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ABSTRACT

A fundamental tension arises when accelerating diffusion-based generative mod-
els via their deterministic probability flow ordinary differential equation (PF-
ODE) paths, which we formally identify as the “contractivity trap”: efficient infer-
ence requires large step sizes, but stable convergence demands strong contractivity
that limits model expressiveness. This results in error accumulation in inference as
contractivity weakens. In this work, we propose a principled inference approach,
called SteinDiff, that relaxes the contractivity constraints through reference-free
Stein regularization. Specifically, drawing on Krasnosel’skii-Mann theory, we re-
formulate the discretized ODE update operator to interpolate between predictions
and current states. Importantly, we contribute efficient closed-form regularization
estimators via Stein’s identity, which is grounded in the continuous SDE theory
of diffusion models. Our step-wise analytical approach eliminates the need for
ground truth data to adapt to the local geometry of the data distribution while pre-
serving the expressiveness of the vanilla model. Theoretically, our approach not
only relaxes the strict contractivity requirements for robust convergence but also
reveals a principle behind the stability of state-of-the-art (SOTA) pre-conditioned
parameterizations. Practically, we offer a reference-free solution that reduces the
risk of mode collapse in large-step inference. Extensive experiments validate our
theoretical framework and demonstrate significant gains in generative inference.

1 INTRODUCTION

Diffusion models (DMs) have revolutionized generative modeling, achieving unprecedented quality
in image synthesis, text-to-image generation, and other domains (Sohl-Dickstein et al., 2015; Ho
et al., 2020; Song et al., 2021b; Dhariwal & Nichol, 2021; Rombach et al., 2022; Xing et al., 2024).
Unlike single-pass generators such as GANs (Goodfellow et al., 2014) and VAEs (Kingma, 2013),
DMs generate samples through an iterative denoising process that progressively transforms noise
into structured data. This iterative paradigm provides advantages: training stability, high sample
quality, and robust mode coverage (Song & Ermon, 2020; Kingma et al., 2021; Karras et al., 2022).

Despite these advantages, the inference process suffers from
a critical limitation. High-quality samples typically require
hundreds of function evaluations (NFE) (Sohl-Dickstein et al.,
2015; Ho et al., 2020). Although ODE-based implicit models
enable acceleration (Song et al., 2021b;a), the stable solving
of current ODE samplers implicitly requires or assumes that
the discretized update operator Ty is contractive (|| Tg(x) —
To(y)|| < L|jx — y|| with L < 1). This contractivity require-
ment underlies the design of efficient solvers for inference (Liu
et al., 2022; Lu et al., 2022; Zhao et al., 2023; Zhang & Chen,
2023; Zheng et al., 2023b; Lu et al., 2025; Tong et al., 2025).

We identify a fundamental tension overlooked in ODE-based
fast inference generation algorithms (DDIM, DPM-Solver,
etc.): efficient inference requires large steps and expressive
high-Lipschitz models, while convergence demands strong
contractivity (Figure 1). Our theoretical analysis reveals that

Figure 1: Inference triangle.
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Figure 2: Illustration of denoising trajectories with and without principled stabilization. Effi-
cient ODE solvers fail to satisfy the necessary contractivity constraint (L7 < 1) due to large steps
and model expressiveness, thereby manifesting compounded error accumulation and trajectory di-
vergence (Left); SteinDiff resolves this critical stability gap by leveraging Stein regularization to
impose an adaptive, step-wise correction, ensuring stable convergence to the data manifold (Right).

this unrecognized conflict manifests throughout the denoising trajectory: model expressiveness
needed for complex distributions (Raghu et al., 2017) inherently violates the contractivity critical
for stable convergence, causing unstable trajectories and degraded sample quality (Figure 2, left).
To address this dilemma in the ODE-based diffusion inference, we propose an alternative optimiza-
tion framework that explicitly relaxes strict contractivity requirements while promoting algorithmic
stability and geometric consistency through principled adaptive regularization (Figure 2, right).

In this work, we propose SteinDiff, a principled approach that shifts diffusion inference from the im-
plicit contractivity trap to adaptive regularization. Extensive experiments validate the effectiveness
of SteinDiff in large-step inference. Our method delivers the following contributions:

* We identify a contractivity trap in efficient inference of DMs and propose a regularization
framework for efficient ODE solving, inspired by the Krasnosel’skii-Mann formulation.

