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Diffusion review
Iterative process (T steps) to transform noise xT into a sample X0 from a given data distribution  
Denoising function given by a learned neural network

x0

<latexit sha1_base64="eFToc7AwBpkbsK6wfWRb9mUEers=">AAAB9XicbVDLSsNAFL2pr1pfUZduBovgqiRS0WXRjcsK9gFtLJPppB06mYSZiVpC/sONC0Xc+i/u/BsnbRbaemDgcM693DPHjzlT2nG+rdLK6tr6RnmzsrW9s7tn7x+0VZRIQlsk4pHs+lhRzgRtaaY57caS4tDntONPrnO/80ClYpG409OYeiEeCRYwgrWR7vsh1mM/SJ+yQepkA7vq1JwZ0DJxC1KFAs2B/dUfRiQJqdCEY6V6rhNrL8VSM8JpVuknisaYTPCI9gwVOKTKS2epM3RilCEKImme0Gim/t5IcajUNPTNZJ5SLXq5+J/XS3Rw6aVMxImmgswPBQlHOkJ5BWjIJCWaTw3BRDKTFZExlphoU1TFlOAufnmZtM9qbr12fluvNq6KOspwBMdwCi5cQANuoAktICDhGV7hzXq0Xqx362M+WrKKnUP4A+vzB/e5ktM=</latexit>

x1

<latexit sha1_base64="QP9mbiKbRWotznxRKHPCdHMvYJg=">AAAB9XicbVDLSsNAFL2pr1pfUZduBovgqiRS0WXRjcsK9gFtLJPppB06mYSZiVpC/sONC0Xc+i/u/BsnbRbaemDgcM693DPHjzlT2nG+rdLK6tr6RnmzsrW9s7tn7x+0VZRIQlsk4pHs+lhRzgRtaaY57caS4tDntONPrnO/80ClYpG409OYeiEeCRYwgrWR7vsh1mM/SJ+yQepmA7vq1JwZ0DJxC1KFAs2B/dUfRiQJqdCEY6V6rhNrL8VSM8JpVuknisaYTPCI9gwVOKTKS2epM3RilCEKImme0Gim/t5IcajUNPTNZJ5SLXq5+J/XS3Rw6aVMxImmgswPBQlHOkJ5BWjIJCWaTw3BRDKTFZExlphoU1TFlOAufnmZtM9qbr12fluvNq6KOspwBMdwCi5cQANuoAktICDhGV7hzXq0Xqx362M+WrKKnUP4A+vzB/k+ktQ=</latexit>

xT

<latexit sha1_base64="ZeOdCVAQlzaHlmVjg1N9DUgIAto=">AAAB9XicbVDLSsNAFL2pr1pfVZduBovgqiTSosuiG5cV+oI2lsl00g6dTMLMRC0h/+HGhSJu/Rd3/o2TNgttPTBwOOde7pnjRZwpbdvfVmFtfWNzq7hd2tnd2z8oHx51VBhLQtsk5KHseVhRzgRta6Y57UWS4sDjtOtNbzK/+0ClYqFo6VlE3QCPBfMZwdpI94MA64nnJ0/pMGmlw3LFrtpzoFXi5KQCOZrD8tdgFJI4oEITjpXqO3ak3QRLzQinaWkQKxphMsVj2jdU4IAqN5mnTtGZUUbID6V5QqO5+nsjwYFSs8Azk1lKtexl4n9eP9b+lZswEcWaCrI45Mcc6RBlFaARk5RoPjMEE8lMVkQmWGKiTVElU4Kz/OVV0rmoOrVq/a5WaVzndRThBE7hHBy4hAbcQhPaQEDCM7zCm/VovVjv1sditGDlO8fwB9bnDy58kvc=</latexit>

