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Assignments for This Coming Week

HW3 released, due 3/17

Midterm exam next Thursday 3/19. Midterm review next Tuesday 3/17.

Project mentors released. Try to meet as often as you can. Meet with me today.
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Today’s lecture

Text-to-image generation1

2 Introduction to generative models

3 GMMs and VAEs
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Lecture outline
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It’s just a privilege to 

watch your mind at work.

Multimodal 
representation

Part 1: Multimodal foundation model representations of text, video, audio



Multimodal Transformers
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It’s just a privilege to 

watch your mind at work.

[Liang et al., Multimodal Language Analysis with Recurrent Multistage Fusion. EMNLP 2018]

[Tsai et al., Multimodal Transformer for Unaligned Multimodal Language Sequences. ACL 2019]
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Lecture outline
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It’s just a privilege to 

watch your mind at work.

Multimodal 
representation

This person is being sarcastic.
They seem to be close friends.

Part 2: Adapting large language models for multimodal text generation



Adapting Large Language Models
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Mini-GPT4

Stage 1: Alignment using 

paired image-text data.

Stage 2: Instruction tuning 

using image + text instructions 

and example completions.

[Zhu et al., MiniGPT-4: Enhancing Vision-language Understanding with Advanced Large Language Models. 2023]



Lecture outline
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It’s just a privilege to 

watch your mind at work.

Multimodal 
representation

Part 3: Enabling text and image generation 

This person is being sarcastic.
They seem to be close friends.

(quote previous episodes)
(highlight multimodal information)

+

1. Text-to-image retrieval
2. Text-to-image generation



Grounding LMs for Image Retrieval
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LIMBeR + CLIP. Trainable in 1 day on 1 GPU

Interleaved images and text CLIP, with a frozen LLM

[Koh et al., Grounding Language Models to Images for Multimodal Inputs and Outputs. ICML 2023]



Grounding LMs for Image Retrieval
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[Koh et al., Grounding Language Models to Images for Multimodal Inputs and Outputs. ICML 2023]



Grounding LMs for Multimodal Generation
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Adapter layer

(part 2)

Large multimodal models with image generation

[Koh et al., Generating Images with Multimodal Language Models. NeurIPS 2023]



Grounding LMs for Multimodal Generation
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Large multimodal models with image generation

Adapter layer

Generation model

[Koh et al., Generating Images with Multimodal Language Models. NeurIPS 2023]



Grounding LMs for Multimodal Generation
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Text to Image Generation

14

An astronaut riding a horse in 
the style of Andy Warhol.

A bowl of soup that is a portal to 
another dimension as digital art

[Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents. arXiv 2022]



Text to Image Generation
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An armchair in the shape of an avocado

[DALL-E. Ramesh et al., Zero-Shot Text-to-Image Generation. ICML 2021]

[see also, Esser et al. Taming Transformers for High Resolution Image Synthesis. CVPR 2021]



From Text to Multimodal Generation
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[Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents. arXiv 2022]

An armchair in 

the shape of an 

avocado.

Text

encoder

CLIP

encoder

Diffusion 

model

Autoregressive model2

CLIP encoder1

3 Generation

CLIP image

embedding

Directly training diffusion models with conditional information
Conditional latent variables are pretrained CLIP embeddings, then diffusion model to generate image.



From Text to Multimodal Generation

17

List of digits, [0… 8192]

Each digit is a “visual token”

Image

encoder

Image

decoder

[98] [3] [990]

Image

encoder

Image

decoder

[46] [390] [6]

[Ramesh et al., Zero-Shot Text-to-Image Generation. ICML 2021] and https://ml.berkeley.edu/blog/posts/vq-vae/

(1) Using a discrete variational autoencoder to learn discrete visual tokens



From Text to Multimodal Generation
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An armchair in the shape of an avocado. [56]

An armchair in the shape of an avocado. [56] [73]

An armchair in the shape of an avocado. [56] [73] [67]

and so on…

[Ramesh et al., Zero-Shot Text-to-Image Generation. ICML 2021] and https://ml.berkeley.edu/blog/posts/vq-vae/

