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Many exciting opportunities, but also many issues with 
emerging class of generative AI technologies

Quality/diversity of output images  
Performance (cost of training and cost of image generation) 
User control and creative work!ow 
Ethics / social aspects
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Suppose you are given a data of images xi
You’ll like to draw a sample according to the underlying data distribution p(x)
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Di"usion-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

<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>

Forward di"usion: iteratively add noise
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Di"usion-based image synthesis

x0
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x1
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xT

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

xT�1
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Reverse: iteratively remove noise 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 di"usion
Assume we know                             for random variables x and y. 
- 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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Controlling the output of di"usion models
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img2img (enabling image-based guidance)
1. Start with a guide image (a target) 
2. Add “small” amount of noise 
3. Iteratively denoise to produce sample from p(x)

“Guide toward a visual target”
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Inpainting (apply [new] prompt to a region)
User speci#es mask for 
region of interest and 
text prompt for that 
region. 

Image outside of region 
remains almost the 
same.
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Use change in text prompt to trigger change in image
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“Masks” come from learned attention
Use attention masks from original generation process to constrain what pixels can 
change after prompt is edited
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Using text to describe how to change the image
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Ginger

Bento box

Edamame

Rice

Sushi

Leveraging layer information to control composition
Prompt + a rgba per layer

Key idea: layer-based edited is a tried and true 
way to manipulate an image’s composition.  
- User manipulates layers 
-Model receives per-layer information, and 

leverages this information to generate a 
globally harmonious image
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Leveraging layer information to control composition
“A bento box with 
rice, 
edamame, 
ginger, and 
sushi.”

Ginger

Bento box

Edamame

Rice

Sushi
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Leveraging layer information to control composition
“A bento box with 
rice, 
edamame, 
ginger, and 
sushi.”



Stanford CS348K, Spring 2024

ControlNet: compositional control via images
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Loose control

Key idea: user does not want to (or may 
not have capability to) speci#c visual 
controls precisely.  Just have the user 
“block out” the basic shape of the scene.
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Sketch-to-image Tight control (ControlNet) Looser control (Blended Renoising)
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Partial-sketch to image

Creating "partial-sketch” training data Partial Sketch ControlNet 
(Trained on full sketches)

ControlNet 
(Trained on partial sketch data)



Stanford CS348K, Spring 2024

Specialization to a concept
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Specialization to a concept
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Reminder: key aspect in the design of any system 
Choosing the “right” representations for the job

Good representations are productive to use: 
- Embody a “preferred” way of thinking about a problem 

Good representations enable the system to provide useful services: 
- Validating/providing certain guarantees (correctness, resource bounds, conversion of quantities, 

type checking) 
- Performance optimizations (parallelization, vectorization, use of specialized hardware) 
- Implementations of common, di$cult-to-implement functionality  (complex array indexing code, 

texture mapping in 3D graphics, auto-di"erentiation, etc.) 
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Key takeaways
What is the type of control that aligns with the users thought process / mental model 
- Text is often an ambiguous, imprecise, or !at out ine$cient way to describe visual 

intent 

Examples: 
- Users want to control spatial composition  

- “Dog on the left” vs. dragging a layer to the right location 
- Users want to “block out” an idea, and have the di"usion model “#ll in the details”, 

“correct proportions”, “harmonize the image” 
- Users want to express intent via an example: “I want it to look LIKE THIS!”
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Key takeaways
What is the type of control that aligns with the users thought process / mental model 
- Text is often an ambiguous, imprecise, or !at out ine$cient way to describe visual 

intent 

Much active research on teaching a model to follow a speci#c intent 
- One key strategy: dataset engineering to create pairs (control input, expected output) 

- Image analysis used to create the “control input” part of the pair: depth image, 
partial sketch, etc.
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Next time
Visual design tools are often most useful if they provide immediate / interactive feedback 
E$ciency and performance matter!


