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Generative Modeling as Transport

Generative modeling
Given a data distribution pdata on Rd, learn how to sample from it starting from a simple
reference distribution pnoise:

x0 ∼ pnoise =⇒ xT ∼ pdata.

Transport viewpoint: A generative model can be seen as a mechanism transporting pnoise

into pdata: pnoise
dynamics (ODE/SDE)−−−−−−−−−−−−−−−−−−−−−−−−→ pdata.

pnoise pdata

[Credits: G. Peyré]

ODE → Flow matching

dxt = ut(xt)dt

deterministic transport / flows
∂tpt(xt) +∇ · (pt(xt)ut(xt)) = 0

SDE → Bridge matching

dxt = ft(xt)dt+ σdwt

stochastic transport / diffusions
∂tpt(xt) = −∇ · (ft(xt)pt(xt)) +

1
2
σ2∆pt(xt)
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A Primer on Optimal Transport

Static optimal transport
Given two distributions pnoise, pdata ∈ P(Rd), OT looks for an optimal coupling:

W 2
2 (pnoise, pdata) = inf

π∈Π(pnoise,pdata)

∫
Rd×Rd

∥x1 − x0∥2dπ(x0, x1).

[Credits: G. Peyré]

π = pnoise ⊗ pdata independent coupling

• any noise paired with any data
• Crossed paths and inefficient

transport

π = πOT optimal coupling

• nearby noise paired with nearby data
• straight paths, efficient transport
• easier to integrate

Learning a generative model means learning an approximate transport dynamics from
pnoise to pdata.

3



A Primer on Optimal Transport

Static optimal transport
Given two distributions pnoise, pdata ∈ P(Rd), OT looks for an optimal coupling:

W 2
2 (pnoise, pdata) = inf

π∈Π(pnoise,pdata)

∫
Rd×Rd

∥x1 − x0∥2dπ(x0, x1).

π = pnoise ⊗ pdata independent coupling

• any noise paired with any data
• Crossed paths and inefficient

transport

π = πOT optimal coupling

• nearby noise paired with nearby data
• straight paths, efficient transport
• easier to integrate

Learning a generative model means learning an approximate transport dynamics from
pnoise to pdata.

3



Dynamic Optimal Transport

From couplings to paths
The dynamic OT problem seeks the velocity field of minimal kinetic energy:

W 2
2 (pnoise, pdata) = inf

(pt,ut)

∫ 1

0

∫
Rd

∥ut(x)∥2dpt(x)dt,

subject to ∂tpt +∇ · (ptut) = 0, pt=0 = pnoise, pt=1 = pdata.

Flow matching
Learn ODE dynamic dxt = ut(xt)dt, i.e. ∂tpt +∇ · (ptut) = 0. Regress on

LFM (θ) := Et∼U(0,1)
x∼pt(x)

[
∥vθ(t, x)− ut(x)∥2

]
Problem: it is difficult to sample from pt.
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Dynamic Optimal Transport

From couplings to paths
The dynamic OT problem seeks the velocity field of minimal kinetic energy:

W 2
2 (pnoise, pdata) = inf

(pt,ut)

∫ 1

0

∫
Rd

∥ut(x)∥2dpt(x)dt,

subject to ∂tpt +∇ · (ptut) = 0, pt=0 = pnoise, pt=1 = pdata.

Conditional flow matching [Tong et al., TMLR 2024]
Learn ODE dynamic dxt = ut(xt)dt, i.e. ∂tpt +∇ · (ptut) = 0.

Conditional probabilities are easier to sample: condition on starting and arriving points
x0, x1 of the path.

LCFM (θ) := E t∼U(0,1)
(x0,x1)∼π

x|(x0,x1)∼pt(x|x0,x1)

[
∥vθ(t, x)− ut(x | x0, x1)∥2

]
Theorem: It is equivalent to minimize LFM 4



OT-Conditional Flow Matching

Which path?

• Conditional distribution: (x0, x1) ∼ π, with x0 ∼ pnoise, x1 ∼ pdata.
• Conditional interpolation:

xt = (1− t)x0 + tx1, ut(xt | x0, x1) = x1 − x0.

pnoise pdata

[Credits: G. Peyré]

OT-CFM: choose π = πOT

OT coupling ⇒ straighter paths ⇒ fewer neural function evaluations (NFE) at inference.

[Credits: Tong et al.]
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OT-CFM: Simulation-Free Training

Dynamic OT: W 2
2 (p0, p1) = inf (pt,ut)

∂tpt+∇·(ptut)=0
pt=0=pnoise,pt=1=pdata

∫ 1

0

∫
Rd ∥ut(x)∥2dpt(x)dt

Choosing πOT and linear interpolants recovers the dynamic OT solution.