* We derive efficient closed-form regularization estimators via Stein’s identity without refer-
ence guidance, preserving model expressiveness and adapting step-wise to local geometry.

* We not only provide a reference-free solution to bridge a critical stability gap in inference,
but also reveal a key principle behind the stability of model parameterizations like EDM by
decoupling stability correction into a task driven by a purely geometric signal.

2 RELATED WORK

Diffusion models are a class of powerful generative models that excel at generating high-quality
samples through denoising refinement, grounded in a well-established theoretical framework
(Langevin et al., 1908; Jarzynski, 1997; Neal, 2001; Sohl-Dickstein et al., 2015). Song et al. (Song
& Ermon, 2019; 2020) developed modeling techniques using score matching, while Ho et al. (Ho
et al., 2020) reformulated DMs into a practical and tractable framework. Song et al. (Song et al.,
2021b) unified score-based models and DMs using stochastic differential equations (SDEs), forming
the principal framework. However, DMs face the significant challenge of balancing efficiency and
quality. Various training and inference methods have recently emerged to address this challenge.

Training-based methods accelerate DMs through post-training or new modeling strategies. Latent
DMs (Rombach et al., 2022) boost efficiency by operating in lower-dimensional spaces. Progres-
sive distillation (Salimans & Ho, 2022; Meng et al., 2023) and Consistency Models (CMs) (Song
et al., 2023; Luo et al., 2023) enable few-step generation through knowledge distillation and self-
consistency learning. Flow matching (FMs) (Lipman et al., 2023; Liu et al., 2023; 2024) optimizes
generation paths by learning velocity fields, while EDM (Karras et al., 2022) improves samples
using optimized weighting schemes. Shortcut models (Frans et al., 2025) achieve efficiency by step-
aware network learning. Additional methods are also explored in (Watson et al., 2022; Wang et al.,
2023; Zheng et al., 2023a; Kim et al., 2023; Zhou et al., 2024a; Kim et al., 2024; Wimbauer et al.,
2024; Ma et al., 2024b; Zhou et al., 2024b; Karras et al., 2024b; Sauer et al.; Karras et al., 2024a;
Zhang et al., 2024; Ma et al., 2024a; Zhang et al., 2025; Tong et al., 2025; Geng et al., 2025).
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Inference-focused methods improve DMs by optimizing the inference process without retraining.
DDIM (Song et al., 2021a) establishes deterministic sampling using non-Markovian processes.
Building on deterministic ODEs, e.g., PNDMs (Liu et al., 2022), denoising solvers have achieved
significant progress: DPM-Solver (Lu et al., 2022) uses exponential integrators for acceleration,
DEIS (Zhang & Chen, 2023) addresses numerical stiffness, and DPM-Solver++ (Lu et al., 2025)
proposes a data-based prediction scheme. UniPC (Zhao et al., 2023) provides a predictor-corrector
framework, DPM-Solver-v3 (Zheng et al., 2023b) optimizes speed with pre-computed empirical
model statistics, while restart sampling (Xu et al., 2024) refines generation paths with a restart mech-
anism to mitigate errors. Additional methods include schedule optimizations (Jolicoeur-Martineau
et al., 2021; Karras et al., 2022; Xue et al., 2024; Chen et al., 2024; Sabour et al., 2024), discretiza-
tion techniques (Wizadwongsa & Suwajanakorn, 2023; Guo et al., 2023; Li et al., 2023; Gonzalez
et al., 2023; Zhao et al., 2024), and parallel techniques (Shih et al., 2023; Tang et al., 2024).

Limitations and Our Contribution While training-based methods for DMs achieve impressive
results, they suffer from expensive training costs, often compromise the iterative refinement advan-
tages that make DMs powerful, and can face GAN-like training instabilities. In contrast, inference-
time methods preserve the advantages of DMs without the extra cost or risks. However, these meth-
ods face inherently conflicting requirements: efficiency demands large step sizes with high expres-
siveness (large Lipschitz constants), yet stable convergence requires strong contractivity. We pro-
pose SteinDiff, which breaks this deadlock by replacing hard contractivity constraints with adaptive
Stein regularization, enabling both stable efficient inference and theoretical convergence guarantees.

