Preprint

OVERCLOCKING ELECTROSTATIC
GENERATIVE MODELS

Daniil Shlenskii! Alexander Korotin!
daniil.shlenskii@gmail.com iamalexkorotin@gmail.com
ABSTRACT

Electrostatic generative models such as PFGM++ have recently emerged as a
powerful framework, achieving state-of-the-art performance in image synthesis.
PFGM++ operates in an extended data space with auxiliary dimensionality D,
recovering the diffusion model framework as D — oo, while yielding superior
empirical results for finite D. Like diffusion models, PFGM++ relies on expen-
sive ODE simulations to generate samples, making it computationally costly. To
address this, we propose Inverse Poisson Flow Matching (IPFM), a novel distilla-
tion framework that accelerates electrostatic generative models across all values of
D. Our IPFM reformulates distillation as an inverse problem: learning a generator
whose induced electrostatic field matches that of the teacher. We derive a tractable
training objective for this problem and show that, as D — oo, our IPFM closely
recovers Score Identity Distillation (SiD), a recent method for distilling diffusion
models. Empirically, our IPFM produces distilled generators that achieve near-
teacher or even superior sample quality using only a few function evaluations.
Moreover, we observe that distillation converges faster for finite D than in the
D — oo (diffusion) limit, which is consistent with prior findings that finite-D
PFGM++ models exhibit more favorable optimization and sampling properties.
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Figure 1: Our IPFM overview. We seek a generator Gy whose distribution py(y) induces an
electrostatic field fy, that matches the field f » of the teacher model trained on real data Ddata(y)-

Po

1 INTRODUCTION

Diffusion models (Sohl-Dickstein et al., 2015; |Ho et al., 2020; [Song et al., [2020) have emerged as
a leading paradigm in generative modeling, achieving state-of-the-art performance in synthesizing
high-quality samples across various domains. Inspired by non-equilibrium thermodynamics, these
models gradually perturb data into a simple noise distribution through a forward process and learn
to reverse this process, enabling high-fidelity generation.

! Applied Al Institute, Moscow, Russia
*CILAB.AI Moscow, Russia



Preprint

A novel class of generative models inspired by electrostatics has recently emerged. The core idea is
to treat data points as electric charges and evolve the distribution under a Coulomb-like field. The
Poisson Flow Generative Model (Xu et al., 2022, PEFGM) leverages this analogy for noise-to-data
generation: by placing the data distribution on a hyperplane in an augmented space, the resulting
electrostatic field defines a dynamics that transform a uniform (on a hemisphere) distribution back
into the data. A subsequent approach, Electrostatic Field Matching (Kolesov et al, [2025), extends
this to data-to-data translation. It models two distributions as opposing charges whose interaction,
governed by the superposition principle, generates an electrostatic field.

PFGM-++ (Xu et al.|[2023) proposes a unified framework for noise-to-data generation based on elec-
trostatic principles that encompasses both PEFGM and diffusion models as special cases. Specifically,
the authors introduce an expanded space whose dimensionality depends on a parameter D, showing
that PFEGM++ reduces to PFGM when D = 1 and to diffusion models in the limit as D — co. The
authors find that models with smaller values of D are more robust to numerical integration errors
during sampling, while those with larger D are easier to train. They further demonstrate that a sweet
spot exists in the choice of D that balances these properties, leading to improved generation qual-
ity. As a result, its competitive performance and emergent properties make the electrostatic-based
modeling framework a promising and compelling direction for research.

However, like diffusion models, electrostatic models rely on expensive ODE simulations, making
them computationally costly (e.g., 35 and 79 neural network evaluations for CIFAR-10 (Krizhevsky
et al., [2009) and FFHQ 64x64 (Karras et al.,|2019), respectively). This motivates developing tech-
niques that reduce sampling cost while preserving generation quality.

To address this challenge, we introduce our Inverse Poisson Flow Matching (IPFM), a novel distil-
lation framework designed to accelerate PFEGM++ models across all values of the auxiliary dimen-
sion D. An overview of the method is presented in Figure|[T]

Our main contributions are as follows:

* Theory & Methodology. We formulate the distillation of PFGM++ as an inverse Poisson flow
matching problem and derive a tractable objective applicable to all values of the auxiliary dimen-
sion D. We reveal a close connection between our IPFM in diffusion (D — oo) setting and Score
Identity Distillation (Zhou et al.,[2024, SiD), a recent method for distilling diffusion models.

* Practical. We demonstrate empirically that our IPFM enables distilled generators to match or
surpass teacher sample quality in just a few steps. SiD-inspired regularization further improves
these results. We also observe faster convergence for finite D compared to the diffusion limit
(D — 00), highlighting the favorable generation properties of finite-D settings.

2 BACKGROUND

In this section, we first recall the fundamental concepts of high-dimensional electrostatics (§2.1).
Then we describe the state-of-the-art electrostatic approach PEGM++ (§2.2)) for noise-to-data gen-
eration, which serves as a teacher model for our distillation framework. Finally, we cover PEGM++’s
relationship to diffusion models (§2.3) and their denoising reparameterizations (§2.4).

2.1 HIGH-DIMENSIONAL ELECTROSTATICS

This section covers the fundamental principles of electrostatics necessary for understanding
electrostatic-based generative models. For further details on electrostatics and its high-dimensional
generalizations, see (Caruso et al.,|2023}; |Ehrenfest, |1917; |Gurevich & Mostepanenko, |1971)).

