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Lecture 10:

Generative AI for Content Creation 
(Part III)
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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.)  
- Execute a complex edit that the user has in their head 
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Here: choosing the right representation is choosing 
controls that are most useful to an editing task

What is the type of control that aligns with the users thought process / mental model of editing? 
- 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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Discussion: 

Propose a type of edit that you would like to make to images 

How does the user “think” about what they are trying to change (are they worried about 
details, composition, a particular “axis” of change (e.g, adjust smile but not eyes) 

How could to generate supervision to train a model to support this type of control?
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Generating other forms of media: 
Videos, 3D meshes, animation, etc…
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Scarsity of data
Recall that text-to-image generation models were trained on billions of image-text pairs 
But datasets of paired video, 3D models, animation, etc. do not exist at this scale 
So most techniques for generating other forms of media start with models trained on 
images and (“lift”) them to other forms of media
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Video di"usion examples
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One example: text to video
Spatial blocks can be pretrained on large image datasets (visual visual representations) 
Temporal blocks trained on [smaller] video datasets

TxWxH

“Spatial block” 
(T independent frames 

of size WxH)

“Temporal block” 
Mixes information 

across T frames

TxWxH

Example from [Blattman et al. 2023]
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Dirty secret of modern ML: good dataset engineering
Given that video datasets are smaller, notable bene$t to careful curation of video data 
training sets 

Internet videos have cuts / crossfades

Long periods of still frames

Or screenshots/captions, 
where the screen is $lled with text

Also: use Visual Language models (VLM) 
or image captioning models to 

auto-caption the videos 

Image credit: Stability.AI
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Controlling video generation
New controls emerging rapidly 
- Object control 
- Camera control
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3D object di"usion
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Story so far…
Given paired C1 -> X2, train a di"usion model…

“Green lizard”

xi+1  xi + ✏rx log p(x) +
p
2✏ zi, i = 0, 1, · · · , T

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

(“score function”)

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

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

(Unguided score function) (Prompt guidance)

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

Modify image x to make the CONDITIONING a 
more likely related to the image
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But now we want conditioning → 3D model 
But we don’t have the datasets to learn the distribution of 3D models 
But we do know: 
- What the distribution of real images (what a realistic image is) 
- How to turn a 3D model into an image (rendering)
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Let’s represent 3D objects as volumes

�(p)

<latexit sha1_base64="pxcJWXi5tbrsuRnU3gqSlICpwzk=">AAAB+3icbVDLSsNAFL3xWesr1qWbwSLUTUmkosuiG5cV7AOaUCbTSTt0JgkzE7GE/oobF4q49Ufc+TdO2iy09cDA4Zx7uWdOkHCmtON8W2vrG5tb26Wd8u7e/sGhfVTpqDiVhLZJzGPZC7CinEW0rZnmtJdIikXAaTeY3OZ+95FKxeLoQU8T6gs8iljICNZGGtgVT7GRwDVPYD2WIktm5wO76tSdOdAqcQtShQKtgf3lDWOSChppwrFSfddJtJ9hqRnhdFb2UkUTTCZ4RPuGRlhQ5Wfz7DN0ZpQhCmNpXqTRXP29kWGh1FQEZjKPqJa9XPzP66c6vPYzFiWpphFZHApTjnSM8iLQkElKNJ8agolkJisiYywx0aausinBXf7yKulc1N1G/fK+UW3eFHWU4AROoQYuXEET7qAFbSDwBM/wCm/WzHqx3q2PxeiaVewcwx9Ynz8IZJRy</latexit>

Volume density and “color” at all points in space.

c(p,!) = c(x, y, z,�, ✓)