3 PRELIMINARIES

Diffusion models (Sohl-Dickstein et al., 2015; Ho et al., 2020; Song et al., 2021b; Karras et al., 2022;
2024b) are powerful generative models that learn to reverse a predefined noise-adding process with
conditional Gaussian marginals. For efficient generative inference, the reverse process is formulated
as the deterministic ODE trajectory (Song et al., 2021b;a; Liu et al., 2022). The ODE governs the
trajectory of a sample evolving from pure noise zy ~ N (0,6%1) to a clean data sample . We
adopt the unified PF ODE formulation where the score function, V4 log p;(x), is related to a trained
noise prediction network €g(x;, t) via —eg /0. This leads to the following diffusion ODE:

da g°(t)
= f(t t 1
=t S o), m
. . dlogay
where f(t) :;md g(t) are schedule-dependent functions and are defined as f(t) := “5*t and
g (t) == d(% - 2%03 in variational DMs (Kingma et al., 2021). Rather than relying on the

implicit contractivity of the iterative operators used to solve this ODE-based generation process, our
work introduces a principled inference framework to guide them towards convergence.

4 METHOD

DMs generate high-quality samples by progressively mapping noise into structured data. To analyze
the underlying dynamics for inference, we first formulate their updates as an iterative operator.

4.1 FRoOM DIFFUSION ODES TO ITERATIVE OPERATORS

The denoising process can be parameterized by predicting the clean data o from a noisy state x;:

— t
wo(a, 1) = T Tcolzel) @)
i

Substituting this parameterization into the diffusion ODE shown in Eq. (1), one has

de (f(t)+ gQ(t)) iBt—Oétg;(r?IBe (@0,1). 3)

dat 207 7
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In practice, one can tailor the inference algorithms for DMs by numerically solving this diffusion

ODE using discretization techniques. For any time interval [, s], the details are provided in Ap-

pendix B, we can express the discretized mapping of this ODE from « to @; as the operator Tg (x5 ):
o

x; = To(x,) := ?txs + 0 Fo(xs), 4)

S

where Fg(z,) := f&it)) g (4(r), (7)) d7 accounts for the model’s contribution, £(t) := <t and

its square represents the signal-to-noise ratio (SNR), and ¢ (k(t)) := ¢ denotes its inverse function.

4.2 THE CONTRACTIVITY TRAP: ANALYSIS AND IMPLICATIONS

The numerical stability of the iterative process, particularly in the finite-step regime, relies on the
discretized operators Ty being contractive to suppress error accumulation. Drawing on the contrac-
tion mapping principle as a stability criterion framework, we ideally require T to satisfy

[ To(x) — To(y)l| < Lrllz -yl (5)
with Lipschitz constant Lt < 1. However, this requirement poses a fundamental tension with prac-
tical diffusion-generation demands. To demonstrate this, we examine the first-order discretization
or DDIM, which serves as the foundation for advanced inference algorithms. Then, we have

K(t)
Fo(zs) = / To (Ty(r), O(7)) AT &~ (K(t) — K(s))xe(Ts, 5). (6)

S

This yields the discretized inference operator: To(zs) = 7@, +0¢(k(t) — K (s))xe (s, s). Denote
ht = k(t) — k(s). Clearly, h;y > 0 for the denoising direction. By rigorous analysis detailed
in Appendix C, an upper bound for the Lipschitz constant of this discretized operator is: Lt <
Zf + o¢thtLg,, where Ly, denotes the Lipschitz constant of the data prediction function xg (x4, t)

with respect to its input x;. For the contractivity demands of Lt < 1, we require: %—i—at hiLg, <1,

which results in Lg, (2t — 2=) < - — L. However, this creates an inherent tension triangle as
illustrated in Figure 1: Efficiency demands larger step sizes h; to reduce function evaluations; Model
expressiveness requires high sensitivity (large L.,) to capture intricate distributions; and Stable
inference requires a careful balance between these competing factors to mitigate errors.
Proposition 4.1 (Violation) The update T violates contractivity when Ly, > —2==2¢

Lo — gsai—oras’

Remark 4.2 Since a% > —Z:=9— for noise schedules, models with Ly, > = will violate even

OO —0t Qs

this lenient contractivity bound. Note that L, is influenced by the step size according to Eq. (2).

