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Diffusion: stochastic reverse paths
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Flow Matching: learn the velocity field vg(x, t)
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Flow Matching: deterministic ODE paths

Lorm(0) = Et gy 2, |va(xe, t) — (1 — 0|

HA& R RUERIESEE XM ?

HIRAEAIRFE L&

#

HEERE S MBGLIE
ET %, SIRENIZXEFE

R BTN B B i -
“EEE| B RLX N EHER, X R R N
IZAE Tz (FU 2R )

2



Rl e i

noise pr= N(0}/)

AV

W ~E

0.0 0.2

Diffusion: stochastic reverse paths. Flow Matching: deterministic ODE paths
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Prerequisite: Flow Matching
B #5: MBRFS B 204
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Prerequisite: Flow Matching
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Prerequisite: Flow Matching
B #5: MBRFS B 204
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Prerequisite: Flow Matching
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Prerequisite: Flow Matching
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Consistency Models
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Vision Banana is a generalist vision model in
both visual generation and understanding,
surpassing or rivaling specialist models.

Text-to-Image

Retains general image Generated images follow specific visualization schemes that can be decoded
generation capabilities. back to vision outputs for quantitative evaluation on standard benchmarks.
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Creating noise from data is easy; creating data from noise is generative
modeling. We present a stochastic differential equation (SDE) that smoothly
° transforms a complex data distribution to a known prior distribution by slowly

injecting noise, and a corresponding reverse-time SDE that transforms the

<:> prior distribution back into the data distribution by slowly removing the noise.
Crucially, the reverse-time SDE depends only on the time-dependent
gradient field (\aka, score) of the perturbed data distribution. By leveraging
advances in score-based generative modeling .....
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Creating noise from data is easy;  creating data from noise is generative modeling.
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