Hardware Design for U-Net Accelerator
in Stable Diffusion
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Abstract

This study aims to design a method to accelerate the speed of Stable Diffusion in
generating images from text. Stable Diffusion, as a recently introduced image generative
model, has gained attention for its powerful capabilities of image synthesis. However, despite
its capabilities, there has been limited adoption of Stable Diffusion in services or commercial
applications. We attribute this to the model's suboptimal performance in terms of
computational speed. Therefore, we believe that finding methods to accelerate image
generation with Stable Diffusion could lead to better development and utilization in the
future.

In this research, we segmented Stable Diffusion into different blocks based on
functionality. By measuring the time each block takes in image generation, we identified a
performance bottleneck in Stable Diffusion, namely, U-Net. Through analyzing the
architecture and characteristics of U-Net, we proposed two hardware design methods to
accelerate its computational speed.

Firstly, we designed the Flow Process Unit as the basic unit for U-Net's convolution
operation, reducing the number of clock cycles needed for a single-layer U-Net to complete
convolution. Additionally, by adjusting the datapath, each layer of U-Net can send the
already computed partial results to the next layer during convolution. When the next layer
collects enough data, it can start its computation without waiting for the previous layer's
computation to fully finish, achieving Pipelining acceleration.

Finally, through theoretical calculations, we demonstrated that our design hardware
architecture can execute U-Net computations with fewer clock cycles compared to the
traditional combination of CPU and C++. This serves as evidence of the successful
acceleration of Stable Diffusion image generation speed through our design.
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Figure 1. Simplified illustration for our design
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1. Background and Motivation
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Prompts a girl sitting by lake |a girl sitting by lake|a girl sitting by lake
Sample Number 80 40 80
Height 512 512 256
Width 512 512 512
Latent Channels 4 4 4
Downsampling Factor 8 8 8
Text Encode Time (s) 0.008319 0.0095046 0.010333
U-Net Time (s) 22.9847 11.041625 8.19529
VAE Time (s) 0.0049999 0.00511 0.0034203
Total Time (s) 22.9980189 11.0562396 8.2090433
Text Encode Time (%) 0.03619364186 0.08607972106 0.1260846169
U-Net Time (%) 99.94208675 99.86781582 99.8324616
VAE Time (%) 0.02174056827 0.04621824585 0.04166502569
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3. Method
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4. Results
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6. Review and reflections
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