Remark 4.3 (Vulnerability Even in Late-stage) The strict contractivity becomes more stringent
precisely in the most sensitive phase of generation. Even in the late stage, as oy — 1, neural net-
work models with sufficient capacity to learn complex data distributions typically exhibit increasing
Lipschitz constants for fine-grained discriminative capabilities (Raghu et al., 2017; Bortoli, 2022).

Practical Consequences. The violation of con-
tractivity can directly result in error accumulation
or degraded quality. To illustrate this, consider
the simple yet instructive case where T = —1d
(the negative identity operator). Starting from any
input  y # 0, the iterations oscillate indefinitely
between points of equal magnitude but opposite
signs, never converging to the desired solution.
/ This example, while simple, demonstrates how

T(X2) = (%) = Xe the failure of contractivity can completely derail
the inference process, as visualized in Figure 3.
We empirically verify this in Figure 4, which

X2 = T(Xs)/= Xt

Xo = T(X1) = -Xe confirms that the update operator inherently vi-

olates the stability condition (Lt > 1) in prac-

Figure 3:  Oscillation occurs when T = —1d tice. Since enforcing strict contractivity would

(Lt = 1). Blue and red arrows depict alternat-  severely limit model expressiveness, we instead
ing steps (k vs. k — 1) between x; and —x;. turn to the following regularization approach.
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Figure 4: Empirical verification of the contractivity trap for efficient inference. (Left) Violation
across schedules (NFE=6) using DPM-Solver++ for EDM2 model. We compare local Lipschitz
estimates (L) for logSNR and EDM schedules. Notably, both schedules significantly violate the
stability condition (Lt < 1), with peaks reaching ~ 24. This confirms that large Lipschitz constants
impose a hard limit on the step size for stable inference. (Right) Persistence despite fine-grained
steps (NFE=100). Even with small steps, the operator remains expansive (Lt > 1) for the majority
of the trajectory (see inset). This suggests that resolving the contractivity trap requires explicit
regularization of the geometric structure, rather than merely refining the discretization step size.

4.3 TOWARDS REGULARIZATION VIA A KRASNOSEL’SKII-MANN PERSPECTIVE

To address the contractivity trap, we shift to the design framework of regularization methods by
drawing on Krasnosel’skii-Mann (KM) theory (Krasnosel’skii, 1955; Groetsch, 1972). Specifically,
the KM update can act as a stabilizing mechanism: when Tg overshoots or oscillates, it provides
controlled damping through convex interpolation. Formally, we formulate this update as follows:

Tr—1 = (1 —vg)xr + vk Tolxk), N

where -y, is a relaxation parameter. This formulation is structurally motivated by classical results
on successive approximations (Xu, 2002; Bot & Csetnek, 2017):

Theorem 4.4 (KM Contraction) For a nonexpansive operator Ty (i.e., || To(x) —To(y)|| < |l —
yl||) in a Hilbert space, the KM iteration (7) converges weakly to a solution of Tg lflgfo{%} > 0.

Insight: While Tg is a discretization operator of time t, we leverage the KM structure as a lo-
cal stabilization mechanism at each step t;. Importantly, this structure mitigates instability while
guaranteeing the contractivity that any solution of Ty remains unchanged (Bot & Nguyen, 2023).
Motivated by this, we adopt this formulation as a step-wise regularization of the operator update:

i1 = To(xr) + (1 — ) (xr — To(xk))- (3

Herein, the final update consists of the original prediction Tg () regularized by a step back towards
the current state xj, with the magnitude of this regularization controlled by (1 — ).

While better-conditioned parameterizations like wv-prediction offer improved stability over -
prediction (Salimans & Ho, 2022), they do not intrinsically solve the tension between expressiveness
and stability in large-step ODE solving. Thus, an explicit regularization framework remains crucial.

