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CONFIDENTIAL

Multimodal AI getting Ubiquitous

Physical Intelligence  𝜋0 Gemini 2.0 Multimodal Agent OpenAI Sora, text-2-video model

http://www.youtube.com/watch?v=dxwmp-fXe7Y


Any-to-any Generative Pretraining 

MM Models

A single simple model for all modalities, that can perceive, 
process, and produce both discrete and continuous elements.



The problem: no unified model

SotA text generation model SotA image generation model
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The problem: no unified model

SotA text generation model SotA image generation model

Tokenization: discrete tokens
Loss: cross-entropy loss
Architecture: causal transformer

Tokenization: continuous vector
Loss: diffusion/flow loss
Architecture: bidirectional transformer
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● How to train a single model to generate SOTA text and image?

● How does transfusion perform on text and image generation?

● Does transfusion generalize to new modality combinations?



How to train a single model to generate SOTA text and image?



SotA text generation model SotA image generation model

Tokenization: discrete tokens
Loss: cross-entropy loss
Architecture: causal transformer

Tokenization: continuous vector
Loss: diffusion/flow loss
Architecture: bidirectional transformer

Problem: no unified model



Transfusion: best of both worlds

SotA text generation model SotA image generation model

Tokenization: discrete tokens
Loss: cross-entropy loss
Architecture: causal transformer

Tokenization: continuous vector
Loss: diffusion/flow loss
Architecture: bidirectional transformer



Transfusion:

SotA text generation model SotA image generation model

Tokenization: discrete tokens
Loss: cross-entropy loss
Architecture: causal transformer

Tokenization: continuous vector
Loss: diffusion/flow loss
Architecture: bidirectional transformer

Data is any arbitrary sequence of interleaved text and images



Next-token prediction loss Diffusion loss Next-token prediction loss

Transfusion:
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Tokenization: discrete tokens
Loss: cross-entropy loss
Architecture: causal transformer
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Transfusion:

SotA text generation model SotA image generation model

Tokenization: discrete tokens
Loss: cross-entropy loss
Architecture: causal transformer

Tokenization: continuous vector
Loss: diffusion/flow loss
Architecture: bidirectional transformer

Transfusion uses global causal and 
image bidirectional attention. 

Dramatically improves image 
generation, and is critical for scaling 
up.



Transfusion inference



Transfusion inference



Transfusion inference



Transfusion inference
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Transfusion inference

Transfusion can generates arbitrary image-text sequences, enjoy 
other LM properties, such as KV caching, and in-context learning 



How does transfusion perform on text and image generation?



We pretrain transfusion on mixed-modality data, and compare with 
Chameleon (quantized image tokens) with controlled tokenizer, 
data, and model parameters.

Many model sizes:
163m, 373m, 760m, 1.4b, 7.1b

Experiment setups



5 X 33 X

Result 2: Transfusion vs Chameleon

3 X



5 X 33 X
3 X

1.6 X 2 X 2 X

Transfusion scales significantly better than Chameleon in every 
combination of modalities.

Result 2: Transfusion vs Chameleon



Result 2: scale up model 



Result 2: scale up model 



Result 2: scale up model 







Does transfusion generalize to new modality combinations?



Generalization text case: image editing 

Pretraining:
Text -> text
Text -> image 
Image -> text

Finetuning:
Image + text -> image



Generalization text case: image editing 

8K examples.
Seamlessly edit images.

Pretraining:
Text -> text
Text -> image 
Image -> text

Finetuning:
Image + text -> image



Conclusion



● How to train a single model to generate SOTA text and image?
➢ Transfusion: predict the next token and diffuse images in one model.

● How does transfusion perform on text and image generation?
➢ Scales much better than quantized image tokens.
➢ Generates high-quality images, competitive with similar-scale diffusion 

models, while maintaining zero regret on text generation capabilities.

● Does transfusion generalize to new modality combinations?
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● How to train a single model to generate SOTA text and image?
➢ Transfusion: predict the next token and diffuse images in one model.

● How does transfusion perform on text and image generation?
➢ Scales much better than quantized image tokens.
➢ Generates high-quality images, competitive with similar-scale diffusion 

models, while maintaining zero regret on text generation capabilities.

● Does transfusion generalize to new modality combinations?
➢ Transfusion seamlessly works with any combination of discrete and 

continuous modalities, such as image editing.

Conclusion 



Next-token prediction loss Diffusion loss Next-token prediction loss

Questions? 

@liliyu_lili



Transfusion vs Chameleon on text performance

Deep dive into text performance



Significant improvement on image 
generation and understanding

Modal Arch: modality-specific 
encoding+decoding

U-net adds fixed parameters, 
becoming insignificant when 
transformer grows



Modal Arch: compress tokens on the fly

Each image is presented as much fewer patches with bigger patch size



LLama Acc (↑) CIDEr (↑) CLIP (↑) FID (↓)

LLama Acc (↑) CIDEr (↑) CLIP (↑) FID (↓)

U-Net

Linear

 Transfusion models with U-net can compress each image to just 16 patches. 

Modal Arch: compress tokens on the fly



Modal Arch: customized attention mask

Customized attention mask provide big improvement, particularly for Linear encoder/decoder

Linear

U-Net

LLama Acc (↑) CIDEr (↑) CLIP (↑) FID (↓)