<latexit sha1_base64="j/5vIbUDxLPXyWQTYj4RaG/FI0g=">AAACE3icbVA9SwNBEN2LXzF+RS1tFoMQ5Qh3EtFGCNpYKhgVciHsbSbJkt27Y3dOjEf+g41/xcZCEVsbO/+Nm5jCrwcDj/dmmJkXJlIY9LwPJzc1PTM7l58vLCwuLa8UV9cuTJxqDnUey1hfhcyAFBHUUaCEq0QDU6GEy7B/PPIvr0EbEUfnOEigqVg3Eh3BGVqpVdzh5UAx7GmVJUM3iBV02fYhL9+4A/fWDZKecGmAPUC23SqWvIo3Bv1L/AkpkQlOW8X3oB3zVEGEXDJjGr6XYDNjGgWXMCwEqYGE8T7rQsPSiCkwzWz805BuWaVNO7G2FSEdq98nMqaMGajQdo7uN7+9kfif10ixc9DMRJSkCBH/WtRJJcWYjgKibaGBoxxYwrgW9lbKe0wzjjbGgg3B//3yX3KxW/Grlb2zaql2NIkjTzbIJikTn+yTGjkhp6ROOLkjD+SJPDv3zqPz4rx+teacycw6+QHn7RNGRZ0k</latexit>

The re#ectance o" surface 
at point p in direction ω
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Aside: rendering volumes

�(p)

<latexit sha1_base64="pxcJWXi5tbrsuRnU3gqSlICpwzk=">AAAB+3icbVDLSsNAFL3xWesr1qWbwSLUTUmkosuiG5cV7AOaUCbTSTt0JgkzE7GE/oobF4q49Ufc+TdO2iy09cDA4Zx7uWdOkHCmtON8W2vrG5tb26Wd8u7e/sGhfVTpqDiVhLZJzGPZC7CinEW0rZnmtJdIikXAaTeY3OZ+95FKxeLoQU8T6gs8iljICNZGGtgVT7GRwDVPYD2WIktm5wO76tSdOdAqcQtShQKtgf3lDWOSChppwrFSfddJtJ9hqRnhdFb2UkUTTCZ4RPuGRlhQ5Wfz7DN0ZpQhCmNpXqTRXP29kWGh1FQEZjKPqJa9XPzP66c6vPYzFiWpphFZHApTjnSM8iLQkElKNJ8agolkJisiYywx0aausinBXf7yKulc1N1G/fK+UW3eFHWU4AROoQYuXEET7qAFbSDwBM/wCm/WzHqx3q2PxeiaVewcwx9Ynz8IZJRy</latexit>

Volume density and color at all points in space.
c(p,!) = c(x, y, z,�, ✓)

<latexit sha1_base64="j/5vIbUDxLPXyWQTYj4RaG/FI0g=">AAACE3icbVA9SwNBEN2LXzF+RS1tFoMQ5Qh3EtFGCNpYKhgVciHsbSbJkt27Y3dOjEf+g41/xcZCEVsbO/+Nm5jCrwcDj/dmmJkXJlIY9LwPJzc1PTM7l58vLCwuLa8UV9cuTJxqDnUey1hfhcyAFBHUUaCEq0QDU6GEy7B/PPIvr0EbEUfnOEigqVg3Eh3BGVqpVdzh5UAx7GmVJUM3iBV02fYhL9+4A/fWDZKecGmAPUC23SqWvIo3Bv1L/AkpkQlOW8X3oB3zVEGEXDJjGr6XYDNjGgWXMCwEqYGE8T7rQsPSiCkwzWz805BuWaVNO7G2FSEdq98nMqaMGajQdo7uN7+9kfif10ixc9DMRJSkCBH/WtRJJcWYjgKibaGBoxxYwrgW9lbKe0wzjjbGgg3B//3yX3KxW/Grlb2zaql2NIkjTzbIJikTn+yTGjkhp6ROOLkjD+SJPDv3zqPz4rx+teacycw6+QHn7RNGRZ0k</latexit>

r(t) = o+ t!

<latexit sha1_base64="cMwn0bqImWG/ylQ/hlEPaBXI3M8=">AAACFnicbVDLSgMxFM3UV62vqks3wSJUxDIjFd0IRTcuK9gHtKVk0kwbmpkMyR2hDPMVbvwVNy4UcSvu/BszfYC2Hgice8695N7jhoJrsO1vK7O0vLK6ll3PbWxube/kd/fqWkaKshqVQqqmSzQTPGA14CBYM1SM+K5gDXd4k/qNB6Y0l8E9jELW8Uk/4B6nBIzUzZ+2fQID14tVUoRjfIVntUzwCYZZ1ZY+65Okmy/YJXsMvEicKSmgKard/Fe7J2nkswCoIFq3HDuETkwUcCpYkmtHmoWEDkmftQwNiM90Jx6fleAjo/SwJ5V5AeCx+nsiJr7WI981nemaet5Lxf+8VgTeZSfmQRgBC+jkIy8SGCROM8I9rhgFMTKEUMXNrpgOiCIUTJI5E4Izf/IiqZ+VnHLp/K5cqFxP48iiA3SIishBF6iCblEV1RBFj+gZvaI368l6sd6tj0lrxprO7KM/sD5/AM+bny4=</latexit>

Given “camera ray” from point o in direction w….

