
Text to Image models

Lecture 18

Slides from: Karsten Kreis Ruiqi Gao Arash Vahdat





[Kreis, Gao & Vahdat, CVPR22]



[Kreis, Gao & Vahdat, CVPR22]



[Kreis, Gao & Vahdat, CVPR22]





[Kreis, Gao & Vahdat, CVPR22]



[Kreis, Gao & Vahdat, CVPR22]



[Kreis, Gao & Vahdat, CVPR22]



[Kreis, Gao & Vahdat, CVPR22]



[Kreis, Gao & Vahdat, CVPR22]



DALL·E 2
Aditya Ramesh, Prafulla Dhariwal, 

Alex Nichol, Casey Chu, Mark Chen

https://arxiv.org/pdf/2204.06125.pdf



DALL·E 1 



“a propaganda poster depicting a cat dressed as French Emperor Napoleon holding 
a piece of cheese”
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Building blocks for DALL·E 2

1. CLIP
2. Diffusion
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CLIP (Radford et al., 2021)
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CLIP (Radford et al., 2021)
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CLIP (Radford et al., 2021)
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CLIP (Radford et al., 2021)
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Diffusion (Sohl-Dickstein et al., 2016; Ho et al., 2020)
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Diffusion (Sohl-Dickstein et al., 2016; Ho et al., 2020)
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Diffusion (Sohl-Dickstein et al., 2016; Ho et al., 2020)
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The unCLIP stack
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Generating an image from a caption

1. Encode the caption with the CLIP text encoder to get the 
text representation z_t
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Generating an image from a caption

1. Encode the caption with the CLIP text encoder to get the 
text representation z_t

2. Use the prior to sample a CLIP image representation z_i
given the caption and z_t Prior
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Generating an image from a caption

1. Encode the caption with the CLIP text encoder to get the 
text representation z_t

2. Use the prior to sample a CLIP image representation z_i
given the caption and z_t

3. Use the unCLIP diffusion model to generate an image 
given the caption and z_i

Prior

unCLIP
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Why do we need a prior?

Prior

unCLIP

unCLIP
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Training compute for unCLIP paper models

● CLIP model uses ViT-H/16 image encoder and 1024W / 24L text encoder.
● AR prior uses 1664W / 64L decoder with 2048W / 24L text encoder (~GPT-2 

scale)
○ Also try a diffusion prior

● Decoder: unCLIP diffusion model ~3.5B ADMNet (improved UNet). Generates 
at 64x64 resolution.

● Upsamplers use ADMNets without attention
○ 64→256 upsampler is ~700M params
○ 256→1024 upsampler is ~300M params

● More details given in Appendix C of paper.
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Dataset sizes for unCLIP paper models

● CLIP model is trained on a 50-50 mix of the datasets described in the CLIP and 
DALL-E 1 papers.

● All other models are trained on the DALL·E 1 dataset only.
● 650M {text,image text} pairs
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Why do we need a prior?

Only caption, no CLIP image 
embedding

Caption + substitute CLIP text 
embedding for image embedding

Caption + generate CLIP image 
embedding from prior
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Why use CLIP?

1. unCLIP decoder can inherit knowledge of the world and aesthetic styles from CLIP
2. Enables language-guided image manipulations to be applied to images
3. Better quality-diversity tradeoff than generating images from scratch
4. Allows us to invert CLIP representations to see what is happening when it makes “stupid mistakes”
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Bipartite latent representation

● We can encode a given image x into a bipartite 
representation (z_i, x_T), where z_i represents everything 
about the image that was recognized by CLIP, and x_T
encodes all of the residual variation.

● DDIM inversion is described in “Diffusion Models Beat 
GANs on Image Synthesis” (Dhariwal and Nichol 2021), 
Appendix F 

z_i x_T

Encode with CLIP 
image encoder

DDIM inversion
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Bipartite latent representation

● Given (z_i, x_T), the unCLIP decoder can almost perfectly 
reconstruct x.

● This bipartite representation enables three kinds of image 
manipulations.

z_i x_T

Encode with CLIP 
image encoder

DDIM inversion

Decode with unCLIP
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1. Variations: fix z_i and vary x_T

z_i x_T
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2. Interpolation

z_i

x_T

z_i

x_T
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3. Text Diffs

● CLIP learns a joint embedding space over images and text
● Can we manipulate images using word2vec-style arithmetic with caption embeddings?
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3. Text Diffs

● Encoded initial caption (e.g. “a photo of a cat”): z_t0
● Encoded final caption (e.g. “a photo of a super saiyan cat”): z_t1
● Text diff: z_d = (z_t1 - z_t0) /  ||z_t1 - z_t0||
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3. Text Diffs

z_i x_T

slerp(z_i, z_d, w) Typically, w is a value in [0.25, 0.50]
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3. Text Diffs
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Limitations
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Comparison of Generative Models
Method Key idea Pros Cons

Variational 
Autoencoders (VAE)

Encoder + Decoder, trained by 
max lower-bound on LLH

Easy 
inference/sampling 
LLH available 

Blurry samples

Generative 
Adversarial 
Networks (GAN)

Generator + Discriminator 
trained by adversarial game

High-quality 
generations

Unstable training; 
no direct LLH

Autoregressive 
Models  (e.g. NLM)

Factored representation of 
joint into product of per-
dimension conditionals

Simple; good LLH 
numbers

Inefficient sampling

Diffusion Models
(e.g. DALLE-2)

Sequence of incremental 
denoising operations

Current SOTA; 
simple

Inefficient sampling
Continuous data 
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ImageGen FID



Human Comparison
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