Electrostatic Field. Consider a point charge x’ € RY with charge g. According to Coulomb’s law,
this charge generates an electrostatic field given by:

E(x) g _x-x (1)

 Sno[lx =Xy
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where Sy _ is the surface area of the (N — 1)-dimensional unit sphere. For a continuous charge
distribution ¢(x), the total field is obtained by integrating according to the superposition principle:

1 x —x
/”Nq

E(x) = (x)dx’. (2)

SN_1 |x —x

Electrostatic Field Lines. An electrostatic field line is a curve x(¢) € R", parameterized by ¢ €
[a,b] C R, whose tangent vector is aligned with the electric field at each point. Such a curve satisfies
the ordinary differential equation (ODE)

dx(t)
Cdt

These field lines represent the trajectories that a positive test charge follows under the influence of
the electrostatic field.

= E(x(t)). 3)

2.2 POISSON FLOW GENERATIVE MODEL (PFGM++)

In electrostatic generative modeling, the data distribution p(y) is treated as a positive charge dis-
tribution, following the principles in §2.1] In this section, we review the state-of-the-art PFGM++
framework (Xu et al.,|2023)), which builds upon this foundation.

Augmented space. Given an N-dimensional data distribution p(y), PFGM++ embeds it into an
augmented space RN P by introducing D auxiliary dimensions. Each data point y € R¥ is placed
on the hyperplane z = 0, resulting in an extended point y = (y,0) € RN+P, where D € Z*. The
electrostatic field at a point X = (x, z) is then given by

E(X - 4
® = 5o | gy @

Rather than tracking the full vector z, the dynamics induced by the electric field @) are captured by
the radial component r(X) = ||z||2. This is motivated by the evolution of each auxiliary coordinate
as dz; = E(X),,dt, and similarly for the variable r (Xu et al.|[2023| Section 3.1). Thus, considering
the augmented space consisting of points (x, ) enables a unified treatment of different values of D.

Sampling. In PEGM++, the authors show that given the electrostatic field E(x), the data distribution
can be reconstructed by following the dynamics:

dx _ E(%)x s
dr  E(x),’
starting from the prior distribution
D
rmax
Proax (X) = N+D > (6)

N+D
(N[l + r8ax)

in the limit as ry,,x — 00, or for a sufficiently large r,.x in practice. Note that this ODE @ is
equivalent to moving data along the electrostatic field lines (3)) but with adjusted speed:

d% = d(x,7) = (‘fl’t‘jtd d) (E®)<EX);",1) dr. (7)

Electrostatic Field Estimation. From , one can see that only the normalized field direction is
needed for sampling. To learn it, PFGM minimizes the following objective:

Epin) [1£5 (%) — E(X)/|E(X)||2]3, (®)

where f, : RV — RN+ p (%) is a heuristic distribution covering the volume between r = 0
and r = Tpax, and ]:](5() is a sample-based estimator of the electrostatic field at a point X.
However, this objective requires prohibitively large batches (effectively the full dataset) to yield an
unbiased estimate of the target, i.e., the normalized field at a given point (Xu et al., 2023, Section 3).
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To remedy these issues, PFGM++ proposes a perturbation-based objective, which is analogous to
the objective used in diffusion models:

Epr Epy)Ep, (xly) 1 fo(X) — (X = F)II5, 9)

where fy : RVFL — RNFL r € (0, rpax), p(r) is the training distribution over r, and p,.(x,|y) is
a perturbation kernel of the form

1
pr(xrb’) X NESE (10)
(xr —yl3 +72) 2

with ¥ = (y,0) and X = (x,,r) denoting the clean and perturbed data points, respectively. A
practical procedure for sampling from the kernel is presented in (Xu et al.,[2023| Appendix B). The
minimizer of this objective can be shown to be proportional to the electrostatic field : f M (%) =
(Snt+p—1/pr(x))E(X), where p,(x,) = [ pr(x,|y)p(y)dy is the marginal distribution induced
by the perturbation kernel p,.(x,.|y). This minimizer can be used to obtain the desired dynamics :

3

de _ S®a (UEE0) St B, (1n)

Pr(x) \ pr(X)

Note that X — ¥ in objective @) equals (x, — y,r). If we divide it by /+/D, the last component
becomes constant (\/5) and can be omitted. Thus, the objective can be reduced to:

2

- Xr—y
E,(nE,VEp. (x X) — , 12
() Ep(r) Ep, (x,1y) ‘f¢( ) VD, (12)
where fy : RN*I — RN In this case, data generation follows the dynamics:
d 5 (X
j _ f¢( ) (13)
dr VD

2.3 RELATION TO DIFFUSION MODELS

PFGM++ encompasses classic diffusion models (Xu et al., 2023, Section 4) within its framework.
Specifically, in the limit D — oo with the reparameterization o = r/ VD:

1. The PFGM++ ODE @) converges to the diffusion ODE (Karras et al., 2022):
dx

7 = ~0(a(t)Vxlogpe() (x); (14)
2. The PFGM++ perturbation kernel converges to the Gaussian kernel used in diffusion models:
2
Xo—Y
Po(Xo|y) o< exp (—”22”2> ; (15)
g

3. The PFGM++ objective minimizer (I2) converges to the diffusion objective minimizer:

2
Xo—Y

Ep o) Epy)Ep, (x1y) (16)

\f¢<xa,a> -

2
Moreover, the authors showed that the reparameterization » = o/ D allows hyperparameters tuned
for diffusion models (D — c0) to be transferred directly to finite D settings.

2.4 DENOISING MODEL REPARAMETERIZATION

In practice, PFGM++ is trained using a denoising network y4(x,,r) that predicts the clean data
y from a perturbed sample x,. The normalized field estimator is then computed as f4(x,,7) =
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(%, — §4 (%, 7))/(r/v/D). Substituting this into the PFGM-++ objective (12) yields, up to scaling,
the equivalent denoising loss:

~ 2
Epr) Epy)Ep, x,1y) 176 (. 7) = ¥l - (17)

Diffusion models use an analogous reparameterization: the score estimator is f4(X,,0) = (Xo —
V4 (Xo,0))/0, leading to the analogous denoising objective

. 2
Ep@) Ep)Ep, o ly) 1¥0 (%05 0) =15, (18)
with the corresponding distributions p(o) and p, (x,|y) replacing p(r) and p, (x,|y).

