 5.67 169 0.93 2.7⇥

Table 1. Quantitative evaluation. MACs measures cumulative computation across all devices for the whole denoising process for generating
a single 1024⇥ 1024 image. w/ G.T. means calculating the metrics with the ground-truth images, while w/ Orig. means with the original
model’s samples. For PSNR, we report the w/ Orig. setting. Our method mirrors the results of the original model across all metrics while
maintaining the total MACs. It also reduces the latency on NVIDIA A100 GPUs in proportion to the number of used devices.

Figure 6. Measured total latency of DistriFusion with the 50-step
DDIM sampler [61] for generating a single image across different
resolutions on NVIDIA A100 GPUs. When scaling up the res-
olution, the GPU devices are better utilized. Remarkably, when
generating 3840⇥ 3840 images, DistriFusion achieves 1.8⇥, 3.4⇥
and 6.1⇥ speedups with 2, 4, and 8 A100s, respectively.

as observed in SIGE [23]. In practical use, the batch size
often doubles due to classifier-free guidance [12]. We
can first split the batch and then apply DistriFusion to
each batch separately. This approach further improves the
total speedups to 3.6⇥ and 6.6⇥ with 4 and 8 A100s for
generating a single 3840⇥ 3840 image, respectively.

5.3. Ablation Study

Compare to tensor parallelism. In Table 2, we bench-
mark our latency with synchronous tensor parallelism (Sync.
TP) and synchronous patch parallelism (Sync. PP), and re-
port the corresponding communication amounts. Compared
to TP, PP has better independence, which eliminates the
need for communication within cross-attention and linear
layers. For convolutional layers, communication is only
required at the patch boundaries, which represent a min-
imal portion of the entire tensor. Moreover, PP utilizes
AllGather over AllReduce, leading to lower commu-
nication demands and no additional use of computing re-

Method
1024 ⇥ 1024 2048 ⇥ 2048 3840 ⇥ 3840

Comm. Latency Comm. Latency Comm. Latency

Original – 5.02s – 23.7s – 140s

Sync. TP 1.33G 3.61s 5.33G 11.7s 18.7G 46.3s
Sync. PP 0.42G 2.21s 1.48G 5.62s 5.38G 24.7s
DistriFusion (Ours) 0.42G 1.77s 1.48G 4.81s 5.38G 22.9s

No Comm. – 1.48s – 4.14s – 21.3s

Table 2. Communication cost comparisons with 8 A100s across
different resolutions. Sync. TP/PP: Synchronous tensor/patch
parallelism. No Comm.: An ideal no communication PP. Comm.
measures the total communication amount. PP only requires less
than 1

3 communication amounts compared to TP. Our DistriFusion
further reduces the communication overhead by 50 ⇠ 60%.

sources. Therefore, PP requires 60% fewer communication
amounts and is 1.6 ⇠ 2.1⇥ faster than TP, making it a more
efficient approach for deploying diffusion models. We also
include a theoretical PP baseline without any communication
(No Comm.) to demonstrate the communication overhead
in Sync. PP and DistriFusion. Compared to Sync. PP,
DistriFusion further cuts such overhead by over 50%. The
remaining overhead mainly comes from our current usage
of NVIDIA Collective Communication Library (NCCL) for
asynchronous communication. NCCL kernels use SMs (the
computing resources on GPUs), which will slow down the
overlapped computation. Using remote memory access can
bypass this issue and close the performance gap.
Input similarity. Our displaced patch parallelism relies on
the assumption that the inputs from consecutive denoising
steps are similar. To support this claim, we quantitatively
calculate the model input difference across all consecutive
steps using a 50-step DDIM sampler. The average differ-
ence is only 0.02, within the input range of [�4, 4] (about
0.3%). Figure 7 further qualitatively visualizes the input
difference between steps 9 and 8 (randomly selected). The
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Original

Latency: 5.02s
FID: 24.0

Naïve Patch (2 Devices)
Latency: 2.83s (1.8! Faster)

FID: 33.6

ParaDiGMS (8 Devices)
Latency: 1.80s (2.8! Faster)

FID: 25.1

Ours (2 Devices)
Latency: 3.35s (1.5! Faster)

FID: 24.0

Ours (4 Devices)
Latency: 2.26s (2.2! Faster)

FID: 24.2

Ours (8 Devices)
Latency: 1.77s (2.8! Faster)

FID: 24.3

Prompt: A multi-colored parrot holding its foot up to its beak.

Prompt: A kid wearing headphones and using a laptop

Prompt: A pair of parking meters reflecting expired times.

Prompt: A double decker bus driving down the street.Prompt: A double decker bus driving down the street.

Prompt: A brown dog laying on the ground with a metal bowl in front of him.