(2) Autoregressive generation of discrete visual tokens



From Text to Multimodal Generation

19

[Rombach et al., High-Resolution Image Synthesis with Latent Diffusion Models. CVPR 2022]

Nowadays: replacing the VAE with a diffusion model



Crash Course on Modern Generative Models
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Learn to model p(x) where x = text, images, videos, multimodal data (by maximizing likelihood)

- Given x, evaluate p(x) - realistic data should have high p(x) and vice versa

- Sample new x according to p(x) - sample realistic looking images

- Unsupervised representation learning - we should be able to learn what these images have in 

common, e.g., ears, tail, etc. (features)



Crash Course on Modern Generative Models
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Sometimes we also care about p(x|c) - conditional generation

- c is a category (e.g. faces, outdoor scenes) from which we want to generate images

We might also care about p(x2|x1,c) - style transfer

- c is a stylistic change e.g. negative to positive



Latent Variable Generative Models
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- Lots of variability in images x due to gender, eye color, hair color, pose, etc.

- However, unless images are annotated, these factors of variation are not explicitly 

available (latent).

- Idea: explicitly model these factors using latent variables z



Latent Variable Generative Models
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- Only shaded variables x are observed in the data

- Latent variables z are unobserved - correspond to high-level features

- We want z to represent useful features e.g. hair color, pose, etc.

- But very difficult to specify these conditionals by hand and they’re unobserved

- Let’s learn them instead



Mixture of Gaussians
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Mixture of Gaussians (Bayes network z -> x)

Generative process

1. Pick a mixture component by sampling z

2. Generate a data point by sampling from that Gaussian



Mixture of Gaussians
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Mixture of Gaussians
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Combining simple models into more expressive ones

can solve using expectation maximization

Expectation: use mean and variance to estimate p(z=k)

Maximization: use estimate p(z=k) to update mean and variance



From GMMs to VAEs
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- Put a prior on z 

- Hope that after training, z will correspond to meaningful latent factors of variation - useful 

features for unsupervised representation learning

- Given a new image x, features can be extracted via p(z|x)

- Given a random z, a new x can be generated => controllable if z is interpretable

- Even though p(x|z) is simple, marginal p(x) is much richer/complex/flexible



Learning Parameters of VAEs
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- Learning parameters of VAE: we have a joint distribution 𝑝(𝐗, 𝐙; 𝜃)

- We have a dataset D where for each datapoint the x variables are observed (e.g. images, text) 

and the variables z are not observed (latent variables)

- We can try maximum likelihood estimation:

intractable :-(

- if z binary with 30 dimensions, need 

sum 2^30 terms

- if z continuous, integral is impossible

Need cheaper approximations to 

optimize for VAE parameters



Variational Inference
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- Variational inference: optimize variational parameters so that             

is as close as possible to            while being simple to compute          

- E.g. in figure, posterior (in blue) is better approximated by orange 

Gaussian than green

[Slides from Ermon and Grover]



Learning Parameters of VAEs
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encoder

decoder

re-parameterize

reconstruction

x -> z -> x

prior over z,

standard Gaussian

x z

Inference/encoder

Generative/decoder

Prior on z:



Learning Parameters of VAEs
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encoder

decoder

re-parameterize

reconstruction

x -> z -> x

prior over z,

standard Gaussian

Prior on z:



Variational Autoencoders
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Key ideas:

1. Encoder decoder structure.

2. Simple latent variable z.

3. Complex p(x|z) decoder via 

neural networks.

4. Reconstruction objective.

5. Prior over latent variable z:

         -- smoother latent space permits sampling
         -- disentangles different dimensions of z



Lecture Summary

Text-to-image generation1

2 Introduction to generative models

3 GMMs and VAEs

33



Assignments for This Coming Week

HW3 released, due 3/17

Midterm exam next Thursday 3/19. Midterm review next Tuesday 3/17.

Project mentors released. Try to meet as often as you can. Meet with me today.
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