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Abstract

Text-to-image generation produces images based on natural language descriptions. However,
large-scale text-to-image models often struggle to mimic the appearance of objects within a specific
reference set and generate new representations in various contexts. To address these limitations,
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Improved DreamBooth: Enhanced Fine-Tuning through SNR Adjustment and Optimization of Noise Scheduler

DreamBooth proposes a fine-tuning method for personalizing text-to-image diffusion models.
Personalized stable diffusion through DreamBooth sometimes encounters issues with insufficient facial
synthesis capabilities. Therefore, in this paper, we introduce a signal-to-noise ratio (SNR) adjustment
algorithm and suggest changing the Beta Schedule method to the Sigmoid Schedule. Additionally,
various experiments were conducted using the same text prompts for an accurate performance
comparison with previous studies. The experimental results demonstrated the best performance when
the SNR adjustment algorithm and Sigmoid Schedule were used together. Furthermore, it was proven
that effective personalization is achievable by fine-tuning only the U-Net structure of Stable Diffusion.
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2.2 Latent Diffusion Model
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Algorithm 1 Pseudocode of Zero Terminal SNR in a TF-like style

1: def enforce zero terminal snr(self, betas):
2 # Convert betas to alphas bar sqrt

3 alphas = 1.0 - betas

4 alphas_bar = tf.math.cumprod(alphas)
5: alphas_bar sqrt = tf.sqrt(alphas_bar)

6

7 # Store old values.

8 alphas_bar sqrt 0 = alphas_bar_sqrt[0]
9 alphas bar sqrt T = alphas bar sqrt[-1]
10: # Shift so last timestep is zero.

11: alphas_bar sqrt -= alphas bar sqrt T
12: # Scale so first timestep is back to old value.

13: alphas_bar sqrt *= alphas bar sqrt 0 / (alphas bar sqrt 0 - alphas_bar sqrt T)

15: # Convert alphas bar sqrt to betas

16: alphas_bar = alphas_bar sqrt ** 2

17: alphas = alphas bar[1:] / alphas_bar[:-1]

18: alphas = tf.concat([alphas_bar[0:1], alphas], axis=0)
19: betas = 1 - alphas

20: return betas

3.3 Sigmoid Schedule
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[Table 1] Experimental Environment

CPU Intel Core i7-12700KF

GPU NVIDIA GeForce RTX 3090 Ti 24GB
Hardware

RAM Samsung DDR4 32GB

Operating System Ubuntu Linux 20.04.6 LTS

CUDA 11.8.0

cuDNN 8.6.0
Software -

Programming Language Python 3.10.12

Deep Learning Library Tensorflow 2.12.0
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[Fig. 6] Results of facial image synthesis with various combinations in the experiments
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[Fig. 7] Facial image synthesis results from experiments with various other text prompts
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