4.4 STEIN’S REGULARIZATION IN THE ABSENCE OF TARGET DATA

While the KM formulation provides a structural contraction mechanism for stabilization, the direct
trajectory optimization encounters analytical hurdles arising from the target’s functional dependency
on the current state. To resolve this, we shift to a population risk minimization framework. Specif-
ically, we identify the target * as the latent ground-truth variable ( underlying the noisy state in
DMs. This treats the current state xj, as a sample from the conditional Gaussian ¢(x|xg), motivat-
ing our application of Stein’s Identity to derive a closed-form, geometry-aware regularization.
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Theorem 4.5 (Population-Level Regularization) Consider the local step-wise KM regularization
objective of minimizing the expected distance to the target data:

J(ve) =E[l(1 = yr)@k + v To(zr) — =[],

where the target x* is formulated as the latent ground-truth data variable underlying the noisy state.
The expectation is taken over the joint distribution p(xy, x*), where * ~ po(x) and xy, follows
the transition kernel py, (xy|x*). Then the minimizer ~;, satisfies

]E<:]3k — Te(ﬁck), Ty — :13*>
El|ex = To(s) |

Yk = ; (€))

where (-, -) denotes the inner product. The proof is provided in Appendix D.

While Theorem 4.5 provides the theoretical optimum, Eq. (9) remains computationally intractable
due to the unknown ground truth x(. To address this challenge, we leverage a fundamental property
of score-based DMs (Song et al., 2021b; Kingma et al., 2021; Bao et al., 2022; Karras et al., 2022):
the reverse-time SDE generates samples whose marginal distributions match the marginals x; ~
N(agzg, cr,%I) of the forward process (Anderson, 1982). Crucially, since the PF ODE preserves
these exact same marginal distributions p;(x), we can validly invoke Stein’s lemma (Stein, 1981;
Gorham & Mackey, 2015; Liu & Wang, 2016; Duncan et al., 2023). The validity of Stein’s Identity
relies solely on the properties of the marginal density py () rather than the specific integration path
(SDE vs. ODE). Therefore, we can use Stein’s Identity to derive a closed-form, tractable estimator.

Lemma 4.6 (Stein’s Identity) For x ~ N(x*,0°1) and any differentiable function f with finite
expectations, the following identity holds:

E[f(z)(x —a*)] = c’E[V f(x)]. (10)

Now, let uy, := ), — Tg (i) denote the residual. The numerator in Eq. (9) can be rewritten as:

E{ug, zr — x*) = E{ug, xr) — E{ug, ™). (11)
Applying this lemma allows us to transform the intractable cross-term in the numerator of +;; into a
computable divergence term involving the update residual.

Theorem 4.7 ( Reference-Free Estimation via Stein’s Identity ) Ler uy := x; — To(xy) be the
update residual. By exploiting the Gaussian transition kernel q(xy|xo) and applying Stein’s Identity,
the optimal regularization parameter ~y;, admits a closed-form, reference-free expression:

(1= L) Elur, @) + ZEV - wy]

* , (12)
T E w2

where V - uy, = 2?21 0 (uy)i is the divergence. The detailed proof is provided in Appendix E.
k

Remark 4.8 (Geometric Regularization) Unlike standard ODE solvers that purely minimize dis-
cretization error, SteinDiff leverages the divergence V - wy as a geometric detector. This term
adaptively rectifies the update in high-curvature regions, effectively acting as a manifold-aware reg-
ularizer that prevents the trajectory from overshooting the data manifold.

4.5 STEINDIFF: A STEP-WISE REGULARIZATION FOR EFFICIENT ODE SOLVING

Building on our result in Theorem 4.7, we now propose SteinDiff, a class of principled and reference-
free algorithms that stabilize efficient ODE solving paths. To implement the theoretical solution in
Eq. (12), we approximate the expectations with batch-wise empirical means. Specifically, given a
batch of samples of size B, we define 8,, = £ > (ug, ) and §,u = 5 > [Jug|? to approximate
the expectations E(uy, x)) and E|u||?, respectively. For the divergence term E[V - uy], we com-
pute 34, using Hutchinson’s estimator: 54, = % S v Vugv, where v ~ N(0, I). Algorithm 1
details the step-wise core procedure utilizing these empirical estimates.

