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Example: Diffusion Models
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information is corrupted Encode original sequence z* = £(x1), ...

[0 [

2. Train to identify and remove one
step of noise
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3. Sample by generating pure noise and
denoising
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Example: Flow Matching

Easier to train, use continuous normalizing
flows, motivated by diffusion models
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method from Davtyan et al. [1]

* Step forward
Main Ideas

following learned
vector field
v.(z|z" 71, z6, T — ¢) .
* Condition generation on random
previous frames to reduce
computation while still capturing
relevant information from past
frames
* Start with noisy previous frame as
a good guess for next frame
Work in the smaller-scale latent
space of an autoencoder to reduce
costs
Generate many samples and
compare to quantify uncertainty

Explicit conditioning is
* Computationally expensive

* Highly demanding in memor
S 5 y Implement changes to base model

and tune hyperparameters
Experiment with larger and more
complicated scientific data

* Add uncertainty quantification by
sampling many times

Explore alternate probability paths

Acknowledgements

This material is based upon work
supported by the U.S. Department ot
Energy, Office of Science, Office of
Advanced Scientific Computing Research,
Department of Energy Computational

Science Graduate Fellowship under Award
Number DE-5C0024386.

Solver

LD\
mclm.

T+1 T+2

Decode z! for

xT =~ D(z])

1. Consider distribution transtorming
from time O to 1
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2. Train to learn flow from one
distribution to another
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3. Sample from initial distribution and
propagate the learned flow o
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Add predicted x* to original sequence and

repeat process to generate x4, x"*% .
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