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plan for today

diffusion (we start here)

probability flow ODE  (arguably most influential paper in 
generative modeling in the last 5 years)

distilling pf-ode for fast sampling

consistency models

flow matching

stochastic interpolants (an unifying framework)

flow maps (where things are headed)



diffusion models

Gradually add normal noise to data
Reverse the diffusion process (generative models)

Learn the score function

Denoising Diffusion Probabilistic Models,  Ho et al., 2020
Score-Based Generative Modeling through Stochastic Differential Equations, Song et al., 2021



probability flow ode (pf-ode)
Every SDE has an associated probability flow ODE, 
which yields deterministic processes that sample 
from the same distribution as the SDE at each 
timestep. 

Score-Based Generative Modeling through Stochastic Differential Equations, Song et al., 2021
Elucidating the Design Space of Diffusion-Based Generative Models, Karras et al., 2023 

Derivation: SDE → Fokker–Planck → rewrite diffusion via score 
(∇log p) → match continuity equation → get ODE with drift 
correction (−½ g² ∇log p)

pf-ode





probability mass ~= fluid

this is literally called a *flow* 

ODE is the velocity field 
that moves this fluid



The PFODE converts the learned score into a velocity field dx/dt, shown as arrows guiding 
movement at each point.

An ODE solver follows these directions over time, producing the trajectories in the figure that 
map noise to data.





progressive distillation (pf-ode application)

Student model trained to 
do in 1 step what teacher 
achieves in 2 steps

Applied recursively to 
drastically reduce the 
number of steps required

Progressive Distillation for Fast Sampling of Diffusion Models, Salimans & Ho, 2022



progressive distillation (pf-ode application)
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Progressive Distillation for Fast Sampling of Diffusion Models, Salimans & Ho, 2022



properties of pf-ode

1. invertibility:  mapping from noise → data is one-to-one, unique 
trajectory (no randomness)

2. exact likelihood: process is deterministic, exact data likelihoods 
(useful for evaluation)

3. distillation: a student model can learn to match multi-step 
trajectories in fewer steps (faster generation)

4. Trajectory curvature: probability flow follows curved paths. a single 
linear step deviates from the true trajectory → leads to large errors in 
one-step generation



consistency models

Diffusion models takes 100s of function evaluation during sampling

Distill a teacher diffusion model to a few-step student model via 
endpoint consistency.

Consistency models are trained to 
map points on any trajectory of the 
PF ODE to the trajectoryʼs origin.

Consistency Models, Song et al., 2023



consistency distillation and training

In training, approximate the same pairs 
by perturbing data with noise and 
enforce consistency directly, without a 
teacher

Sample two nearby times t, t+Δt on the 
same PFODE trajectory and train the 
model to output identical predictions for 
both points

In distillation, generate these paired 
states using a pretrained diffusion/score 
model (teacher) and match the studentʼs 
outputs across them

Consistency Models, Song et al., 2023



Consistency Models, Song et al., 2023



Consistency Trajectory Models: Learning Probability Flow ODE Trajectory of Diffusion, Kim et al., 2023



story so far

● Diffusion learns to reverse noise → 
data via many small steps

● PFODE turns this into a 
deterministic flow (velocity field)

● Distillation + consistency reduce 
steps → few-step generation

● But still rely on predefined 
trajectories / teacher models



Can we instead directly 
learn the vector field 
that defines these 
trajectories?



flow matching Learn a velocity field that 
transports samples 
between distributions 
without relying on 
precomputed trajectories.

Just sample a pair (x₀, x₁), pick a time t, 
and train the model to predict the 
direction from xt toward x

₁

Flow Matching for Generative Modeling, Lipman et al., 2022



generation as a 
continuous 
transport



Flow Matching for Generative Modeling, Lipman et al., 2022



flow matching inference in 
few-step has a problem
One-Step Diffusion via Shortcut Models, Frans et al., 2024



shortcut models

Shortcut models enable end-to-end training with 
step-size and implicit teacher-student distillation.

One-Step Diffusion via Shortcut Models, Frans et al., 2024



shortcut models



few-step generation is REALLLLL!!!!

One-Step Diffusion via Shortcut Models, Frans et al., 2024



stochastic interpolants (an unifying framework)

Given two arbitrary distributions  ρ₀  
and  ρ₁, how do we build a 
smooth path between them?

ρ₀  can be anything — not just 
Gaussian noise.

The choice of path determines everything:
the ODE, the training loss, the model family.

Construct a random process  xₜ  
that:

•starts at  x₀ ~ ρ₀  at  t = 0

•ends at  x₁ ~ ρ₁  at  t = 1

•varies smoothly in between

•can optionally add noise along the path

xₜ  =  αₜ x₁  +  βₜ x₀  +  
σₜ z

Flow Matching, DDPM are all special cases — same framework, different path.

Stochastic interpolants: A unifying framework for flows and diffusions, Albergo et al., 2025



stochastic interpolants (an unifying framework)

xₜ  =  αₜ x₁  +  βₜ x₀  +  σₜ z
z ~ N(0,I)   ·   α₁ = β₀ = 1   ·   α₀ = β₁ = σ₀ = σ₁ = 0   (boundary conditions)

method αₜ βₜ σₜ source  ρ₀ key property

Flow matching t 1 − t 0 any straight paths, no noise

DDPM / VPSDE √ᾱₜ 0 √1−ᾱₜ N0,I) fixed Gaussian source only

Schrödinger bridge t 1 − t t(1−t) any entropy-regularized OT

Different choices of  (αₜ, βₜ, σₜ)  recover all known methods as special cases

Stochastic interpolants: A unifying framework for flows and diffusions, Albergo et al., 2025



If the path is chosen as linear interpolation, 
stochastic interpolants generalizes flow-matching!

Stochastic interpolants: A unifying framework for flows and diffusions, Albergo et al., 2025
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Both objectives are simulation-free and require no pretrained 

model — this is what makes the framework practical.
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Both objectives are simulation-free and require no pretrained 

model — this is what makes the framework practical.



SiT Exploring Flow and Diffusion-based Generative Models with Scalable Interpolant Transformers, Ma et al., 2024



story so far





flow maps (finally we reached here :)

The flow map  F*(s,t)  is the solution operator of the PF-ODE that comes from the interpolant:

F*(s, t)(xₜ)  =  xₜ   ←   follow the PF-ODE from time s to time t (jump condition)

Given a starting point  xs at time s, this ODE has a unique solution at every later (or 
earlier) time t. You just follow the velocity field forward or backward.

Probability flow-ode: 

The flow map is simply the name for that 
solution:

How to Build a Consistency Model: Learning Flow Maps via Self-Distillation, Boffi et al., 2025



flow maps visualization

How to Build a Consistency Model: Learning Flow Maps via Self-Distillation, Boffi et al., 2025



flow maps semigroup condition (self supervised 
learning)

How to Build a Consistency Model: Learning Flow Maps via Self-Distillation, Boffi et al., 2025



flow maps for few-step generation 

How to Build a Consistency Model: Learning Flow Maps via Self-Distillation, Boffi et al., 2025



Flow maps unify diffusion, 
flow matching, and 
consistency models.
Direct, few-step generation 
by learning the full transport 
between noise and data.