As shown in ~, under the reparameterization o = r/v/D, the PEGM++ field estimator f, con-
verges to its diffusion model counterpart as D — co. Consequently, the PFEGM-++ denoising model
¥ (x,,7) also converges to the diffusion denoising model ¥4 (%, o).

3 METHOD

In this section, we present our Inverse Poisson Flow Matching (IPFM), a distillation method for the
recently proposed PFGM++ ODE-based generative framework. First, in §3.1] we formulate distil-
lation as an Inverse Poisson Flow Matching Problem. Since this problem is not directly amenable
to gradient-based optimization, we derive an equivalent, tractable objective that can be efficiently
optimized with standard gradient-based methods. Second, in §3.2] we reveal a connection between
our IPFM in the limit D — oo and SiD (Zhou et al., [2024), a modern diffusion distillation method.
Then, we show how to transfer SiD’s practical improvement to our method in §3.3] Finally, in §3.4]
we summarize our practical [IPFM training algorithm for the single-step generator, and describe its
extension to the multi-step setting. All proofs are provided in Appendix

3.1 THE INVERSE POISSON FLOW MATCHING PROBLEM

Let f7(x,,7) be the true renormalized Poisson flow obtained by applying the PFGM++ framework
to a data distribution paqa (y). Specifically, f(x;,r) is a minimizer of the PEGM++ objective

and governs the electric dynamics , establishing a coupling between the prior p,__ (x,,.. ) and
the data distribution py,:4(y). We refer to this as the teacher Poisson flow.

Our goal is to distill the complex ODE-based sampling of the teacher Poisson flow into an efficient
generator (G that requires only a few function evaluations. This generator defines a distribution
po(y). Applying the PFGM++ framework to pg(y) induces its own electrostatic field, which in turn
yields a corresponding student Poisson flow, denoted fy, (x,, 7).

We formulate this distillation task as the inverse Poisson flow matching problem. The objective is to
find a generator Gy such that the electrostatic field induced by its output distribution py(y) matches
the field induced by the real data py,:.(y). Since the teacher flow f ; and student flow fy are both
derived from their respective fields, matching the fields ensures the flows are aligned. Figure
provides an overview of this problem. Mathematically, the problem is defined as follows:

Definition 3.1 (Inverse Poisson Flow Matching Problem). The inverse Poisson flow matching prob-
lem is defined as the following constrained optimization problem:

. X 2
min E,x, || fo(xp,7) — f¢(xr,r)H27 s.t. (19)
2
. Xr—Y
fo =argminEry x| fy(xr,7) = ——=|I,
v fy Y v r/VD |l

y ~ pQ(Y)’ Xy~ pT(XT | Y)a T~ Z/[[O, Tmax]~

However, directly optimizing this objective is intractable. The constraint requires solving an in-
ner arg min problem for fy; that depends on the generator’s distribution pg(y), making standard
gradient-based optimization infeasible due to the need for backpropagation through this operation.
To overcome this, we derive an equivalent but tractable objective:
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Theorem 3.2 (Tractable Reformulation of the Inverse Poisson Flow Matching Problem). The con-
strained problem is equivalent to the following unconstrained optimization problem for any
positive weighting function A(r) > 0:

2
. * Xy
min max E ypoy), AT) le¢(Xr,7") - - wa(xr,r) _
2

-y
r~UL0, 7 max], T’/\/E

Xp~pr(Xr]y)

2
Xr—Y

. 20
r/\/ﬁ j 0)

Our tractable objective can be further reformulated using denoising models:

Proposition 3.3 (Tractable Reformulation via Denoising Models). The objective in Theorem [3.2]
can be expressed in terms of denoising models as:

. % 2 A 2
min mj}xx E yopoty), A7) {||y¢(xr,r) — y||2 — ¥y (xp, 1) — y||2} . 21
r~U[0,Tmax] s
erpr(xT|Y)

This minimax problem forms the foundation of our IPFM framework. Crucially, the inner maxi-
mization over 1) is equivalent to training a student denoising model ¥, on the generator’s distribution
po(y) using the standard PEGM++ objective (I7), up to the weighting function A(r).

3.2 CONNECTION TO SCORE IDENTITY DISTILLATION

Several recent works (Zhou et al., [2024; [Huang et al., 2024} |Gushchin et al., 2025)) have proposed
related distillation approaches. Among them, Score Identity Distillation (SiD) focuses on distilling
diffusion models by matching score functions, which stands in analogy to our objective of matching
electrostatic fields. Given the established connection between PFEGM++ and diffusion models in the
D — oo limit (see §2.3), we now investigate how our IPEM objective relates to SiD in this limit.

To formalize this connection, we begin by recalling our IPFM minimax objective from Eq. (ZI):

~ 2 ~ 2
Lippy =E yopo) A(r) [qua(xw“) — vyl = 9y, 7) — yllg} , (22)
r~U[0, " max
xr’\‘pT(XTb')

where the superscript D emphasizes the auxiliary dimensionality parameter.

As established in §2.4] when D — oo and 0 = 7/+v/D, the PEGM++ teacher model converges
to a diffusion teacher model, and its perturbation kernel converges to the Gaussian kernel used in
diffusion models. Consequently, it is natural to define the following asymptotic objective:

Limi® =E ypoly) Ao(0) U
o~U[0,0max
Xo~Po (Xo |Y)
where X, ~ po (X, | y) is the diffusion perturbation kernel (15), and A, (o) is a positive weighting
function. Note that, up to the specific form of A, (o), the inner maximization over 1 corresponds to
the standard diffusion training objective applied to the generator’s distribution.

