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Drifting models (Deng et al., 2026) are generative models that admits fast
one-step sampling by minimizing drifting at train time.

Drifting Field

Let pyuia () be the data distribution, and gg () be the model distribution

induced by a neural network = fy(z) with noise z ~ p(z). Drifting
models approximate p(x) with gg(x) by minimizing

ﬁ(@) :Ew~q9 [”x_sg(m_i_ pq )”2]
where sg(-) is the stop-gradient operator, and V, () is the drifting field.
The drifting field V, /() for distributions p, g on R? is defined as
V;,q(w) = %(CC) - ‘{I(x)a
with
Eyplk(z,y)y]
Eyplk(z,y)]

By glb(z,y)y]
Ey lk(z,y)]

where k : R? x R? — R is a kernel function. Intuitively, V, () / V()
can be interpreted as attraction / repulsion forces respectively, where the

Vi(x)= —xz, V(xr)=

former pulls gy(x) towards p(x) and the latter disperses gg.

In practice, we approximate V, .(x) empirically by drawing batches of

attracting samples {y™} ~ p and repulsing samples {y~} ~ q.



Theoretical Connections

Score Matching
The drifting field V, () can be interpreted as an approximation of the
score mismatch for densities p, ¢ with Gaussian kernels.

Specifically, consider Gaussian kernels with temperature 7 > 0

k(z,y) = ﬁ exp <_%> .

The kernel smoothed (convolved) density of p(x) on R? is defined as
p(x) := (pxk)(x) = By [k(, y)].

For Gaussian kernels k, we can show that V,, () is proportional to the
score mismatch between the kernel smoothed densities p, ¢

p,q

Proof. Note that V k(z,y) = %k(z,y)(y — x), and that

V()
px)

Vg logp(w) = Vap(®) = By [V k(2 y)).

Therefore, we have

1Ey k@ y)y—2)] 1,
=, ay)] )

V, logp(x) =

Similarly, we can show that V,, log §(x) = 25V, (). Therefore, we have

Voq(®) =V, (x) = V() = 72(V, log p(x) — V, log §(x)).

Reverse KL Divergence
Consider the that the Wasserstein gradient flow of the reverse KL diver-
gence F (q¢) = Dky.(q | p)- The functional derivative w.r.t. g(x) is

oF

8_q<w) =1+logq(x) —logp(x),



and the corresponding gradient field w.r.t. x is given by

oF

Vma_q

We can see the drifting field V, () yields the steepest descent directon
of Dg; (g || p) for kernel smoothed densities p, §.

When assuming kernels are characteristic, minimizing Dy (G | D)
is equivalent to minimizing Dy (¢ | p).

We refer readers to Gretton et al. (2026) for further discussions.

Kernel-Gradient Drifting
Note that the connection between the drifting field and score mismatch

V. (x) ~ V, logp(x) — V, log q(x)

P,
only holds for Gaussian kernels, which satisfy V _k(x,y) x (y — x).

For general kernels, we consider replacing (y — ) with V, log k(x, y),
yielding the kernel-gradient drifting in Esteban-Casadevall et al. (2026):

_ Ey ,[Vak(z,y)] - Eyq[Vak(z, y)]
T B, k@] By k@)

noting that k(x,y)Vlogk(x,y) = V k(x,vy).

Voa(@)
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