In the following, we analyze and establish the convergence properties of SteinDiff under the practical
distribution shift caused by discretization.
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Algorithm 1 SteinDiff: Stein’s Regularization for Diffusion Model Inference

Require: State x;, ; Model xg; Update operator Tg; Schedule {tx, o, , o, }; Batch size B.
L uy wtk To(x:,) > Calculate residual
2 Spu ¢ (U, )y Suu — 5 2 |lukl? & Compute terms for 4,
3: Sgip % S v Vaupv, with v ~ N (0, 1)

1-1 Szu ; Sdiv
4: 4 + max <( fon)3 ;wtk/%k)” ,e> > e > 0 follows from Theorem 4.4
50 @y, — (1 —Ap)xe, + Y Tolxy,) > Perform the regularized update
6: return x;,

Theorem 4.9 (Robustness under Discrete Error) Let p;, be the grounded-truth marginal distribu-
tion and py, be the estimated distribution produced by inference. Define the score error as:

S(rypr) = (Bp, [IIV log f(a) — Viog pe()[?]) "> (13)

Assume wy, is L,-Lipschitz continuous and E,, [|uy|*] > 6% > 0. When computing the regulariza-
tion parameter using py, instead of pi, the resulting parameter 7y, satisfies:

N . ColL, N
[F6 — vl < a:62 - S(Prs k), (14)

where C' is a constant w.r.t. dimension d and growth properties of wy. This bound reveals that: (i)
the error scales with score deviation rather than distribution distance, (ii) the method becomes more
robust as o, — 0 in later denoising stages. The detailed proof is provided in Appendix F.

The score deviation S(py, px) measures how much the actual distribution’s score function deviates
from the ideal conditional Gaussian case, typically scaling as O(At) for discretization step size At.
The robustness bound immediately implies the following convergence guarantee:

Theorem 4.10 (Stability Analysis under Bounded Residuals) Even under distribution shift from
discretization, Stein’s regularization iteration imposes a step-wise contraction that suppresses error
accumulation towards the irreducible limit determined by the discretization residual:

Efljzr—1 —*[*] < (1 — i) Ellzx — 2*|1*] + O(S*(Br, pr)), (15)
where ¢ > 0 depends on Ty, S(pr, pr) = O(At). The detailed proof is provided in Appendix G.

This convergence guarantee ensures that SteinDiff maintains stability even with practical discretiza-
tion errors, making it robust for actual inference of diffusion ODEs.

Remark 4.11 (Adaptive) SteinDiff automatically adapts to local geometry: as noise level oy, de-
creases during denoising, vy}, decreases proportionally to U,%, providing stronger stabilization pre-
cisely when fine details emerge. This eliminates the need for manual parameter scheduling.

4.6 A NEW PERSPECTIVE AND UNDERSTANDING FOR THE EDM FRAMEWORK

The Stein optimal inference framework serves not only as a step-wise stabilizer but also as a theo-
retical lens to analyze the diffusion parameterizations. We can use the Stein optimal parameter, 77,
to reveal a principle behind the renowned stability for EDM (Karras et al., 2022; 2024b): its design
achieves superior stability by structurally simplifying the underlying correction problem itself.

The optimal correction signal, represented by the numerator of 7 can be conceptually decomposed
into two components: a drift correction term, (1 — —)E(ut, @), which addresses errors in the

overall data scaling, and a geometric correction term, oi E[V u], which corrects for deviations
from the local geometry of data manifold. A key feature of the EDM framework is its principled
network preconditioning, designed to maintain unit variance for the network’s inputs and outputs
across all noise levels. A direct consequence of this design is that the data scaling factor oy = 1.
Applying this design condition to our Stein inference parameter, the drift term structurally vanishes:

(1 - i)wut,mt) - (1 - 1)]E<ut,;ct> —0. (16)

(673 1
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Figure 5: Principled SteinDiff resolves the contractivity trap in few-step inference: at just 3 solver
steps (5 NFE), it stabilizes SOTA solvers like DPM-Solver++ and UniPC (left in each pair) to elim-
inate severe artifacts and generate high-quality samples (right in each pair) on CIFAR-10 (EDM).
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Figure 6: FID | scores for DPM-Solver++ and UniPC using third-order solvers on ImageNet
64 x64. The comparison shows performance with and without SteinDiff regularization under both

EDM (left) and logSNR (right) noise schedules. The results demonstrate that SteinDiff (dashed
lines) consistently improves FID scores across various NFEs for both samplers.

Then, the optimal stability correction required for the EDM framework is purely geometric:

* O-t2 Ut2 2
7k7EDM X ;E[v . ut] = TE[V . Ut] = 0y E[V . ’U/t]. (17)
t

This implies that EDM’s stability does not stem from better managing a complex, coupled correction
problem, but from fundamentally simplifying the problem’s structure. By circumventing the numer-
ical instability caused by oy — 0 as t — 0 during the inference process, the challenge is no longer
to balance algebraic scaling and geometric curvature, but solely to correct for geometric deviations.

