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

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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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”.



“We have proven that training a model to denoise is a way 
to implicitly estimate the underlying datagenerating 
process, and that a simple Markov chain that alternates 
sampling from the denoising model and from the 
corruption process converges to that estimator. This 
provides a means for generating data from any denoising 
auto-encoder”

Generalized Denoising Auto-Encoders as 
Generative Models,  
Bengio, Alain, Vincent, 2013-06-02



Deep Unsupervised Learning using  
Nonequilibrium Thermodynamics,  
Sohl-Dickstein Et al. 2015-03-12

		•	Thermodynamic Inspiration: Generative modeling framed 
through nonequilibrium physics.


•	Reversed Diffusion: Generate data by reversing a noise-
adding diffusion process.


	•	SDE Foundation: Introduced stochastic differential 
equations to model forward/reverse dynamics.


•	Nonparametric Data Modeling: Learn dynamics directly 
from noisy samples, not density estimates.



Deep Unsupervised Learning using  Nonequilibrium Thermodynamics,  
Sohl-Dickstein Et al. 2015-11-18

CIFAR-10 holdout images Corrupted with Gaussian noise

Denoised images, generated by 
sampling from the posterior 
distribution over denoised images 
conditioned on the images in (b)

Deep Unsupervised Learning using  Nonequilibrium Thermodynamics, Sohl-Dickstein Et al. 2015-11-18



forward diffusion 
gradually add noise

reverse diffusion 
recover the data 

distribution

Deep Unsupervised Learning using  Nonequilibrium Thermodynamics, Sohl-Dickstein Et al. 2015-11-18
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• BigGAN and StyleGAN2 greatly advanced image generation but leaned toward 
realism over diversity due to their mode-seeking behavior. 

• GANs struggled to generalize impressive domain-specific results (e.g., realistic 
faces) to more diverse datasets. 

• VQ-VAE 2 and VQGAN promoted a two-stage generative modelling approach:

• Compress images into discrete one-dimensional sequences.

• Use autoregressive models to predict these sequences step-by-step. 

• Although the concept originated with the original VQ-VAE, VQ-VAE 2 and VQGAN 
reinforced its value for large-scale, diverse data generation.

2015 - 2019



Improved Techniques for Training Score-
Based Generative Models,  
Song & Ermon 2020-06-16

• Theoretical Insights: Provided a new understanding of 
score function learning in high-dimensional spaces.


• Score Matching: Train a network to estimate ∇ₓ log p(x) at 
each noise level. 

• 	Adaptive Noise Scaling: Introduced analytical methods to 
determine effective noise scales for training. 

• 	Stable Training: Utilized Exponential Moving Average 
(EMA) of model parameters to improve training stability 
and sample quality.


• 	Optimized Sampling: Enhanced Langevin dynamics (type 
of Monte Carlo) for faster and more stable image 
generation from 64 × 64 to 256 × 256. 



Improved Techniques for Training Score-Based Generative Models, Song & Ermon 
2020-10-23



Improved Techniques for Training Score-Based Generative Models,  
Song & Ermon 2020-10-23



• Continuous Diffusion: Forward & reverse diffusion 
processes simulate gradual noise addition and denoising.


• Noise prediction: objective simplifies training and aligns 
with score matching.


• Fixed variance: in reverse process stabilizes training and 
reduces parameterization.


• High-Fidelity Outputs: Generates images with quality 
rivaling GANs, without adversarial training. 


• U-Net with Time Conditioning: Utilizes a U-Net 
architecture with time-step embeddings for effective 
denoising across timesteps.


Denoising Diffusion Probabilistic Models,  
Ho Et al. 2020-06-19



\

Denoising Diffusion Probabilistic Models, Ho Et al. 2020-06-19



Denoising Diffusion Probabilistic Models, Ho Et al. 2020-06-19



Image from Understanding Deep Learning, Prince, 2023



Denoising Diffusion Probabilistic Models,  
Ho Et al. 2020-12-16



Denoising Diffusion Probabilistic Models, Ho Et al. 2020-12-16

- : Original clean image (sampled from the data distribution).

