
Improved Techniques for Training Score-Based 
Generative Models

Overview

Initial Noise Scale: 
Theoretical analysis assuming data distribution is a mixture of Gaussian:

Final Noise Scale:                       (small enough to make the smallest noise-
perturbed data distribution indiscernable from clean data)

Other Noise Scales: choose          and 
Intuition: adjacent noise-perturbed distributions should have sufficient overlap.
Analysis: assuming data distribution is a single Gaussian.

Choosing Noise Scales

Background

Experimental Results
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Score-based generative models [1] can produce high-quality samples 
comparable to GANs without requiring adversarial training. 
How they work:
1. Perturb the data distribution with multiple scales of noise.
2. Jointly estimate the score (gradient of log probability density) of each 

noise-perturbed data distribution by training a noise-conditional model 
with score matching.

3. Generate samples by running Langevin MCMC on noise-conditional 
score models while gradually annealing down the noise scales.

Our contributions:
1. Theoretically-guided methods for choosing noise scales and setting the 

hyperparameters of Langevin MCMC.
2. Improve the performance of previous models, scaling the resolution of 

samples to 256 x 256.

Score: 
Score-Based Model:
Noise-Perturbed Distribution:

Noise-Conditional Score-Based Model: 
Multiple Scales of Noise Perturbation:

Training:

Annealed Langevin dynamics:
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s✓(x,�i) ⇡ rx log p�i(x), i = 1, 2, · · · , N
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denoising score matching

Repeat for  times
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Sampling from a mixture of Gaussian centered at test images with annealed Langevin dynamics using different initial noise scales.
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Other Improved Techniques

Configuring Annealed Langevin Dynamics

Theoretical analysis assuming data distribution is a single Gaussian. [2]
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