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Flow Matching (FM) is a recent framework for generative modeling that has achieved state-of-the-art
performance across various domains, including image, video, audio, speech, and biological structures.
This guide offers a comprehensive and self-contained review of FM, covering its mathematical foun-
dations, design choices, and extensions. By also providing a PyTorch package featuring relevant
examples (e.g., image and text generation), this work aims to serve as a resource for both novice and
experienced researchers interested in understanding, applying and further developing FM.
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(a) Data. (b) Path design. (c) Training. (d) Sampling.
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(c) Training.
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Code 1: Standalone Flow Matching code
flow_matching/examples/standalone_flow_matching.ipynb

import torch

from torch import nn, Tensor

import matplotlib.pyplot as plt

from sklearn.datasets import make_moons

class Flow(nn.Module):
def __init__(self, dim: int = 2, h: int = 64):

super() .__init__Q

self.net = nn.Sequential(
nn.Linear(dim + 1, h), nn.ELUQ),
nn.Linear¢Ch, h), nn.ELUQ,
nn.Linear¢h, h), nn.ELUQ,
nn.Linear¢Ch, dim))
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def forward(self, x_t: Tensor, t: Tensor) -> Tensor:
return self.net(torch.cat((t, x_t), -1))
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def step(self, x_t: Tensor, t_start: Tensor, t_end: Tensor) -> Tensor:
t_start = t_start.view(1, 1).expand(x_t.shape[0], 1)
# For simplicity, using midpoint ODE solver in this example
return x_t + (t_end - t_start) * self(x_t + self(x_t, t_start) * (t_end - t_start) / 2,
t_start + (t_end - t_start) / 2)
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# training

flow = Flow()

optimizer = torch.optim.Adam(flow.parameters(), 1e-2)
loss_fn = nn.MSELoss()

NONON NN
0 N o g s

for _ in range(10000):

Tensor (make_moons (256, noise=0.05)[0])
torch.randn_like(x_1)
torch.rand(len(x_1), 1)

\j_ | | * *
N 33 xt =1 -1t) x 0+t *x_1
/%L%E 34 dx_t = x_1 - x_0

35 optimizer.zero_grad()

36 loss_fn(flow(x_t, t), dx_t).backward()
37 optimizer.step()

N
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30 x_1
31 x_0
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class Flow(nn.Module):
def __init__(self, dim: int =
super() .__init__(Q)
self.net = nn.Sequential(
nn.Linear(dim + 1, h), nn.ELUQ),
nn.Linear(h, h), nn.ELUQ),
nn.Linear(h, h), nn.ELUQ,
nn.LinearCh, dim))

def forward(self, x_t: Tensor, t: Tensor) -> Tensor:
return self.net(torch.cat((t, x_t), -1))

2, h: int = 64):

28

Lo (0) = Ee,x0,x, [[uf (Xt) = (X1 — Xo) ||, where t ~ U[0,1], Xo ~ N(0,1), X1 ~q.

24 # training

25 flow = Flow()
26 optimizer
27 loss_fn = nn.MSELoss()

20 for _ in range(10000):

= torch.optim.Adam(flow.parameters(), 1e-2)

30 x_1 = Tensor(make_moons(256, noise=0.05)[0])
31 Xx_0 = torch.randn_like(x_1)
32 t = torch.rand(len(x_1), 1)
33 xt =(1-1t) *x0+t*x_1
34 dx_t = x_1 - x_0
35 optimizer.zero_grad()
3 loss_fn(flow(x_t, t), dx_t).backward()
37 optimizer.step ()\
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Compact Form (Analogous to Euler's X; ., = X; + hus(X})):

h
Xiyn = X¢+h-ug (Xt + 5 Us(Xt)>

18 def step(self, x_t: Tensor, t_start: Tensor, t_end: Tensor) -> Tensor:

19 t_start = t_start.view(1, 1).expand(x_t.shape[0], 1)

20 # For simplicity, using midpoint ODE solver in this example

21 return x_t + (t_end - t_start) * self(x_t + self(x_t, t_start) * (t_end - t_start) / 2,
22 t_start + (t_end - t_start) / 2)

20

21 solver = ODESolver(velocity_model=velocity_model)

22 num_steps = 100

23 X_1 = solver.sample(x_init=x_0, method="midpoint', step_size=1.0 / num_steps)