- : Gaussian noise sampled from .

- : A randomly chosen time step (from 1 to T).

- : A precomputed noise schedule value at time , determining how much noise has been added.

- : The neural network (with parameters ) that tries to predict the noise .


At each training step:

1. A clean image  is selected.

2. Noise  is added to create a noisy image: 


3. The model is given  and , and tries to predict the noise .

4. The loss penalizes the difference between the true noise and the predicted noise.


x0
ϵ 𝒩(0,I)
t
ᾱt t
ϵθ( ⋅ , t) θ ϵ

x0
ϵ xt = ᾱtx0 + 1 − ᾱtϵ

xt t ϵ
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ℒsimple (θ) := 𝔼t,x0,ϵ [ ϵ − ϵθ ( ᾱtx0 + 1 − ᾱtϵ, t)
2

]
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Impact: These 2019–2020 advances proved that diffusion-based 
generation can match or exceed traditional generative models. 
They established core techniques (iterative denoising, score 
matching connections) that subsequent works would build upon, 
and hinted that diffusion might be a general-purpose paradigm 
applicable beyond images.



• Unified Framework: Bridges diffusion models and score-
based methods under stochastic differential equations (SDEs). 

• Flexible Sampling: Introduces predictor-corrector and 
probability flow ordinary differential equations (ODE) for 
efficient sampling. 

• Controllable Generation: Enables conditional tasks without 
retraining.

Score-Based Generative Modeling 
Through Stochastic Differential Equations,  
Song Et al. 2020-11-26



Score-Based Generative Modeling Through Stochastic Differential Equations,  
Song Et al. 2021-02-10



Score-Based Generative Modeling Through Stochastic Differential Equations, Song Et al. 2021-02-10



Score-Based Generative Modeling Through Stochastic Differential Equations, Song Et al. 2021-02-10



Score-Based Generative Modeling Through Stochastic Differential Equations, Song Et al. 2021-02-10
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Structured Denoising Diffusion Models in 
Discrete State-Spaces, 
Austin et al. 2021-07-13

• Structured Transitions: Utilize Gaussian-like, nearest-
neighbor, and absorbing state transitions for nuanced 
discrete data modeling. 

• Hybrid Loss: Combine variational and cross-entropy 
losses to stabilize and enhance training. 

• Scalable Text Modeling: Effectively handle large 
vocabularies in language tasks like LM1B.



“We develop structured corruption processes appropriate 
for text data, using similarity between tokens to enable 
gradual corruption and denoising. Expanding further, we 
also explore corruption processes that insert [MASK] 
tokens, which let us draw parallels to autoregressive and 
mask-based generative models."

Structured Denoising Diffusion Models in Discrete State-Spaces, 
Austin et al. 2021-07-13



Structured Denoising Diffusion Models in Discrete State-Spaces, 
Austin et al. 2021-07-13



Figure from Discrete Generative Modeling with Masked Diffusions Jiaxin Shi Google DeepMind 2024/9/18 @GenU 2024 https://jiaxins.io/talks/jiaxins_md4_genu.pdf 
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Structured Denoising Diffusion Models in Discrete State-Spaces, 
Austin et al. 2021-07-13



Structured Denoising Diffusion Models in Discrete State-Spaces, 
Austin et al. 2021-07-13



Scaling up Masked Diffusion Models on Text, 
Nie et al. 2024-10-24

• Scalable Performance: MDMs scale effectively, matching the 
performance improvements seen in ARMs as model size and 
compute increase.  

• Competitive with Larger ARMs: A 1.1B MDM outperforms or 
matches larger ARMs like GPT-2 (1.5B) and Llama-2 (7B) in 
various tasks.  

• Robust Bidirectional Reasoning: MDMs handle bidirectional 
context and temporal data shifts better than traditional ARMs.  

• Efficient Generation: Offers faster sampling speeds and flexible 
quality-computation trade-offs compared to ARMs.


• Unsupervised Conditional Generation: Introduces a classifier-
free guidance method that enhances conditional generation 
without labeled data. 



