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Progress in generative models of images

Karras, T., Laine, S., Aittala, M., Hellsten, J., Lehtinen, J. and Aila, T., 2020. Analyzing and improving the 
image quality of stylegan. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern 
Recognition (pp. 8110-8119).
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one that can learn over time and which 
predicts the structure and functionality 
of the brain as a whole.
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Representations of probability distributions
Explicit models: represent a probability density/mass function

Pros: likelihoods
Cons: need to be normalized, expressivity-tractability trade-off

Bayesian networks
(e.g., VAEs)

MRF Autoregressive
models

Flow models
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Adding noise to data

Song and Ermon. “Generative Modeling by Estimating Gradients 
of the Data Distribution.” NeurIPS 2019.

Provide useful directional 
information for Langevin MCMC.
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Sampling in the real world

Song and Ermon. “Generative Modeling by Estimating Gradients 
of the Data Distribution.” NeurIPS 2019.



High resolution image generation

Song and Ermon. “Improved Techniques for Training Score-
Based Generative Modles.” NeurIPS 2020.
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Using an infinite number of noise scales

: continuous index of perturbed distributions   
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Compact representation of infinite distributions

• Stochastic process                 à Marginal probability densities

• Stochastic differential equation: 

Infinitesimal white noiseDeterministic drift
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• Time-dependent score-based model
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through Stochastic Differential Equations.” ICLR 2021.
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• Reverse-time SDE
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Score-based generative modeling via SDEs
•

•

•

• Euler-Maruyama (analgous to Euler for ODEs)

Song, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Score-Based Generative Modeling 
through Stochastic Differential Equations.” ICLR 2021.



Mixture of score matching subsumes MLE

For certain choice of the weighting function 

Durkan* and Song*, “On Maximum Likelihood Training of Score-Based Generative Models”, arXiv 2101.09258



Predictor-Corrector sampling methods
• Predictor-Corrector sampling.

• Predictor: Numerical SDE solver
• Corrector: Score-based MCMC

Song, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Score-Based Generative Modeling 
through Stochastic Differential Equations.” ICLR 2021.
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Predictor-Corrector sampling methods
•

•
•

Song, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Score-Based Generative Modeling 
through Stochastic Differential Equations.” ICLR 2021.

predictor
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Results on predictor-corrector sampling

Song, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Score-Based Generative Modeling 
through Stochastic Differential Equations.” ICLR 2021.



High-Fidelity Generation for 1024x1024 Images

Song, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Score-Based Generative Modeling 
through Stochastic Differential Equations.” ICLR 2021.
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• Probability flow ODE (ordinary differential equation)

Score function
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Probability flow ODE: turning the SDE to ODE

Song, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Score-Based Generative Modeling 
through Stochastic Differential Equations.” ICLR 2021.

•

Neural ODE
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• More efficient samplers via black-box ODE solvers
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Solving Reverse-ODE for Sampling
• More efficient samplers via black-box ODE solvers

• Exact likelihood though models are trained with score matching.

Song, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Score-Based Generative Modeling 
through Stochastic Differential Equations.” ICLR 2021.
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Solving Reverse-ODE for Sampling

Song, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Score-Based Generative Modeling 
through Stochastic Differential Equations.” ICLR 2021.

models trained
with score matching

black-box ODE 
Solvers for sampling



Probability flow ODE: latent space manipulation

Temperature scaling

Song, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Score-Based Generative Modeling 
through Stochastic Differential Equations.” ICLR 2021.



Probability flow ODE: uniquely identifiable encoding
• Uniquely identifiable encoding

Song, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Score-Based Generative Modeling 
through Stochastic Differential Equations.” ICLR 2021.
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Probability flow ODE: uniquely identifiable encoding
• Uniquely identifiable encoding

• No trainable parameters in the probability flow ODE!

Song, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Score-Based Generative Modeling 
through Stochastic Differential Equations.” ICLR 2021.
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Flow models, VAE, etc

Model 1
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Score-based models via 

probability flow ODE
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Controllable Generation

• Conditional reverse-time SDE via unconditional scores

unconditional score,
Trained w/o y

Song, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Score-Based Generative Modeling 
through Stochastic Differential Equations.” ICLR 2021.

Trained separately or
specified with domain knowledge

Control signal



Controllable Generation: class-conditional generation

Song, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Score-Based Generative Modeling 
through Stochastic Differential Equations.” ICLR 2021.

• is the class label
• is a time-dependent classifier



Controllable Generation: inpainting

Song, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Score-Based Generative Modeling 
through Stochastic Differential Equations.” ICLR 2021.

• is the masked image
• can be approximated without training



Controllable Generation: colorization

Song, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Score-Based Generative Modeling 
through Stochastic Differential Equations.” ICLR 2021.

• is the gray-scale image
• can be approximated without training



Future directions

• Discrete data, such as text 
generation

• Theoretical understanding on 
sample quality

• Faster sampling Improvements

• Semi-supervised learning
• Inverse problems
• Unrestricted adversarial 

attacks
• Outlier detection Applications
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Conclusion
• Gradients of distributions (scores) can be estimated easily

• Flexible architecture choices — no need to be normalized/invertible
• Stable training — no minimax optimization

• Better or comparable sample quality to GANs
• State-of-the-art performance on CIFAR-10 and others
• Scalable to resolution of 1024x1024 for image generation

• Exact likelihood computation
• Competitive likelihood on CIFAR-10
• Equivalence to Neural ODEs, plus uniquely identifiable encoding
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