xT�1

<latexit sha1_base64="tZ51vmJ/laYlNR1wsuFL+i8iFaA=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBHcWBKp6LLoxmWFvqANYTKdtEMnkzAzKZbQP3HjQhG3/ok7/8ZJm4W2Hhg4nHMv98wJEs6Udpxva219Y3Nru7RT3t3bPzi0j47bKk4loS0S81h2A6woZ4K2NNOcdhNJcRRw2gnG97nfmVCpWCyaeppQL8JDwUJGsDaSb9v9COtREGZPMz9rXroz3644VWcOtErcglSgQMO3v/qDmKQRFZpwrFTPdRLtZVhqRjidlfupogkmYzykPUMFjqjysnnyGTo3ygCFsTRPaDRXf29kOFJqGgVmMs+plr1c/M/rpTq89TImklRTQRaHwpQjHaO8BjRgkhLNp4ZgIpnJisgIS0y0KatsSnCXv7xK2ldVt1a9fqxV6ndFHSU4hTO4ABduoA4P0IAWEJjAM7zCm5VZL9a79bEYXbOKnRP4A+vzB4o4k5o=</latexit>

N (0, 1)

<latexit sha1_base64="2edWeuPtxCFErWZAJk66hsiaIv4=">AAAB+XicbVDLSsNAFL2pr1pfUZduBotQQUoiFV0W3biSCvYBbSiT6aQdOpmEmUmhhP6JGxeKuPVP3Pk3TtostPXAwOGce7lnjh9zprTjfFuFtfWNza3idmlnd2//wD48aqkokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbH99lfntCpWKReNLTmHohHgoWMIK1kfq23QuxHhHM04dZxblwz/t22ak6c6BV4uakDDkaffurN4hIElKhCcdKdV0n1l6KpWaE01mplygaYzLGQ9o1VOCQKi+dJ5+hM6MMUBBJ84RGc/X3RopDpaahbyaznGrZy8T/vG6igxsvZSJONBVkcShIONIRympAAyYp0XxqCCaSmayIjLDERJuySqYEd/nLq6R1WXVr1avHWrl+m9dRhBM4hQq4cA11uIcGNIHABJ7hFd6s1Hqx3q2PxWjByneO4Q+szx8gMZKt</latexit>

Common DDPM formulation
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Transformer review
Project sequence of N input tokens into Q, K, V 
Compute attention 

Let

Let

Let

is computing softmax over the rows of S

Let Q be a N x d matrix    — “queries” 
Let K be a N x d matrix    — “keys” 
Let V be a N x d matrix    — “values” 
(Q,K,V) = project(tokens)

Let N be the length of the input token sequence

Each output token is a weighted combination of the N projected token “values” 
Where the weights are determined by the queries and keys
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Tokenizing an image

(0,0) (1,0)

(0,1) (1,1)

(0,0,0)

Breaking an 8x8 image into 4x4 pixel chunks

Breaking a 8x8 6-frame video into 2x2x3 pixel chunks

time
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Diffusion transformer (for an 8x8 image)
8x8 image partitioned into four 4x4 pixel chunks (tokens) 
Yields a 4x4 attention matrix in a transformer

Breaking an 8x8 image into four 4x4 pixel chunks

Token 0 
(0,0)

Token 1 
(1,0)

Token 2 
(0,1)

Token 3 
(1,1)

Token 0 Token 1 Token 2 Token 3

To
ke

n 
0

To
ke

n 
1

To
ke

n 
2

To
ke

n 
3

Attention matrix in the DiT 
(All tokens attend to all others) 
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Causal, autoregressive video
Let’s imagine that we have a video with 8x8 pixel frames 
And we want to condition next frame generation based on the last 3 frames 
Wish to use diffusion to generate frame f  
Let’s assume that tokens are 4x4x1 pixels (so there are four tokens per frame)

???? 
Frame f

Frame 
f-3

Frame 
f-2

Frame 
f-1

* Note: I’m using f to indicate frame number since t is used for the diffusion “step”.

???? 
Frame f+1

Frame 
f-2

Frame 
f-1

Frame 
f

When generating f…

When generating f+1…

After denoising



Stanford CS348K, Spring 2026

Casual, autoregressive video
To generate each new frame, run T diffusion steps 

At a given diffusion step t, when producing frame f, 
the model is conditioned on 
- The noisy tokens from frame f at step t+1 
- The “clean” (denoised) tokens from frames f-3, 

f-2, f-1 

- Lets look at the attention score matrix… 
- The tokens for frame f attend to all other tokens 

from frame f, and all tokens from prior frames

Frame f-3 Frame f-2 Frame f-1 Frame f
0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3
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3
2
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0
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Casual, autoregressive video
But in practice, the “keys” and “values” for the 
final denoised tokens for prior frames f-3, f-2, f-1 
were computed in the past. 