By removing the burden of variable scaling, this decoupled preconditioning allows EDM to special-
ize in learning the geometric structure of the data. A specialized network can learn this task more
effectively, leading to an inherently smoother ODE trajectory and a more well-behaved update resid-
ual ;. This synergy between static design and simplified dynamic correction is, we argue, the core
reason for EDM’s renowned stability and performance. Furthermore, our analysis and empirical
verification demonstrate that, while distinct from EDM’s training framework which optimizes geo-
metric structure to boost model capabilities, SteinDiff explicitly rectifies the trajectory of efficient
ODE solvers by capturing the underlying geometric structure during denoising. This suggests that
stable inference depends more on geometric regularization than on fine-grained discretization.

5 EXPERIMENTS

In our experiments, we use the well-established Frechet Inception Distance (FID) and Inception
Score (IS) (Heusel et al., 2017; Salimans et al., 2016) metric to measure the quality of the generated
images. Furthermore, as the FID score often unfairly favors the models trained with GAN losses
and penalizes the diffusion models, we consider an additional metric of FD-DINOv2 (Stein et al.,
2023), which replaces the InceptionV3 (Szegedy et al., 2016) encoder of FID by DINOv2 (Oquab
et al., 2024) to better align with human perception. Furthermore, we evaluate the efficiency of our
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FID | and IS 7 scores for DPM-Solver++ (left) and UniPC (right) with and without

SteinDiff regularization across various NFE. The ablation study demonstrates that SteinDiff (dashed
lines) consistently improves both metrics over the baseline solvers on CIFAR-10 with EDM model.

regularized inference scheme using metrics such as the number of solver calls (“Steps”) and the
Number of Function Evaluations (NFE); lower number metrics indicate higher inference efficiency.

Table 1: Comprehensive performance comparison of various samplers on the imagenet 64 x64
dataset with and without our proposed SteinDiff regularization. The table contrasts the baseline
performance (Base) of DPM-Solver++, UniPC, and Heun against the performance with fast Stein-
Diff (+Stein) under both logSNR and EDM schedules. Performance is evaluated using FID and
FD-DINOV2 metrics, where lower scores are better. The percentage improvement (Improv. %)
highlights the consistent and significant gains achieved by SteinDiff across all configurations.

Metric ‘Schedule Steps DPM-Solver++ UniPC Heun
Base Stein Improv. (%)| Base Stein Improv. (%)| Base Stein  Improv. (%)
312092 1648  212% | 2770 1992  281% | 230.05 12469  458%
35 | 1281 1043 186% | 1704 1305  234% | 15327 89.66  415%
45 | 616 522  153% | 644 527  182% | 5125 3347  347%
FID logSNR | 55| 390 343 120% | 332 287 136% | 1860 1340  27.9%
65 | 296 267  97% | 245 221  98% 849 681  19.8%
8 | 233 216 74% | 202 188  71% 512 442 13.6%
105] 196 186  51% 180 171  49% 243 224 7.8%
13| 183 176  3.6% 173 168  29% 208 202 27%
3 31103 251.00 193% |42571 31545 259% | 1923.78 103500 46.2%
3.5 (23280 193.00 17.1% | 33158 25820 22.1% | 135547 788.88  41.8%
45 | 16059 137.79  142% |193.84 16031 17.3% | 697.94 45296  35.1%
55 13178 11663 11.5% | 13825 120.55 12.8% | 35130 25188  28.3%
FD-DINOvZ| 1ogSNR | 'S | 11860 107.50  9.3% | 118.69 10790  9.1% | 23157 18433  20.4%
8 10851 10070  7.2% |10682 9945  69% | 17695 152.02  14.1%
10510162 9573  58% | 9991 9471  52% | 12077 11050  85%
13 | 9867 9423  45% | 97.15 9346  38% | 10978 10517  42%
3| 1795 1484  173% | 30.02 2258  24.8% | 23329 137.17  41.2%
35 | 11.00 945  141% | 1761 1410 199% | 81.06 5066  37.5%
45 | 548 486  112% | 737 632  142% | 2866 1891  34.0%
FID eoM | 55| 366 333 90% | 437 388 113% | 1078 807  251%
65 | 287 267  69% | 333 305  84% 557 460  17.4%
8 | 233 220  55% | 259 242  65% 356 312 124%
105] 197 189  41% | 202 192  48% 219 2.0 7.9%
13| 18 177 32% 181 174  38% 194 187 3.4%
3 (27301 22599  172% |44923 33590 252% 201042 117811 41.4%
3.5 (20261 17199  15.1% | 31493 25094 20.3% | 72942 45881  37.1%
45 | 14293 12535 12.3% | 18625 158.68 14.8% | 39636 26239  338%
55 (12009 108.68  9.5% | 14346 12740 112% | 25251 188.12  25.5%
FD-DINOVZ| EDM | 'S | 10045 10135  7.4% | 12440 11403  83% | 18793 15420  17.9%
8 10253 9628  61% |11374 10646  64% | 153.56 13452  12.4%
105 | 9827 93.16  52% | 10436 99.04  51% | 11679 10721  8.2%
13 | 9657 9242  43% | 9947 9539  41% | 108.12 10261  5.1%