And volume with density and directional radiance.

Step through the volume to compute radiance along the ray.

r(t)
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Distilling a 3D generation model
The takeaway: we can make an image from a 3D representation (e.g., a volume) using a 
di"erentiable rendering function

x = R(✓)

<latexit sha1_base64="KF7NrHXBJVWEwzjFdgCQPxx4shc=">AAAB/3icbVDLSsNAFJ34rPUVFdy4GSxC3ZREKroRim5cVrEPaEKZTCft0MmDmRuxxC78FTcuFHHrb7jzb5y0WWjrgYHDOfdyzxwvFlyBZX0bC4tLyyurhbXi+sbm1ra5s9tUUSIpa9BIRLLtEcUED1kDOAjWjiUjgSdYyxteZX7rnknFo/AORjFzA9IPuc8pAS11zX0nIDCQQfowxhf4tuzAgAE57polq2JNgOeJnZMSylHvml9OL6JJwEKggijVsa0Y3JRI4FSwcdFJFIsJHZI+62gakoApN53kH+MjrfSwH0n9QsAT9fdGSgKlRoGnJ7O0atbLxP+8TgL+uZvyME6AhXR6yE8EhghnZeAel4yCGGlCqOQ6K6YDIgkFXVlRl2DPfnmeNE8qdrVyelMt1S7zOgroAB2iMrLRGaqha1RHDUTRI3pGr+jNeDJejHfjYzq6YOQ7e+gPjM8fBnWVdg==</latexit>

And, with a image di"usion model, we can push that image closer to the distribution of 
real images

1. Start with a guide image (a target) 
2. Add “small” amount of noise 
3. Iteratively denoise to produce sample from target 

image distribution
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Distilling a 3D generation model
The takeaway: we can make an image from a 3D representation (e.g., a volume) using a 
di"erentiable rendering function

x = R(✓)

<latexit sha1_base64="KF7NrHXBJVWEwzjFdgCQPxx4shc=">AAAB/3icbVDLSsNAFJ34rPUVFdy4GSxC3ZREKroRim5cVrEPaEKZTCft0MmDmRuxxC78FTcuFHHrb7jzb5y0WWjrgYHDOfdyzxwvFlyBZX0bC4tLyyurhbXi+sbm1ra5s9tUUSIpa9BIRLLtEcUED1kDOAjWjiUjgSdYyxteZX7rnknFo/AORjFzA9IPuc8pAS11zX0nIDCQQfowxhf4tuzAgAE57polq2JNgOeJnZMSylHvml9OL6JJwEKggijVsa0Y3JRI4FSwcdFJFIsJHZI+62gakoApN53kH+MjrfSwH0n9QsAT9fdGSgKlRoGnJ7O0atbLxP+8TgL+uZvyME6AhXR6yE8EhghnZeAel4yCGGlCqOQ6K6YDIgkFXVlRl2DPfnmeNE8qdrVyelMt1S7zOgroAB2iMrLRGaqha1RHDUTRI3pGr+jNeDJejHfjYzq6YOQ7e+gPjM8fBnWVdg==</latexit>

And, with a text-conditioned image di"usion model, we can push image closer to the distribution of 
real images associated with a given prompt. That di"usion denoting step produces…