Algorithm

• Sample (x0, x1) ∼ πOT (minibatch OT coupling)
• Sample t ∼ Uniform[0, 1], compute xt = (1− t)x0 + tx1

• Gradient step on
∥∥vθ(xt, t)− (x1 − x0)

∥∥2
Inference: integrate dxt = vθ(xt, t) dt from 0 to 1

6



OT-CFM in Practice

Minibatch OT coupling
Exact OT between all samples is too expensive. Instead, at each SGD step:

{xi
0}Bi=1 ∼ pnoise, {xj

1}Bj=1 ∼ pdata.

Solve a discrete OT problem inside the batch:

πB ∈ argmin
π∈Π(p̂B

noise,p̂
B
data)

∑
i,j

πij ∥xj
1 − xi

0∥2.

Then sample pairs (x0, x1) ∼ πB .
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From Deterministic to Stochastic: Adding Entropy

Entropic optimal transport (static)

OTσ(p0, p1) := inf
π

{∫
∥x1 − x0∥2dπ+

σ2KL(π | p0 ⊗ p1)
}
.

Schrödinger Bridge (dynamic)

pSB0:T = argmin
p: pt=0=pnoise, pt=T=pdata

KL(p0:T | q0:T ),

where q0:T is a reference diffusion, e.g.
dxt = σdwt.

Key connection
The Schrödinger Bridge is the solution to the dynamic entropic OT problem. As σ → 0, it

reduces to classical OT (and to OT-CFM).

DSBM [Shi et al., NeurIPS 2023]: learn the SB between pnoise and pdata numerically
Recovers OT-CFM in the limit σ → 0, learning entropy-regularised stochastic transports.
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Iterative Markovian Fitting (IMF)

Markovian process (p0:T ∈ M)
Fully described by forward or backward
drift:

dxt = bt(xt)dt+ σdwt.

⇒ Drift bt can be learned by a NN.

Reciprocal process (p0:T ∈ R(q0:T ))
Conditioned on its endpoints, has the
same bridge distributions as q0:T :
p|0,T = q|0,T .

⇒ Pins marginals pnoise, pdata at every
step.

pSB0:T is the unique process that is both Markovian and reciprocal. IMF alternates between
the two projections to approach it:

IMF — Iterative Markovian Fitting [Shi et al., NeurIPS 2023 · Peluchetti, JMLR 2023]

p2n+1
0:T = projM(p2n0:T ) learn a drift — supervised regression

p2n+2
0:T = projR(q0:T )(p

2n+1
0:T ) pin endpoints — sample bridges from q0:T

Endpoint marginals pnoise, pdata are preserved at every iterate. 9



Diffusion Schrödinger Bridge Matching

IMF in theory [Gentiloni Silveri et al., NeurIPS, 2025]

Under log-concavity, for pSB
0:T the optimal bridge and p

(n)
0:T the IMF iterates:

KL
(
p
(n)
0:T | pSB

0:T

)
≤ γn KL

(
p
(0)
0:T | pSB

0:T

)
, 0 < γ < 1.

⇒ IMF converges exponentially fast.

DSBM: computing projM in practice [Shi et al.]
Learn forward and backward drifts alternately:

dxt = b+t (xt)dt+ σdwt, dxt = b−t (xt)dt+ σdw̄t,

by minimising LDSBM(θ) = E
[
∥bθ(xt, t)− b⋆t (xt)∥2

]
.
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Diffusion Schrödinger Bridge Matching

DSBM: computing projM in practice [Shi et al.]
Learn forward and backward drifts alternately:

dxt = b+t (xt)dt+ σdwt, dxt = b−t (xt)dt+ σdw̄t,

by minimising LDSBM(θ) = E
[
∥bθ(xt, t)− b⋆t (xt)∥2

]
.

Algorithm (outer loop)

1. Sample (x0, x1) ∼ p
(n)
0,T ; deduce reference bridge q|0,T (reciprocal step)

2. Learn b+θ and b−θ by regressing LDSBM (Markov step)

3. Simulate SDE with bθ → new coupling p
(n+1)
0:T ; repeat
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Results

From Shi et al. DSBM paper,

Datasets: moons scurve 8gaussians moons-8gaussians

DSBM-IMF+ 0.123± 0.014 0.130± 0.025 0.276± 0.030 0.802± 0.172

OT-CFM 0.111± 0.005 0.102± 0.013 0.253± 0.040 0.716± 0.187

Table 1: 2D experiments - 2-Wasserstein distance (lower is better)

Image generation (MNIST): DSBM-IMF
achieves FID (Fréchet inception distance)
≈ 10 at 250k steps, outperforming OT-CFM
(FID ≈ 20)
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Conclusion

OT-CFM [Tong et al.]

dxt = ut(xt)dt

• (Dynamic) OT used to provide straight
paths between pnoise and pdata

• Simulation-free; fewer NFE at
inference

• Best W2 on all 2D benchmarks

DSBM [Shi et al.]

dxt = f(xt)dt+ σdwt

• (Entropic) OT used to learn optimal
stochastic dynamic from pnoise to pdata

• Retrieve OT-CFM for σ → 0

• Better performances on real-world
datasets (stochasticity helps)

[Credits: Alvarez-Melis, Fusi]

Thank you for your attention!

[Credits: Shi et al.]
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