- So only have to project the four noisy tokens  

And we only need to compute scores for the 
bottom four rows of the matrix!

Frame f-3 Frame f-2 Frame f-1 Frame f
0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3
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Q_noisy, K_noisy, V_noisy = project(noisy_tokens)  # (4, d) 
Let V = [old 12 keys | V_noisy] 
Let K = [old 12 keys | K_noisy] 

S = Q_noisy @ K.T                                      # (4, 16)  
P = softmax(S, dim=-1)                         # (4, 16) 
output = P @ V                                            # (4, d)
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Summary of performance optimizations on last slide
We only had to project the noisy tokens from the current frame 
- Keys and values from tokens from prior frames are needed, but were cached from prior 

generations (“key-value cache”) 

We only computed rows of the score matrix for the tokens in the current frame 

We only computed the new tokens for the tokens in the current frame (multiplication of 
scores with value matrix)
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Execute diffusion in a compact latent space
In practice, systems to not directly turn pixels into tokens 

Learn a compact latent representation for video using a VAE (variational autoencoder), then perform 
diffusion on tokens represented in the latent representation 

Example: 
- Consider 1024 x 1024 x rgb video and 4x4 pixel tokens, and a 3-frame history. 
- That’s 4 x 1024 x 1024 / (4 x 4) = 262K tokens… a huge score matrix!!! 

A common latent structure decimates by 8x in X and Y, and 4x in time, and uses 16 latency channels, so a video 
is that 1024 x 1024 x 128 frames x RGB becomes a 128x128x32x16 tensor 
- That’s a 48x compression ratio 
- Now consider tokens that are 4x4x1 in latent space with a 1 token history (4-frames of history 

information): that’s 32x32x2 =2,048 tokens going into the transformer



DDPM diffusion solver must take many small steps 
- This stems from its formulation of denoising as predicting the mean and covariance of a gaussian 

distribution. (Gaussian approximation holds with small steps) 

Widely used alternative: flow matching objective: learn a model that given xt, predicts a velocity vector 
pointed towards x0 

- Generally allows for fewer steps to denoise since it heads “straight toward” clean tokens  

Even better: Learn to take a “huge step”, conditioned on both the noisy tokens and the clean prior frame 
tokens: 
- Called “consistency distillation” 
- Idea: denoising a frame is a easier when recent frames are known

Stanford CS348K, Spring 2026

Reducing the number of diffusion steps

x0,f = step(x1,f, x0,f-1, x0,f-2, x0,f-3)
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Other optimizations
Systems optimizations: efficient video generation papers also perform standard inference 
optimizations, such as: 
- Use of low-precision math 
- Efficient implementations of fused attention (e.g., FlashAttention) 

Also explorations into using recurrent models (see “state space models” instead of 
transformers to address the challenge of making history window longer) 
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Course Recap
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A few things to walk away with

Visual/spatial computing spans some of the most exciting applications of AI and CS today 
- Generative AI for images/videos/agents 
- Robotics / autonomous vehicles 
- New mediums of digital entertainment 

There’s a lot of type out there! Understanding the pros and cons of the technologies in this 
space will help you place good career bets and perform impactful work 
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How to keep up?
This space is moving fast! (It’s hard) 

Follow some of our guest speakers or the 
companies that they work for, since they are 
active participants? 

Take a look at conference proceedings like 
Kesen’s siggraph page or daily digests like 
HuggingFace’s “Daily Papers” by AK 

Try to find a project to help out with in a 
research lab at Stanford where we talk about 
these topics every day (graphics, vision, 
robotics) 
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A few things to walk away with

Ability to define problems explicitly (defining goals and constraints) is a very universal 
clear thinking skill 
- It helps illuminate how a system should be evaluated 
- If helps suggest a set of possible solutions 

Demand it from yourself, and your collaborators/coworkers/colleagues/teammates 

Give the speed at which our field is moving, we need folks to be demanding clear thinking 
more than ever!  
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Thanks!

Thanks for being a great class! 

Looking forward to seeing your projects on Tuesday!


