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Discussion of Design for AutoDiff
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Procedural modeling as a sequence of moves
Grammar’s rules describe allowable moves 
A sequence of moves turns a starting geometry object into another one 
Example: tree builder 
- Geometric objects = { branch(length, angle), leaf(radius) } 
- Rules = { modifyParams of existing, addLeaf, removeLeaf, splitBranch, removeBranch, addAnywhere} 
- Constraints = { branch can’t rotate too much, leaf r radius must with within a certain size, etc… }
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Optimization to fit a target
Example, make me a structure that looks like “this image”, fills this region, etc.

So we need to find a sequence of moves (and associated set of parameter 
values) that yields a structure that best approximates the goal.  
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Evaluating a technical idea
What is the claimed idea? 

What is the proposed solution? 
- What are the best known alternatives to the proproposed solution? 

In the evaluation: 
- What are questions a reasonable person might ask about the claimed idea to 

determine if it is in fact a good one? 
- What are the experiments to perform to answer those questions?
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Evaluating a technical idea
In the evaluation: 

- What are questions a reasonable person might ask about the claimed idea to determine if it is in fact a good one? 

- What are the experiments to perform to answer those questions? 

Possible questions: 

- Do I believe the results are “good” … meet stated goals, or meet the reader’s assessment of what the goals 
should be 

- If the results are “good”, is the stated idea responsible for the good results? (Or did they arise because of 
something else) 

- Could the authors have obtained the good results (or perhaps even better results) using a well-known alternative 
method? 

- What are the “limits” of this idea: Under what other conditions should I expect to also receive good results? (Or 
conversely, under what other conditions would I expect to receive bad results?) 
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A significant fraction of your project grade will be: 

1. How thoughtfully (i.e. specifically) did the students define their problem to solve 

2. How thoughtfully did the students evaluate their idea or technical implementation

(This is different from what many of you are used to.)
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Micro-intro to diffusion-based generation 
(Prep for next time)



Stanford CS348K, Spring 2026

Let’s look at some examples…
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Suppose you are given a dataset of images xi
You’ll like to draw a sample according to the underlying data distribution p(x)
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Diffusion-based image synthesis
Iterative Markov-chain Monte-carlo (MCMC) process to generate a sample x (an image) from distribution p(x) of observed images

q(xt|xt�1) = N (xt;
p

1� �txt�1,�tI)

<latexit sha1_base64="jPuo8t52ok8D7l0rrtQG+i+tc5I="></latexit>

x0
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xT
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xT�1
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Forward diffusion: iteratively add noise
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Diffusion-based image synthesis

x0
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xT
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xT�1
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Reverse: iteratively remove noise from random sample to obtain image from p(x)
xi+1  xi + ✏rx log p(x) +

p
2✏ zi, i = 0, 1, · · · , T

<latexit sha1_base64="t5jXtSnOGVWih60Pi3kssanzn7o="></latexit>

N (0, 1)

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

(“score function”)
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Guided diffusion
Assume we know                             for random variables x and y (e.g., a classifier) 
- Example: x is an image, y is a string describing the image  
- Given an image (x), infer a caption (y)                          

rx log p(x | y) = rx log p(x) +rx log p(y | x)

<latexit sha1_base64="25J++TSBKj+KIYbUdyabBjgTB+E="></latexit>

p(y | x)

<latexit sha1_base64="cM292zHThk9/r/MiKS66+WCmii0=">AAACBnicbVDLSsNAFJ3UV62vqEsRBotQNyWRii6LblxWsA9oQplMJu3QmSTMTMQQunLjr7hxoYhbv8Gdf+OkjaCtBwbOnHMv997jxYxKZVlfRmlpeWV1rbxe2djc2t4xd/c6MkoEJm0csUj0PCQJoyFpK6oY6cWCIO4x0vXGV7nfvSNC0ii8VWlMXI6GIQ0oRkpLA/MwrjkcqZEXZOkEOpz68Od/PzkZmFWrbk0BF4ldkCoo0BqYn44f4YSTUGGGpOzbVqzcDAlFMSOTipNIEiM8RkPS1zREnEg3m54xgcda8WEQCf1CBafq744McSlT7unKfEU57+Xif14/UcGFm9EwThQJ8WxQkDCoIphnAn0qCFYs1QRhQfWuEI+QQFjp5Co6BHv+5EXSOa3bjfrZTaPavCziKIMDcARqwAbnoAmuQQu0AQYP4Am8gFfj0Xg23oz3WWnJKHr2wR8YH98d4Zjp</latexit>

p(x | y) = p(x)p(y | x)/
Z

p(x)p(y | x)dx

<latexit sha1_base64="zmKgSurhN4EweRfI1PpO4jCC3Vs="></latexit>

(Bayes Rule)

Bayes for score function

(Unguided score function) (Prompt guidance)

Modify image x so that image is more likely 
[to come from the training set]

Modify image x to make the prompt a 
more likely description of the image
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Conditioned generation

Condition xt

xt+1

Model

“cat”
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Performance/efficiency optimizations
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A basic U-NET architecture

conditioning

Classic U-Net for image segmentation 
(Basic blocks are convolutional layers) U-Net used in modern diffusion models 

(Basic blocks are transformer modules with cross-attention layers)
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Attention module
Let

Let

Let

For a row x:

Where 

Is softmax over the rows of S

softmax(x) =
f(x)

l(x)