A% 2 A 2
y¢)(xoa0) - YHQ - ||yw(XU>U) - Y||2 ) (23)

We now recall the SiD generator objective (Zhou et al.| [2024, Eq. 20):

~ % N 2

Lsip =E yopoy) Ao(0) { 75 (x5, 0) — yw(XU’U)Hz
UNZ/[[OaUn\ax]
Xo~Po (xo ‘y)

+<}A’;;(Xo-,0'> _S’w(xoaU)yyw<Xa7U) _y>i|7 (24)
where ¥7 (X, 0) is the teacher diffusion model and y (X, o) is a student diffusion model trained
on the generator’s distribution py(y).

The following proposition formalizes the relationship between these two objectives:

Proposition 3.4 (Connection of our IPFM to SiD as D — o0). The asymptotic IPFM generator
objective and the SiD objective (24)) satisfy the following relation:

e} Ak N 2
LE32 =2Lg, — R yz;m{y) Ao (0) Hy(b(x[,.,a) — ¥y (Xs, O')H2 . (25)
o~U[0,0max
Xo~Po (Xo |Y)
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This close connection has a significant practical implication: it enables the direct transfer of hyper-
parameters and techniques developed for SiD to our IPFM framework (see below).

3.3 SID-INSPIRED REGULARIZATION
In practice SiD uses the following regularized objective (Zhou et al., 2024, Eq. 23):

«@ A % ~ 2
ESiD = Lsip — o yN[pe(y) ]AU(O—) qu&(xo'a U) - yw(xda 0)||2 : (26)
o~U[0,0max
Xo~Po (Xo|Y)

From the relation (25), one may see that:

1

o . 1
—Eoyx, Ao (0) Hy¢(xmo) — ¥y (Xo, O’)H; = iﬁleﬁ\*/fo, 27

a=3%
ESiD = ACSiD - 9

=1
This shows that L£g,? is equivalent to Lp°. Given this, the regularization can be naturally
transferred to our asymptotic objective (23):

=1 . R 2
Sip = £;D2 — (= 1/2)Eqy x, Ao (0) Hy¢(xa70) —¥Yy(Xo,0 Hz

1 oo
= 5 [£har - Ca— DEsyx, Ao (0)

a D—oo

|$’Z> (Xm YdJ X5, 0 H } IPFM

This derivation yields two key insights. First, the SiD objective corresponds to our L° frame-
work with its regularization term scaled by 2a — 1 instead of . Second, this relationship provides
a principled way to extend the regularization to finite D:

@, ~ % ~ 2
Liba = |£ftma = (20 = 1E ypi). M) [9506r,7) = Fotrl] o e8)
rU[0,Tmax] s
X ~pr (Xr|Y)

3.4 PRACTICAL IMPLEMENTATION

The practical implementation of the proposed IPFM method is summarized in Algorithm [I] The
training procedure minimizes the objective by iteratively performing two update steps: one for
the student denoising model §, and one for the generator Gg. Our theoretical connection to SiD
in §3.2)and §3.3|enables direct transfer of well-tuned hyperparameters from SiD to our method for
the diffusion (D — o) regime. Moreover, by following the PFGM++ (§2.3), we can extend these
hyperparameters to finite values of D. Complete details are presented in Appendix

Although the distilled generator Gy is capable of single-step sampling, its effective capacity can be
enhanced by employing a multi-step sampling procedure. We construct this multi-step generator
using the PFGM++ perturbation kernel (I0), inspired by the approach of (Yin et al., [2024). The
procedure employs a predetermined, monotonically decreasing noise-level schedule oj = o9 >
01> ...> 0ON—1 > ON = Omin, Where iy and o, are specified in Appendix This schedule
is identical during both training and inference. The sampling process begins by sampling an initial
point x,,, from the prior distribution p,,(- | y = 0) at the highest noise level, 7y = o¢\/D. For
eachstepn = 0,1,..., N — 1, the procedure consists of two operations: first, compute a denoised
estimate ¥, = Gy(x,,,0,); then, perturb this estimate with noise scaled to the next lower noise
level, yielding X, ~ pr,,,(- | ¥n), Where 7,11 = 0n 1 V/D. This cycle of denoising and
perturbation repeats for IV steps. The final output is the denoised estimate from the last step, ¥ .
The complete procedure is detailed in Algorithm 2}

4 EXPERIMENTAL RESULTS

The goal of our experimental evaluation is to investigate two key aspects of the proposed method:
(1) the sample quality achievable by models distilled with our IPFM, and (2) the impact of the
auxiliary dimension D on distillation performance. To this end, we benchmark our IPFM on all
models provided by the PFGM++ authors for the unconditional generation tasks. We perform a
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Table 1: Quantitative results of our IPFM distillation on CIFAR-10 and FFHQ 64x64. We re-
port FID scores for distilled generators across different auxiliary dimensions D, number of function
evaluations (NFE), and regularization strengths «. Note that D — oo with o = 1.0 recovers SiD.
For comparison, we include the original PFEGM++ teacher models evaluated in few-step regimes,
demonstrating that distillation is essential for high-quality few-step generation. In each row (corre-
sponding to a specific D), the best FID score is bolded and the second best is underlined.