Scaling up Masked Diffusion Models on Text, Nie et al. 2024-10-24



Scaling up Masked Diffusion Models on Text, Nie et al. 2024-10-24



Scaling up Masked Diffusion Models on Text, Nie et al. 2024-10-24



Large Language Diffusion Models, 
Nie et al. 2025-02-14

• Scalable: Demonstrates strong scalability with model size 
and data up to 7B, offering efficient inference capabilities.


• ARM-Level Performance: Matches or exceeds leading 
autoregressive models (LLaMa 2 7B & LLaMa 3 8B) in 
various language tasks.


• Bidirectional Reasoning: Effectively handles tasks 
requiring reverse reasoning, overcoming limitations of 
traditional ARMs. Attention doesn’t use a causal mask.



Large Language Diffusion Models, 
Nie et al. 2025-02-14



Large Language Diffusion Models, 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Large Language Diffusion Models, 
Nie et al. 2025-02-14



Block Diffusion: Interpolating Between 
Autoregressive and Diffusion Language Models, 
Arriola et al. 2025-03-12

• Hybrid Architecture: Combines autoregressive modeling 
across blocks with diffusion within blocks for balanced 
performance.  

• Flexible Sequence Lengths: Capable of generating 
sequences of arbitrary lengths, surpassing fixed-length 
limitations.  

• Efficient Inference: Utilizes KV caching and parallel 
sampling to enhance inference speed and efficiency.  

• Stable Training: Employs data-driven noise schedules to 
reduce gradient variance during training. 



Block Diffusion: Interpolating Between Autoregressive and Diffusion Language 
Models, Arriola et al. 2025-03-12



d1: Scaling Reasoning in Diffusion Large 
Language Models via Reinforcement Learning, 
Zhao et al. 2025-04-16

• Two-Stage Training: Combines supervised fine-tuning 
with reinforcement learning to enhance reasoning in 
diffusion-based language models. 

• diffu-GRPO Algorithm: Introduces a novel, critic-free RL 
algorithm tailored for the non-sequential nature of 
diffusion models.  

• Improved Reasoning Performance: Demonstrates 
significant gains on mathematical and logical reasoning 
benchmarks. 



For SFT, we train on s1k (Muennighoff et al., 2025) for 20 epochs, with a sequence length of 
4096. For RL, we train a separate model for each task. More specifically, for GSM8K, 
MATH500, we train on the training split; for Countdown and Sudoku, we train on synthetic 
generated datasets. We use a composed reward function that combines both formatting 
and correctness rewards.

d1: Scaling Reasoning in Diffusion Large Language Models via Reinforcement Learning, 
Zhao et al. 2025-04-16



• BigGAN and StyleGAN2 greatly advanced image generation but leaned toward 
realism over diversity due to their mode-seeking behavior. 

• GANs struggled to generalize impressive domain-specific results (e.g., realistic 
faces) to more diverse datasets. 

• VQ-VAE 2 and VQGAN promoted a two-stage generative modelling approach:

• Compress images into discrete one-dimensional sequences.

• Use autoregressive models to predict these sequences step-by-step. 

• Although the concept originated with the original VQ-VAE, VQ-VAE 2 and VQGAN 
reinforced its value for large-scale, diverse data generation.

Key Ideas
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Appendix



Diffusion for Text in Continuous Space

Diffusion-LM Improves Controllable Text 
Generation 
Li et al. 2022-05-27



Diffusion Beats GANs



Latent Diffusion Models (LDMs)



DiffuSeq: Sequence to Sequence Text 
Generation with Diffusion Models, 
Gong et al. 2022-10-17

• Partial Noising: Only the target sequence is noised, 
preserving the source for better conditional generation. 


• Classifier-Free Training: Simplifies the model by 
eliminating the need for external classifiers.


• Bridges AR and NAR: Theoretically connects diffusion 
models with existing sequence modeling approaches. 


• High Diversity Outputs: Generates varied and creative 
text, enhancing the richness of generated content.



DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models, 
Gong et al. 2022-10-17
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Diffusion Transformers (DiT)


