
Flow Matching



The Philosophy Behind Flow Matching
• noise: x0 ~ p0  ### usually gaussian noise  

target: x1 ~ p1 ### whatever target we define; in this case, let's say different kitty pictures
• We believe that certain types of pictures have certain corresponding patterns, from which 

we can recognize them as "kitty" pictures rather than puppy pictures. These patterns can 
be represented, clustered, and learned in a high-dimensional space.

• We also believe that, "to generate kitty pictures" is equal to learning the target distribution 
p1, or learning the high-dimensional structure behind all those kitty pictures.

• Here is the interesting part: we could try to directly learn the target distribution p1. But in 
flow matching, we would rather learn how to move samples from gaussian noise x0 ~ p0 to 
the target distribution x1 ~ p1.

• The reason is that we have countless gaussian noise samples. Once we learn the map/
function/velocity/flow field from noise to data, we can generate as many pictures as we 
want. It is also because we have to start from SOMETHING rather than from a "NONE".

• btw, standard gaussian noise is not just meaningless "nothing". It is a simple, well-
defined, and easy-to-sample distribution. So don't be misled by the word "noise" in its 
name.



The Philosophy Behind Flow Matching
• We should be able to imagine a pile of points x0 flowing to another pile of points 

x1. More precisely, we want the whole distribution p0 to flow into the target 
distribution p1.

• When training, we pick a point from noise x0 and a point from data x1, then 
construct a path between them. Along this path, we train the model to predict the 
velocity that moves x0 toward x1. This is the basic meaning of the FM loss.

• A simple example is:
x_t = (1- t)*x0 + t*x1

• The corresponding velocity is:
velocity = x1 - x0

• So the model learns:
v(t, x_t) ≈ x1 - x0



The Philosophy Behind Flow Matching
Instinctively, let's imagine what the ideal flow would look like.  ### disagreement/divergence is 
allowed here

• 1. The target distribution p1 must be accurate and expressive enough, so that newly 
generated points can flow to the region that really belongs to the kitty distribution. In 
other words, “kitty be kitty”. To achieve this, the latent / data space must be informative enough.

• 2. One point from x0 should flow to its target smoothly, and its neighbours should also 
flow to nearby targets with similar velocity vectors. To achieve this, we may need a better 
way to pair x0 and x1, instead of using totally random pairings.

• 3. The velocity field should be locally continuous. In other words, stability. If two points are 
close to each other in space and time, their velocities should not suddenly become completely 
different, unless the data structure really requires that.

• 4. The path should be short, in a sense. Shorter or straighter paths are usually easier to 
integrate and may require fewer sampling steps.

• 5. Conflicting paths should be avoided. More precisely, if different training paths pass 
through similar regions but give very different velocity directions, the model may learn an 
averaged velocity. This can make the final flow curved, inefficient, or unstable.

• 6. Fewer steps are better.





Preliminaries: CNF



Method
• Target:                                                 regresses ut with a neural 

network vt
• However，ut is intractable:

• We shift the perspective from points along the path to x0 and x1.
• Conditional Path: 
• Conditional Velocity: 

• The authors prove that



What’s the problems now?
• Only meet #1 and #4



Rectified Flow



Rectified Flow: flow straight and fast



Rectified Flow : reflow
Step 1: Random Pairing (1-RF)
Train an initial model by randomly pairing noise x0 with real 
data x1, which results in tangled and highly curved generation 
trajectories.
Step 2: Deterministic Simulation
Use this initial model to simulate the full forward process, 
generating a specific synthetic target z1 uniquely driven by 
the starting noise z0.
Step 3: Causal Re-pairing
Form a new training dataset by discarding the random targets 
and strictly linking each initial noise z0 to its own 
deterministically generated output z1.

-------------------------------------------------------------------------------

Step 4: Retraining (2-RF)
Train a new network on these causally linked pairs to directly 
predict the straight-line velocity vector (v = z1 - z0).
Step 5: Straightened Trajectories
This re-pairing eliminates intersecting paths and physically 
straightens the ODE trajectories, enabling high-quality 
generation in a single Euler step.



OT-CFM



OT-CFM

1. Sample BatchNumber(let’s say 256) x0 and 256 x1. 

2. Calculate the MSE between each x0 and x1.

3. Pair each of them so that the MSE is minimum.



Mean Flow



Mean Flow
• Motivation: If we want one-step(few steps) generation, we can learn 

the average velocity over the whole interval instead of the 
instantaneous velocity.

• Method: 
Average Velocity: 

            Again, to avoid integration, we can differentiate both sides.
            Average Velocity:                                                      (u is learned 
by NN, du            is calculated by Jacobian-vector product (JVP))
            One-step generation: 



What’s the problem now?
• 1. training target involves JVP, which can be numerically 

unstable
• 2. one-step map can amplify local perturbations ### stability
• 3. endpoint accuracy becomes extremely important



Stable Mean Flow



Stable Mean Flow
• Motication: One-step generation can amplify errors (small 

perturbations, velocity errors, or numerical errors)

• Lyapunov Stability:if two trajectories start sufficiently close, then 
they should remain close during the subsequent evolution.  ### 
small perturbations remain small

• Method:                                                                Meaning: 
Philosophy #3 


