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Outline

• Papers to cover (all from OpenAI)
• CLIP: Learning Transferable Visual Models From Natural Language Supervision 

(ICML 2021)
• DALL-E: Zero-Shot Text-to-Image GeneraNon (ICML 2021)
• Guided diffusion: Diffusion Models Beat GANs on Image Synthesis (NeurIPS 2021)
• GLIDE: Towards PhotorealisNc Image GeneraNon and EdiNng with Text-Guided 

Diffusion Models (ICML 2022)
• DALL-E 2 (unCLIP): Hierarchical Text-CondiNonal Image GeneraNon with CLIP 

Latents

• Disco diffusion
• Live demo



My personal opinions

• Research-wise
• Paper novelty is less significant
• Paper insight is not deep
• Paper wriNng can be improved

• Engineering-wise
• Many implementaNon tricks

• For large-scale training
• For model performance

• Huge amount of computaNonal resources
• Business-wise
• Very big social impact



Outline

• CLIP: Learning Transferable Visual Models From Natural Language 
Supervision
• DALL-E: Zero-Shot Text-to-Image GeneraNon 
• Guided diffusion: Diffusion Models Beat GANs on Image Synthesis 
• GLIDE: Towards PhotorealisNc Image GeneraNon and EdiNng with Text-

Guided Diffusion Models
• DALL-E 2 (unCLIP): Hierarchical Text-CondiNonal Image GeneraNon with 

CLIP Latents



CLIP: Learning Transferable Visual Models 
From Natural Language Supervision
• CLIP = contrasNve learning between images and text
• Main contribuNon: 400 million (image, text) pairs



Contrastive learning and zero-shot prediction
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DALL-E: Zero-Shot Text-to-Image GeneraJon

• How to combine text information and image information?
• DALL-E = discrete VAE (VQ-VAE) + Transformer



VQ-VAE: Vector-QuanJzed VAE
5HODWHG�:RUN���94�9$(

Also see Shichang Zhang’s slides for a paper reading group in Spring 2020
https://drive.google.com/file/d/1jA6um5ILlr13IdrW5MP36MyTpsIZ-GUP/view



Learning visual codebook with dVAE

• Discrete Variational Autoencoder (dVAE)
• Similar to VQ-VAE but uses distributions instead of nearest neighbors
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NOT the ICLR 2017 paper “DISCRETE VARIATIONAL AUTOENCODERS” by Jason Tyler Rolfe



dVAE encoding and decoding6WDJH�2QH��/HDUQLQJ�WKH�9LVXDO�&RGHERRN
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Learning prior distribuJon

• Transformer for generating image tokens autoregressively

6WDJH�7ZR��/HDUQLQJ�3ULRU�'LVWULEXWLRQ

Ɣ 7UDQVIRUPHU
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Guided diffusion: Diffusion Models Beat GANs 
on Image Synthesis
• Guided diffusion = Diffusion model + Learnable variance + Classifier guidance

Fréchet incep,on distance (FID). Fréchet distance is equivalent to Wasserstein-2 distance. The smaller the be@er. 



DDPM: Denoising Diffusion Probabilistic Models

“Train the reverse process mean funcYon approximator to 
predict µ , or by modifying its parameterizaYon, predict 𝝐”

Sampling



Guided diffusion

+ Learnable variance 
+ Classifier guidance

DDPM



Classifier guidance

• Move image towards the direcNon that maximizes the label probability
• The scaling factor

Sharpen to
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GLIDE: Towards Photorealistic Image Generation 
and Editing with Text-Guided Diffusion Models
• How to combine text informaNon and image informaNon?
• GLIDE = Diffusion model + Classifier-free guidance



CondiJonal diffusion model

• Encode condiNon when doing mean(error) sampling

Regular diffusion

(DDPM)

CondiYon on label y

(with classifier guidance)

Condition on caption c

(with CLIP guidance)

CondiYon on label y or 
capYon c

(with classifier-free guidance)



Guidance for Text-to-image generation

• Classifier-free guidance outperforms CLIP guidance
• Advantage of classifier-free guidance
• Doesn’t rely on the knowledge of a separate classificaNon model
• Works for both class labels and more complicated condiNon (capNon)



GLIDE for image inpainJng

• Diffusion model inpainNng can be performed by sampling from the 
diffusion model as usual, but replacing the known region of the image 
with a sample from q(xt|x0) a^er each sampling step 



Limitations

• Generate unusual scenarios is hard
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DALL-E 2: Hierarchical Text-Conditional Image 
Generation with CLIP Latents (unCLIP)
• DALL-E 2 = Diffusion model + CLIP embeddings



unCLIP

• A decoder that produces images condiNoned on CLIP image 
embeddings (and opNonally text capNons)
• A prior that produces CLIP image embeddings condiNoned on capNons



Reminder: CLIP



Decoder

• A conditioned diffusion model
• Two diffusion upsampler
• Modify the U-Net architecture to upsample/downsample

Ho et al., “Cascaded Diffusion Models for High Fidelity Image Generation”, 2021. 



Prior

• Generate image embeddings from Gaussian noise and 
• CondiNon on text capNon
• OpNonally, condiNon on CLIP text embeddings as well



Different inputs to the decoder

• Why not condiNon on capNons or CLIP text embeddings?
• Performance is not good Caption only

CapYon + CLIP 
text embedding

Caption + CLIP 
image embedding



InterpolaJon

• Interpolate image embeddings (for testing the decoder only)



InterpolaJon

• Interpolate text embeddings



LimitaJons

• Bind two separate objects (cubes) to two separate attributes (colors)
• Produce coherent text

“A red cube on top of a blue cube”

“A sign that says deep learning”



Summary

• CLIP = contrastive learning between images and text
• DALL-E = discrete VAE (VQ-VAE) + Transformer
• Guided diffusion = Diffusion model + Learnable variance + Classifier 

guidance
• GLIDE = Diffusion model + Classifier-free guidance
• DALL-E 2 = Diffusion model + CLIP embeddings



Disco Diffusion

• Quick Start on using AI to render images using Disco Diffusion
• h\ps://www.youtube.com/watch?v=wIw59kAU6u8
• An introducNon for beginners, the only requirement is a Google drive.

• Demo
• h\ps://colab.research.google.com/github/alembics/disco-

diffusion/blob/main/Disco_Diffusion.ipynb
• or simply google search disco diffusion

https://www.youtube.com/watch?v=wIw59kAU6u8
https://colab.research.google.com/github/alembics/disco-diffusion/blob/main/Disco_Diffusion.ipynb


Importance factors for image generaJon

• Model: domain specific is better
• Prompt, image size, diffusion steps, etc

Example online
Example by me

“A beauYful painYng of a singular lighthouse, shining its light across a tumultuous 
sea of blood by Greg Rutkowski and Thomas Kinkade, Trending on artstaYon.”



Disco Diffusion example

• Prompt: “A portrait of the smartest mathemaNcian”
• Diffusion generaNon:

~8 mins to generate a 600 X 600 image using a 250-step diffusion sampling on a single Tesla T4



Disco Diffusion example

• Observations:
• Style: black-white, sketch
• Features: glasses, beard, geometric shapes, formulas, etc.