<latexit sha1_base64="+wmuBBvssuMbwzdDZSHrUsKFzXw=">AAACKXicbVDLSgMxFM3UV62vqks3wSLUTZmRim6EohuXFewDOkPJpJk2NPMguSMtw/yOG3/FjYKibv0R03YWfXggcHLOvdx7jxsJrsA0v43c2vrG5lZ+u7Czu7d/UDw8aqowlpQ1aChC2XaJYoIHrAEcBGtHkhHfFazlDu8mfuuJScXD4BHGEXN80g+4xykBLXWLNRvYCBIVeuCTUVq2fQID10tG6Tm+wbYnCU28eTVNxMK3WyyZFXMKvEqsjJRQhnq3+G73Qhr7LAAqiFIdy4zASYgETgVLC3asWETokPRZR9OA+Ew5yfTSFJ9ppYe9UOoXAJ6q8x0J8ZUa+66unOyolr2J+J/XicG7dhIeRDGwgM4GebHAEOJJbLjHJaMgxpoQKrneFdMB0emADregQ7CWT14lzYuKVa1cPlRLtdssjjw6QaeojCx0hWroHtVRA1H0jF7RB/o0Xow348v4mZXmjKznGC3A+P0D0h+oMg==</latexit>

Where:

f(x) =
⇥
ex1�m(x) ex1�m(x) ... exB�m(x)

⇤

<latexit sha1_base64="preScDvAorey8naJe0v0WMLs12c="></latexit>

m(x) = max
i

(xi)

<latexit sha1_base64="h+c1dSttRApaT/0GBRt7pcylVto=">AAACEHicbVC7TsMwFHV4lvIKMLJYVIh2qRJUBAtSBQtjkehDaqPIcZ3Wqp1EtoNaRfkEFn6FhQGEWBnZ+BucNkNpOZKl43Pu1b33eBGjUlnWj7Gyura+sVnYKm7v7O7tmweHLRnGApMmDlkoOh6ShNGANBVVjHQiQRD3GGl7o9vMbz8SIWkYPKhJRByOBgH1KUZKS655xss9jtTQ85NxWoHXUP/GbkJTOKe7tOKaJatqTQGXiZ2TEsjRcM3vXj/EMSeBwgxJ2bWtSDkJEopiRtJiL5YkQniEBqSraYA4kU4yPSiFp1rpQz8U+gUKTtX5jgRxKSfc05XZknLRy8T/vG6s/CsnoUEUKxLg2SA/ZlCFMEsH9qkgWLGJJggLqneFeIgEwkpnWNQh2IsnL5PWedWuVS/ua6X6TR5HARyDE1AGNrgEdXAHGqAJMHgCL+ANvBvPxqvxYXzOSleMvOcI/IHx9QvvUpyL</latexit>

l(x) =
X

i

f(x)i =
X

i

exi�m(x)

<latexit sha1_base64="rVFgEPETnCZ8jdSXDd70HZToZIg=">AAACPXicbZBLS8NAFIUn9VXrK+rSzWAR6sKSSEU3QtGNywp9QVvDZDpph84kYWYilpA/5sb/4M6dGxeKuHXrpC0YWy8MHM53L3PvcUNGpbKsFyO3tLyyupZfL2xsbm3vmLt7TRlEApMGDlgg2i6ShFGfNBRVjLRDQRB3GWm5o+uUt+6JkDTw62ockh5HA596FCOlLcess1KXIzV0vfghOYaXsCsj7sQ0gV4WODSLyF38yzQ6gTzbnDhm0Spbk4KLwp6JIphVzTGfu/0AR5z4CjMkZce2QtWLkVAUM5IUupEkIcIjNCAdLX3EiezFk+sTeKSdPvQCoZ+v4MTNTsSISznmru5Md5TzLDX/Y51IeRe9mPphpIiPpx95EYMqgGmUsE8FwYqNtUBYUL0rxEMkEFY68IIOwZ4/eVE0T8t2pXx2WylWr2Zx5MEBOAQlYINzUAU3oAYaAINH8ArewYfxZLwZn8bXtDVnzGb2wZ8yvn8Auguu+Q==</latexit>
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Performance challenges of inference
Diffusion is an iterative process: 
- Requires many steps to convergence

Ways to improve inference efficiency 
Diffuse in low-dimensional (latent) space 
Superresolution techniques 
Learn to take bigger steps
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Superresolution
Use diffusion to produce a low-resolution image 
Then subsequent models perform neural superresolution

Cascade of diffusion models

Bicubic upsampling vs. two forms of learned upsampling
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Perform diffusion in lower-dimensional latent space
Main idea: perform diffusion in the lower dimensional latent space of images, not in 
high-dimensional RGB pixel space 
After diffusing a latent representation, “decode” latent to final image

“Encoder” “Decoder”

If this latent representation is compact, then it is a 
compressed representation of the input image 

Figure credit: https://medium.com/@birla.deepak26/autoencoders-series-daad78df9350
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Perform diffusion in latent space
Implications to both training efficiency and inference efficiency

Latent representation too compressed 
(cannot represent data well)

Per-pixel representations, can represent data 
well, but require significant training to 
learn good models

“Sweet spot”: learns good model + trains quickly
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Learn to take larger steps
Given a diffusion model, learn a new (second) diffusion model that reproduces multiple steps of the 
diffusion process 
This is a form of “model distillation”: training a “student” model to emulate the output of a teacher. 
Here, the teacher’s output is multiple steps of the diffusion process
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Learn to take larger steps


