
Drifting Model





The Philosophy Behind Generative Models
Also, the Moltivation of Drifting Models

• 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.

• In generative models, we aim to learn how to move samples from gaussian noise x0 ~ p0 to 
the target distribution x1 ~ p1.

• The goal of generative modeling is to find f such that 



Background

• How different are 𝑝 and 𝑞? 
• How should samples move to reduce this difference? 
• How can a neural network learn this movement?



Background I: 
Measuring Distribution Mismatch

• For two points, we can use distance (e.g. l2, l1) to describe their 
discrepancy.
• For distributions, we observe distributions through samples.

• However, there is usually no one-to-one correspondence between 
𝑋 and 𝑌. Therefore, a single distance cannot describe the 
difference between the two distributions.



Background I: 
Measuring Distribution Mismatch
• We ask the same question ℎ to both distributions:

• Their difference is

• If 𝑝 = 𝑞, then

• The more function we use, the more accurate we can describe it.
• Thus, we use a family of functions:
• We collect them into a feature representation:



Background I: 
Measuring Distribution Mismatch
• feature space:                         , we have

• Maximum Mean Discrepancy (MMD): 

• kernel:                                , < > is inner product
• Instead of manually designing one test function ℎ, we represent 

each sample with many features and compare samples in that 
feature space.



Background II: 
Transporting a Distribution with a Vector Field
• A vector field assigns a movement direction to every point in 

space.
• We want to find a field 𝑣! such that:
• Flow Matching trains a neural network to predict the time-variant 

velocity field.

• Drifting Models instead use a field to evolve the generated 
distribution during training.



Background III: 
Supervised Learning and Stop-Gradient Targets
• Standard supervised learning:
• Given input z, label y, network output
• We have a popular loss function: 
• Be careful here: In standard supervised learning, the label is fixed and 

independent of the model parameters, which means 
• Gradient:                                    , here Jacobian matrix 

• What if the target depends on the model?
• Let’s say we have a pseudo-target                         ,which is dependent to

parameters θ. We should have                               so that the gradient is 
• Otherwise, if we don’t put “stop-gradient”, the loss would be                          , and 

the gradient would be  



Drifting Model in Brief

• Target:

• Method: Iteratively train                         , using  



How to pick a Vpq

• Antisymmetry:
• So that when 
• However, we don’t have

• Here, the author emphasizes that as long as Vpq satisfies the 
requirements above, it is trainable.



Author’s pick for Vpq: mean-shift method

• Attraction from real data y+ ~ p

• Repulsion from generated data y- ~ q

• Define Vpq = Vp – Vq =



Training Process
• 1.

• 2.

• 3. compute ϕ and kernel 

• 4.                                                                                   

• 5.



Experiments



Experiments



Experiments
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Motivation & Method
• Repulsion:
• For each generated sample x, the sum of the weights assigned to y is 1.
• When τ is small, weights are determined by the nearest y- (even x itself)
• So that 

• Skinhorn:

• the weight matrix satisfies both row and column marginal constraints

• For a small temperature:





Conclusion

• Simple drifting approximates the fixed point of the KL Wasserstein 
gradient flow using kernel-smoothed score estimates.

• The practical drifting field is not the gradient of a well-defined 
distributional loss

• Because Gaussian kernels are local, drifting may fail to transfer 
probability mass between distant modes.



Other recent works

• Kernel choice determines which distribution frequencies can be 
learned efficiently.

• Drifting is nonparametric score matching.

• Using kernel gradients (instead of y-x) makes drifting a general 
score-based framework beyond Euclidean continuous data.