D IPFM (ours) Teacher (PFGM++, CIFAR-10)
«
1 2 4 1 5 9 17 25 35
0.0 538 268 2.08
128 10 331 212 175 >100 >100 37.79 3.32 2.07 1.92
0.0 547 3.05 202
2048 10 320 215 182 >100 >100 37.14 337 2.03 191
00 0.0 557 286 213

(Diffusion) 1:0 347 215 186 >100 >100 40.24 374 223 198

b IPFM (ours) Teacher (PFGM++, FFHQ 64x64)
o
1 2 1 5 13 23 31 39 79
0.0 342 212
128 10 2.40 >100 >100 1635 3.92 2.89 2.60 243
00 0.0 391

(Diffusion) 1'0 2,60 m >100 >100 15.82 3.67 284 262 253

comprehensive analysis using one-, two-, and four-step generators, both with and without the SiD-
inspired regularization introduced in §3.3] Each distillation run is performed with a fixed budget
of 30k generator samples. This budget is selected due to computational constraints and proved
sufficient for addressing our research questions. We use the Fréchet Inception Distance (FID) (Brock
et al} [2018)) to compare the model quality. More experimental details are presented in Appendix B}
The code for experiments is based on PyTorch and will be made publicly available.

Distillation Efficiency of our IPFM. We first assess the core effectiveness of our IPFM framework
without any additional regularization. The quantitative results, summarized in Table[I] demonstrate
that our IPFM successfully distills the complex sampling process of PFGM++ into efficient few-
step generators. Specifically, on CIFAR-10, a 4-step generator distilled with our IPFM matches
the 35-NFE teacher’s FID. On the more complex FFHQ 64x64 dataset, the improvement is even
more pronounced: a 2-step generator is enough to surpass the sample quality of its 79-NFE teacher.
This demonstrates that our method effectively solves the distillation problem, validating our core
theoretical formulation. The qualitative results are presented in Appendix@}

Enhancing our IPFM with SiD-Inspired Regularization. Motivated by the connection revealed in
§3.2]and §3.3] we incorporated SiD-inspired regularization into our framework. Based on an ablation
study (see Appendix [B)), we selected v = 1.0 as it provides a stable and effective balance across all
teacher architectures and values of D. Table[I|confirms the high effectiveness of this regularization.
Our IPFM with SiD-inspired regularization not only accelerates convergence but also elevates the
final performance of the distilled models. With this enhancement, our 4-step generator on CIFAR-10
and 2-step generator on FFHQ 64x64 now clearly outperform their respective teacher models. This
confirms that the practical benefits of SiD transfer effectively to the broader electrostatic setting
through our unified framework. The qualitative results are presented in Appendix P}

The Impact of Auxiliary Dimension D. As shown in Figure [2| our IPFM converges faster for
smaller values of D compared to the diffusion setting (D — o0), which, when equipped with the
regularization introduced in §3.3] corresponds exactly to SiD. We attribute this to the heavier-tailed
perturbation kernels and enhanced robustness of teacher models at lower D. During distillation,
the teacher model is evaluated on the perturbed generator outputs. Early in training, the generator
produces samples far from the real data distribution; even after perturbation, these remain out-of-
distribution for the teacher, leading to a noisy training signal. This issue is mitigated at lower D
for two reasons: (1) Heavier-tailed kernels better conceal the discrepancy between the generator’s



Preprint

9.0

- — 9.0 =
----- D=128,NFE=1  ----- D=2048NFE=1 ----- D=infNFE=1 e--- D=128NFE=1  ----- D=2048,NFE=1 ----- D=inf,NFE=1
——- D=128NFE=2  ——- D=2048NFE=2 ——- D=inf,NFE=2 ——- D=128NFE=2  ——- D=2048,NFE=2 ——- D=inf,NFE=2
801 — D=128,NFE=4 ——— D=2048NFE=4 ——— D=inf,NFE=4 801 — D=128,NFE=4 ——— D=2048NFE=4 ——— D=inf,NFE=4
Teachers,NFE=35 Teachers,NFE=35
s .
7.0 R 7.0
6.0 6.0
a a
Y50 Y50
4.0 4.0
3.0 3.0
S
20 20
17 17
5000 10000 15000 20000 25000 30000 5000 10000 15000 20000 25000 30000
Iteration (k-images) Iteration (k-images)
(a) CIFAR-10, o = 0.0 (b) CIFAR-10, o = 1.0
60 T — 60—
H SRR (PP D=128NFE=1  ----- D=inf,NFE=1 R R (PEP D=128NFE=1  ----- D=inf,NFE=1
[ % === D=128NFE=2 === D=infNFE=2 1 ——- D=128NFE=2  ——- D=inf,NFE=2
H Teachers, NFE=79 H Teachers,NFE=79
n O 1
5.0 ) . 5.0 1
| e, 1
N H
n n
[ n
[ AR O A PRI 1
4.0 1 4.0 "
o 1 . o "
b L T [y "
1 "
N W e
RN W
30 RIS 30 O A e e B
SN ~ VS L e et
N S A \~‘ """"
______________ ’,’\\ N
——————————— e ——— N N
S~ >4 Soo
2.0 = 2.0 ‘——::::..:\\ — =
. . TSSLa====reS~Tneo
o 5000 10000 15000 20000 25000 30000 o 5000 10000 15000 20000 25000 30000
Iteration (k-images)

Iteration (k-images)

(c) FFHQ 64x64, oo = 0.0 (d) FFHQ 64x64, o = 1.0

Figure 2: Convergence of our IPFM. Plots show FID evolution during training (measured in thou-
sands of generator samples) for different IPFM settings. The gray horizontal band represents the

range of final performance (minimum to maximum FID across different D) achieved by the original
PFGM++ teacher models, providing a target quality threshold.

distribution and the true data distribution, and (2) teacher models with smaller D exhibit greater
robustness to distribution shift, as demonstrated in the original PEFEGM++ study. The effect is most
noticeable in the single-step generation setting. With more sampling steps, the generator rapidly
produces high-quality samples, reducing the impact of this phenomenon on the considered datasets.

This finding has an important implication. Since our method with D — oo and o = 1.0 is
equivalent to SiD (§3.3)), which produces one-step generators that outperform their teachers, we

conclude that our framework is at least as effective. The superior convergence of finite D suggests
that our IPFM can achieve similar or better performance more efficiently.

