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Data samples Scores New samples
{x1, %, xn} X p(x) so(x) ~ Vyxlogp(x)
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* Flow Matching for Generative Modeling
 Building Normalizing Flows with Stochastic Interpolants

* [terative -alpha (de)Blending: Learning a Deterministic Mapping
Between Arbitrary Densities

 Action Matching: A Variational Method for Learning Stochastic
Dynamics from Samples
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 Cifar-1 Oéﬁ xR Method NFE(]) IS} FID () Recall (1)
ODE One-Step Generation (Euler solver, N=1)
1-Rectified Flow (+Distill) 1 1.13(9.08) 378 (6.18) 0.0 (0.45)
2-Rectified Flow (+Distill) 1 8.08 (9.01) 12.21 (4.85) 0.34(0.50)
3-Rectified Flow (+Distill) 1 8.47(8.79) 8.15(5.21) 0.41(0.51)
VP ODE [ 73] (+Distill) 1 1.20 (8.73) 451 (16.23) 0.0 (0.29)
sub-VP ODE [ 73] (+Distill) 1 1.21 (8.80) 451 (14.32) 0.0 (0.35)
ODE Full Simulation (Runge—Kutta (RK45), Adaptive N )
1-Rectified Flow 127 9.60 2.58 0.57
2-Rectified Flow 110 9.24 3.36 0.54
3-Rectified Flow 104 9.01 3.96 0.53
VP ODE [73] 140 9.37 3.93 0.51
sub-VP ODE [ 73] 146 9.46 3.16 0.53
SDE Full Simulation (Euler solver, N=2000)

VP SDE [73] 2000 9,35 233 0.58

sub-VP SDE [73] 2000 9.56 2.61 0.58




(A) LSUN Church (B) CelebA HQ (C) LSUN Bedroom (D) AFHQ Cat

30
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