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Diffusion and Score-Based Generative Models, Yang Song, 2022-12-12 https://www.youtube.com/watch?v=wMmqCMwuM2Q 

A generative model aims to learn the 
underlying probability distribution 

 of a given dataset. Once 
learned, it can be used to generate new 
data samples that resemble the original 
dataset.

P(data)

https://www.youtube.com/watch?v=wMmqCMwuM2Q


 is the true probability of , 
based on the actual (but unknown) data 
distribution.


 describes the model’s learned 
probability distribution over , 
parameterized by . During training,  
is treated as a likelihood function, 
measuring how likely the observed data  
is, under the current parameters .
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Diffusion and Score-Based Generative Models, Yang Song, 2022-12-12 https://www.youtube.com/watch?v=wMmqCMwuM2Q 

Optimization objective:  
 
Find model parameters  to minimize 
divergence between data distribution and 
model distribution


θ

min
θ

KL (pdata (x)∥pθ(x))
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Diffusion and Score-Based Generative Models, Yang Song, 2022-12-12 https://www.youtube.com/watch?v=wMmqCMwuM2Q 

Optimization objective:  
 
Find model parameters  that maximize the 
likelihood of estimating the (expected) data 
Maximum Likelihood Estimation (MLE)


θ

max
θ

𝔼pdata (x)[log pθ(x)]
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max
θ

𝔼pdata (x)[log pθ(x)]
MLE

⇔ min
θ

KL (pdata (x)∥pθ(x))
Data / Model Divergence
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Diffusion and Score-Based Generative Models, Yang Song, 2022-12-12 https://www.youtube.com/watch?v=wMmqCMwuM2Q 

Gaussian Model - Not sufficiently expressive
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Diffusion and Score-Based Generative Models, Yang Song, 2022-12-12 https://www.youtube.com/watch?v=wMmqCMwuM2Q 

Deep Neural Network - Universal Approximation Theorem

https://www.youtube.com/watch?v=wMmqCMwuM2Q


Templeton, et al., "Scaling Monosemanticity: 
Extracting Interpretable Features from Claude 3 
Sonnet", Transformer Circuits Thread, 2024.
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Figure inspired by Ian Goodfellow’s, Tutorial on Generative Adversarial /networks, 2017







Figure from What are Diffusion Models?, Lilian Wang, 2021
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Figure from What are Diffusion Models?, Lilian Wang, 2021
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Extracting and Composing Robust Features 
with Denoising Autoencoders,  
Vincent, Larochelle, Bengio, Manzagol, 2008

“destruction”: for each input x, a fixed number νd of 
components are chosen at random, and their value is forced 
to 0, while the others are left untouched. All information about 
the chosen components is thus removed from that particuler 
input pattern, and the autoencoder will be trained to “fill-in” 
these artificially introduced “blanks”.
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