5 DISCUSSION

Potential Impact. Our distillation method applies to all auxiliary dimensions D of the electrostatic
generative framework PFGM++ and achieves teacher-level quality with just one or a few function
evaluations. Moreover, we find that PEFEGM++ models with finite D are more amenable to our
distillation, highlighting their superior generative properties compared to their diffusion counterparts
(D — 00). We believe our findings not only enable efficient training of high-performance distilled

models but also underscore the broader potential of electrostatic generative models, revealing unique
optimization advantages beyond the diffusion paradigm.

Limitations. Our method requires solving a minimax optimization problem that alternates between
updating an auxiliary student model and the generator, which is computationally expensive. Each
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generator update also requires backpropagation through both the teacher and student models, re-
sulting in memory requirements approximately three times higher than training the teacher alone.
However, this limitation is shared among other modern distillation techniques (Zhou et al., 2024;
Huang et al., [2024; |Gushchin et al.| [2025).
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A  PROOFS

Theorem @ (Tractable Reformulation of the Inverse Poisson Flow Matching Problem). The con-
strained problem (I9) is equivalent to the following unconstrained optimization problem for any

positive weighting function \(r) > 0:
x, —y |
wa Xp, T )7 ] .
2

r/vD

i By, A || 500,7)
O % U0, ],
Xp~pr(Xr|y)

Proof: Consider the inverse Poisson flow matching problem:

. N 2
min Erx, || fo (e, 1) — f¢(xr7r)||2, s.t. 29)
2
. Xr—Y
fo =argminE, y « || fi,(x,,7) — (30)
! ket r/VD |,

y ~ p9<y)7 Xy~ pr(xr | Y), T~ U[O7Tmax]~

Equivalent weighted problem. To begin with, note that for any positive weighting function A(r) >
0, the solution for the weighted constraint (30) remains the same and equals

2

fo(xp,7) = arg n}}n E,yx AT (31

»

) \fux,«,r)—

|

Additionally, we can introduce a positive weighting function A(r) > 0 to the main functional :

X 2
]Er,xr)\(’r) Hf’l,b (XT7 T) - f¢ (er T) H2 )
since it does not change the optimum value (which equals 0) and this optimum is reached only when
fw(xra ’I“) = f; (Xra T)'

Therefore, we can equivalently consider the following problem:

mein E, x, A(r) wa(Xrﬂ“) - f;(xT,r)| ;, s.t. (32)

2

/ Xr—Y

(Xr,7) = ——=
r/VD |l

pr9(Y)a XerT(XT|Y)a TNZ/[[Oarmax]~

(33)

fy = arg Hfl}n E,yx, A(T)
b

Tractable reformulation. Now let’s reformulate the obtained weighted inverse Poisson flow prob-
lem in a tractable way.

To begin with, let’s rewrite the main objective (32):

E, x, T) wa Xy, T f¢> Xy, T ||
]Er,xJ(T)||fw(XmT)H§ 2E 5, A(r){ fyp (X1, )f¢(Xr, )>+Ehxr)\(1")||f$(xr,7")“§ =
Epse A fi (s )2 — 2B, A(P) < [ - ] £k, >>+Er,x,,x<r>||f;<xmr>|§=
Erse A fi (s I + Ery e, AC <[ - } F3(r )>+|f$(xr,7“)||§] LB,y A(r)

2 2

Xr—Y Xr—Y
r/vD 9

r/\/>

Eryx, A1) || f5(Xr,7) —

(34)

]Er,x,.)\(r)||fw(xmr)\|§ - Er,y,xr)‘( )

12

2
Xr—Y _
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One may note that the only intractable term here is E,. x A(7)|| fy (X, 7)[|3. To circumvent this
challenge we rewrite the constraint (33):
2

minE, , o A(r)
A

/ X~y
f,¢(X7-,7’) - ’I"/\/E

2

2

Xr—Y
E, xr)\ T - = =
Y (T) ’fw(x 7‘) T’/\/E )
2
Xr—Y Xr—Y
Erx, A7) fyp (X, 7 2—2ET’ x AT <f Xy, T ,>+Er, x AT =
(WM P~ 2By ) { £, 55 )+ By M) |
X, —y x —y|* &
By, | fo (%, 7) |15 — 2B 5, A T)<f (x,7),E XNTT> +Eryx A7) || =5 =
ot I () {Foloe ) Byt 7775 ) 4 Ern A0 |55
2
Erx Xr, 272Erx‘>\ XryT)s Xr, +]Er x A oy =
o L fo (%0, 7)12 s, M) (fop (%7,7), fip (%7, 7)) + By, A7) VD,
Xr—Y ?

Erx, [ fy (X7, T)Hg - 2Enx7-)‘(7’)||f¢(xrv T)H% + Er,y,xr)‘(r)

2

r/\/ﬁ

2
Xr—Y

r/vD 2'

Therefore, we can express the intractable term in the following way:

—E, x, A(r) |l fo (%)l % +E yx, A(r)

2 2
Xr—Y . / Xr—Y
Er e, A() || fp (%1, T)||2 =Eryx,A(r) —minE, y « A(r) || fy (X, 7) —
v 2 Y r/vDll, £ Y v r/VDll,
(35)
Substituting (33)) into the reformulated main objective (34) provides us with desired result:
2
B o, A(r) 1fy (0, 7) = fo (3, )|l =
2 2 2
Xr—Yy Xr—Yy Xr—Y
Eryx. A(T) —Eryx, A(r) +E yx A(r) ‘f*(xr,r) -
Y r/VD Y r/VD Y ¢ r/VD i,
2
. Xr—Yy
—minE, y . A(r) || fi,(x,7) — =
oY ¥ r/VD |,
2 2
* Xr—Y : / Xr—Y
Brym ) | £505,7) - e AP £ ) - .
Y ¢ r/NDlly f, Y v r/vVD ||y