�x

<latexit sha1_base64="k46EJ89+07d97Z8pYf4fCSGtOVw=">AAAB+nicbVDLSsNAFJ3UV62vVJduBovgqiRS0WVRFy4r2Ae0oUymk3boTBJmbtQS+yluXCji1i9x5984abPQ1gMDh3Pu5Z45fiy4Bsf5tgorq2vrG8XN0tb2zu6eXd5v6ShRlDVpJCLV8YlmgoesCRwE68SKEekL1vbHV5nfvmdK8yi8g0nMPEmGIQ84JWCkvl3uXTMBBPckgZGS6eO0b1ecqjMDXiZuTiooR6Nvf/UGEU0kC4EKonXXdWLwUqKAU8GmpV6iWUzomAxZ19CQSKa9dBZ9io+NMsBBpMwLAc/U3xspkVpPpG8ms4R60cvE/7xuAsGFl/IwToCFdH4oSASGCGc94AFXjIKYGEKo4iYrpiOiCAXTVsmU4C5+eZm0TqturXp2W6vUL/M6iugQHaET5KJzVEc3qIGaiKIH9Ixe0Zv1ZL1Y79bHfLRg5TsH6A+szx9gZJQY</latexit>

Now, given                    (recall R() was di"erentiable), optimize the parameters      of the 3D 
representation to produce… 

x +�x

<latexit sha1_base64="ii7V5GTDuNVyePXFpTBv9tfUQuw=">AAACB3icbVDLSsNAFJ3UV62vqEtBBosgCCWRii6LunBZwT6gCWUynbRDZyZhZiKW0J0bf8WNC0Xc+gvu/BsnbUBtPXDhcM693HtPEDOqtON8WYWFxaXlleJqaW19Y3PL3t5pqiiRmDRwxCLZDpAijArS0FQz0o4lQTxgpBUMLzO/dUekopG41aOY+Bz1BQ0pRtpIXXvf40gPJE/vx/AYeleEaQR/tK5ddirOBHCeuDkpgxz1rv3p9SKccCI0ZkipjuvE2k+R1BQzMi55iSIxwkPUJx1DBeJE+enkjzE8NEoPhpE0JTScqL8nUsSVGvHAdGYXqlkvE//zOokOz/2UijjRRODpojBhUEcwCwX2qCRYs5EhCEtqboV4gCTC2kRXMiG4sy/Pk+ZJxa1WTm+q5dpFHkcR7IEDcARccAZq4BrUQQNg8ACewAt4tR6tZ+vNep+2Fqx8Zhf8gfXxDegAmVo=</latexit>

rR(✓)

<latexit sha1_base64="tx/Tn0NFtadbHgLxuHiCJ/mFgcE=">AAAB+XicbVDLSgNBEJz1GeNr1aOXwSDES9iViB6DXjxGMQ9IQuidTJIhs7PLTG8gLPkTLx4U8eqfePNvnCR70MSChqKqm+6uIJbCoOd9O2vrG5tb27md/O7e/sGhe3RcN1GiGa+xSEa6GYDhUiheQ4GSN2PNIQwkbwSju5nfGHNtRKSecBLzTggDJfqCAVqp67ptBYEE+lhs45AjXHTdglfy5qCrxM9IgWSodt2vdi9iScgVMgnGtHwvxk4KGgWTfJpvJ4bHwEYw4C1LFYTcdNL55VN6bpUe7UfalkI6V39PpBAaMwkD2xkCDs2yNxP/81oJ9m86qVBxglyxxaJ+IilGdBYD7QnNGcqJJcC0sLdSNgQNDG1YeRuCv/zyKqlflvxy6eqhXKjcZnHkyCk5I0Xik2tSIfekSmqEkTF5Jq/kzUmdF+fd+Vi0rjnZzAn5A+fzB2z7kuI=</latexit>

✓

<latexit sha1_base64="jeMNMzS8PsU1FWkR24iA8gyofpY=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSuqh6terlfa1Sv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/po+PMA==</latexit>

In other words, we’ve converted the score function of a text-conditioned image di"usion model 
into a training procedure for a text-conditioned 3D di"usion model
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Image-conditioned 3D di"usion
Now let’s say we want to condition 3D generation based on an image, not text: 
How about a simpler image editing problem: given a reference image X, and camera change 
parameters (rotation, translation), produce a novel view of the object in the image

Input: Output: Input: Output:
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Take a (pretty big) dataset of objects, $ne tune image 
di"usion model on pairs

(X,R,T)

Input (conditioning)

Rendered from 
viewpoint 2

Rendered from 
viewpoint 1

Output
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Now let’s apply the same distillation trick
We can now train an image conditioned 3D generation model using a similar process as 
described before in lecture
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Animation di"usion
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Text-conditioned animation generation
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Audio-conditioned dance generation


