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Code and models



Diffusion models & Flow Matching models

Motivation

Stable Diffusion 3 Movie Gen



Starting from Gaussian noise vs. from correlated distribution

Motivation

‘A bird made of 
cheese, sitting 

on a plate’

Path learned by conventional 
T2I flow models

Path learned by our CrossFlow

Gaussian noise

Text latent



Mapping between two similar intra-modal distributions (e.g., face to face)

Related Work

Rectified Flow

Denoising Diffusion Bridge Models

Generalized Schrödinger Bridge Matching



Learning a direct mapping between modalities with flow matching

CrossFlow



Key: encoding the source modality data into a regularized distribution

- Variational Encoder

Method

Fresh ripe 
cherries on a 

wooden board

Text
Variational

Encoder

LLM
CLIP, T5, 

Llama3, etc.

Image 
VAE

Decoder

h x w x c

Transformer
(No cross attention)

N Sampling Steps (Flow Matching)

h x w x c

n x d
(77*768 for CLIP)
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Classifier-free guidance

- Standard CFG can only be applied to methods with additional conditioning input c

- CFG with an indicator 

Method

‘a cat playing chess’

Indicator 1c= 1

‘a cat playing chess’

Indicator 1c= 0



Results

Text-to-image generation



Results

Text-to-image generation



Results

Linear interpolation in latent space (z0)



Results

Arithmetic operations in latent space (z0)



Results

Arithmetic operations in latent space (z0)

Table 8. Success rate of arithmetic operation on 
1,000 prompts from COCO-val.



Results

CrossFlow for various tasks (without task specific architectures)

Image captioning Depth estimation Image super-resolution



Thank you