Proposition[3.3(Tractable Reformulation via Denoising Models). The objective in Theorem[3.2|can
be expressed in terms of denoising models as:

) . 2 ] 2

mn max E yopo(y), AT) {Hyz(xrﬂ’) - y”z =¥y (xr ) = y”z} .
¥ U0, max] s
Xp~pr (Xr|y)

Proof: Consider the reformulated tractable objective from Theorem 3.2}
2
_ Xr—Yy

2]@mw—m@

. * Xr—Y
minmax E . A(r Xp, 1) —
R ] ()Mf(b( ) r/vVD
Xp~pr (X |y)

|

Recall that the Poisson flow f(x,,r) can be recovered from the denoising model y(x,., ) via:

Xy — f’(Xr»T)

f(XT,T): 7”/\/5

13
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Substituting this relationship into the objective yields:

A(r) [
iy, /D
X ~pr(Xr|y)

ok

2 N 2
5500.7) =yl = 17000 ) = 1]

minmax E
0 P

Since a positive weighting function does not influence the optimum, we can redefine the weighting
function such that the resulting problem takes the stated form:

. ~ 2 ~ 2

minmax By, Ar) [[|95 06 7) = ¥ = 19 0o 7) = y3]
w TNM[OyrtI)aX]7
Xr"’p'r‘(x'rly)

Proposition (Connection of our IPFM to SiD as D — o0). The asymptotic IPFM generator
objective and the SiD objective (24) satisfy the following relation:

[e%e) A % N 2
EI?’;IL[ = QESiD —-E yN[pg(y) ])‘U(U) ||y¢(Xg,CT) - yL/J(XUa O')H2 .
o~U[0,0max
Xo~Po (X |Y)

Proof: Recall our IPFM asymptotic objective:

(e ~ % 2 N 2
LRRE =B yopoty) Ao(0) |95, 0) = ¥lI; = 19050, ) = ¥13]
O'Nu[07o'max]
Xo~Po (xaly)
and the SiD objective:

A% ~ 2
ﬁSiD =E yN[pg(y) , )\J(U) |: Hyd)(xda 0) - ylb(xa'v O')H2
o~U[0,0max
Xo~Po (Xo|y)

+ <}A’:;(Xg,0’) - yw(XU,J),yw(XU,U) - y>}

Since the distributions within the expectation and the weighting function A, (c) are identical for
both objectives, it suffices to rewrite our objective’s expression under the expectation to reveal the
stated connection:

195 0%0,0) = ¥1[; = 196 (%) = ¥15 =
1575 (%0, )13 = 2075 (%0, 0), 3) + ¥ 113 = 170 (%o, )13 + 2(F (%0, 0), 3) = Iyl =
1575 o, )3 = 255 (%0, 0),¥) = 190 (%0 )5 + 2(y5 (X5, 0),¥) =
1575 (%0, )13 = 1575 (X0, )13 = 2(55 (X, 0) = Fs (X0, 0), ¥)E 95 (X0, 0) = F4 (X5, 0)[5 =
1575 (%, ) = Yo (%0, )3 + 175X, )3 = 10 (%0, )3 = 2055 (%0, 0) = Fu (%6, 0),¥)
(175 (%0, 0) 13 = 2(55 (%0, 0), ¥4 (X0, 0)) + [F5 (X0, 0)3) =
1575 (%0, ) = Yo (%0, )3 = 50 (%0, )13 = 2055 (%0, 0) = Fu (X5, 0), ¥) =
(—2(55 (%0, 0), Y0 (%0, 0)) + [F0 (%0, 0)[13) =
1575 (%0, 0) = ¥ (%0, 0) |13~
2 ((¥5(x0:0) = Yo (%0,0),¥) + (Yo (X0, 0), Y0 (X5, 7)) = (F5(X0, 0), Yo (%0, 7)) =
1575 (%5, 0) = F (%0, 0) 13~
2((¥5(x0,0) = Y4 (%0,0),¥) + (V5(X0,0) = §4(X0, 0), Y (%4, 0))) =
1575 (%0, 0) = ¥ (%0, 0) 13 = 2(55 (%0, 0) = F4(X0,0),¥ = F4(X0,0)) =
1575 (%0, 0) = (%0, )3 + 205(%0, 0) = Y0 (%0, 0), T (X0, 0) = ¥).
Therefore, our IPFEM asymptotic objective can be rewritten as
LR =B ypin) Aol0)| [§5060) = Fulxar)];

o~U[0,0max]
Xo~Po (X |y)

+2(35(X0,0) = ¥4 (X0, 0),T0(%0,0) = ¥) |
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which yields the following relationship with the SiD objective:

[e%e] Ak N 2
E]DP];\}/[ = 2£SiD -E y~po(y) )\0(0) ||Y¢(Xm0) —yw(XU,U)HQ.
o~U[0,0max]
Xo~Po (X |y)

B EXPERIMENTAL DETAILS

Hyperparameters. Our theoretical connection to SiD in and enables direct transfer of
well-tuned hyperparameters from SiD to our method for the diffusion (D — co) regime. Following
PFGM++ (§2.3), we extend these hyperparameters to finite D settings. We first recall the key
hyperparameters from SiD, then describe their adaptation for finite D.

Student model hyperparameters. For updating the student denoising model ¥ (x,, o), we adopt
the noise-level distribution p(o) and weighting function A, (o) directly from the teacher model’s
configuration (Karras et al., 2022).

Generator hyperparameters. The settings for the generator Gy differ. The noise-level distribution
p(0o) uses parameters omin = 0.002, opax = 80, p = 7, and tymax € [0,1]. A time step is sampled
via t ~ Unif[0, tax], with the corresponding noise level given by:

o(t) = (ot (1=) (ol —als)) (36)

The weighting function uses the total number of pixels C' in an image and the L; norm with stop-
gradient:

Ao(0) = O/ 1Iy5(*%0:0) = ¥l se: 37)

We initialize both the student denoising model ¥, and generator G9 with the pre-trained weights
of the teacher model y7. Following SiD, the generator is applied as Gy(z), where z ~ p, =

N(0,02.1).

» Y init
Adaptation for finite D. Following PEFEGM++, we adapt the SiD hyperparameters using the reparam-
eterization r = a\/ﬁ:

* Noise-level distribution p(r): Sample o ~ p(c), then set r = o/ D

> Y init

* Generator input: Sample from p, =p,__ /5(X; | y = 0) instead of /(0 o2 1)
* Weighting function: Set A\(r) = A\, (0 = r//D)

SiD-inspired regularization. The original SiD work (Zhou et al.| 2024)) found that the regulariza-
tion introduced in §3.3]improves performance, with larger c values accelerating convergence at the
risk of instability. The authors identified & = 1.0 and o = 1.2 as optimal choices.

Motivated by this finding and our theoretical connection in §3.3] we incorporated SiD-inspired reg-
ularization into our framework. However, using o = 1.2 with a D — oo teacher (i.e., a diffusion
model) caused training divergence on CIFAR-10, despite matching SiD’s setup. We identified a key
difference: our PFGM++ teacher uses the ncsn++ architecture |[Karras et al.| (2022), whereas SiD
employs ddpm++ |[Karras et al.| (2022). When we repeated the experiment with a ddpm++ teacher,
training stabilized and convergence matched SiD’s reported results.

This architecture-dependent sensitivity persisted for finite D: with D = 128, the ncsn++ teacher
also diverged at « = 1.2, while training remained stable for D = 2048. Based on this ablation
study, we selected o = 1.0 for all experiments with SiD-inspired regularization, as it provides a
stable and effective balance across all architectures and D values.

Evaluation. We assess sample quality using the Fréchet Inception Distance (FID) computed be-
tween 50k generated samples and the training set for each dataset. Following established practices
in [Karras et al.| (2022) and PFGM++ (Xu et al., |2023)), we perform 3 independent FID evaluations
and report the minimum value.
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C ALGORITHM BOXES

Algorithm 1 Inverse Poisson Flow Matching (IPFM)

Require: Generator Gy, dimensionality parameter D, oiyy = 2.5, omin = 0.002,
1: Initialization: 6 < ¢, ¢ + ¢
2: repeat
3: # Update student denoising model .,

Sample R ~p,_,  5(R)and v = ir u~ N(0,I)

Sety = Go(Rv)

Sample o ~ p(o) (as in|Karras et al.| (2022))

Sample R ~ p,_, /(1) and v = it u ~ N(0,T)

Setx, =y + Rv

Update 1) via:

VR AN A

p N 2
Lw = /\(U> Hyw(xﬂr) - yH27
where A(o) is defined as in|Karras et al.[(2022).

10: # Update generator Gy

11:  Sample R~p, __  5(R)andv =, u~ N(0,1)
12: Sety = Go(Rv)

13:  Sample t ~ U0, tax] and compute o using

14: Sample R~ p,_ . 5(R) and v = Ta> 4~ (0,1)

15: Setx, =y + Rv
16: Update 6 via:

Lo = Mo [I560cr7) = Y13 = 195 (x07) = ¥113]
0+ 6 —nVely,

where A(c) is defined in (37).
17: until FID plateaus or training budget is exhausted
18: Return Gy

Algorithm 2 Multi-step Generator Sampling

Require: Generator Gy, dimensionality parameter D, number of steps IV, oinig = 2.5, omin = 0.02
I: Sample R~p___ 5(R)andv = o u~ N(0,1)

[lull>

2: Sety = Gy(Rv)

3: forn=1to N —1do

4: Set Op = Oqit + u(gmin - Jinit)

50 Sample R~p,_, /5(R)andv = u~N(0,I)
6: Sety = Go(y + Rv)

7: end for

8: Returny

16
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D QUALITATIVE RESULTS

Figure 8: Samples generated with our IPFM (D=128 NFE=4,a=1.0) on CIFAR-10 (FID=1.75)

Figure 9: Samples generated with PFGM-++ (D=128,NFE=5) teacher on CIFAR-10 (FID>100)
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Figure 16: Samples generated with our IPFM (D=2048,NFE=1,a=1.0) on CIFAR-10 (FID=3.20)
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e

Figure 23: Samples generated with our IPFM (D=inf, NFE=1,a=0.0) on CIFAR-10 (FID=5.57)
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Figure 28: Samples generated with our IPFM (D=inf, NFE=4,a=1.0) on CIFAR-10 (FID=1.86)

Figure 29: Samples generated with PFEGM++ (D=inf,NFE=5) teacher on CIFAR-10 (FID>100)

Figure 30: Samples generated with PEFEGM++ (D=inf,NFE=9) teacher on CIFAR-10 (FID=40.24)
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Figure 37: Samples generated with PEFEGM++ (D=128,NFE=5) teacher on FFHQ 64x64 (FID>100)
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Figure 38: Samples generated with PFGM++ (D=128,NFE=13) teacher on FFHQ 64x64
(FID=16.35)

Figure 44: Samples generated with our IPFM (D=inf,NFE=2,a:=1.0) on FFHQ 64x64 (FID=1.70)
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Figure 46: Samples generated with PFGM++ (D=inf,NFE=13) teacher on FFHQ 64x64
(FID=15.82)

Figure 48: Samples generated with PEGM++ (D=inf,NFE=79) teacher on FFHQ 64x64 (FID=2.53)

E LARGE LANGUAGE MODELS USAGE

Large language models were used solely for grammatical correction and improving text clarity.
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