Variants. In practice, our reference-free SteinDiff can incorporate a fast scheme from the recent lit-
erature (Bot & Nguyen, 2023) by leveraging the Stein-regularized state, which achieves an improved
estimation in the ideal case. Specific details of this variants are provided in Appendix G.1.

Results. Our empirical validation confirms the contractivity trap and demonstrates that SteinDiff
consistently stabilizes efficient ODE solving. On CIFAR-10, SteinDiff eliminates severe artifacts
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5 NFE 20 NFE

DPM-Solver++

SteinDiff

Figure 8: Visual comparison on 256256 LSUN-Bedrooms. DPM-Solver++ (top) succumbs to the
contractivity trap. Conversely, SteinDiff (bottom) resolves this for efficient inference by capturing
the underlying geometric structure, improving quality across varying discretization steps.

at just 5 NFE (Figure 5) and significantly boosts image quality across all step sizes. As shown in
Figure 7, our method achieves superior FID and IS metrics compared to the baseline, indicating
stability against step-size variations. This robustness is further substantiated on the more complex
ImageNet 64 x 64 dataset, where our method delivers substantial gains across various solvers (DPM-
Solver++, UniPC, Heun). Notably, these improvements are agnostic to the noise schedule, achieving
FID reductions of up to 45.8% under both EDM and 1ogSNR schedules (Table 1).

Crucially, we also demonstrate the scalability of our approach to Latent DMs. On the LSUN Bed-
rooms 256x256 dataset, SteinDiff achieves new SOTA performance (Table 2). As visualized in
Figure 8, while the baseline DPM-Solver++ succumbs to structural collapse at 5 NFE due to the
contractivity trap, SteinDiff preserves high-fidelity geometric structures. This qualitative success
confirms that SteinDiff effectively counters the expansive dynamics revealed in Figure 4. Collec-
tively, these results establish our approach as a robust, principled solution for efficient generative
inference across diverse modalities. Additional experimental details are provided in Appendix H.

Table 2: Performance comparison on 256x256 LSUN-Bedrooms using a Latent Diffusion model.
We evaluate FID scores against DPM-Solver++ across various NFEs, where lower scores indicate
better image quality. The results demonstrate that our step-wise regularization method (SteinDiff)
significantly outperforms the baseline variants at all tested NFEs.

NFE
Method Model 3 5 3 10 v 15 50
DPM-Solver++ (2m) 21.29 1097 5.13 3.88 3.52 334 325

Latent Diffusion
DPM-Solver++ (3m) © 1861 852 415 361 343 328 3.17
SteinDiff (fast) LSUN.beds-256 764 471 372 338 3.01 286 277

CONCLUSION

We identify and formalize the contractivity trap in diffusion models through both theoretical analysis
and empirical validation. To resolve this fundamental problem, we propose SteinDiff, a principled
regularization framework. At its core, SteinDiff uniquely employs Stein’s identity to derive a closed-
form, reference-free regularization that explicitly captures the underlying geometric structure of the
data manifold during efficient ODE solving. The efficacy of this principled approach is validated by
our experiments, demonstrating its ability to maintain structural integrity where traditional methods
succumb to instability. Crucially, SteinDiff incurs only marginal overhead, circumventing the need
for increased NFEs, model retraining, or expensive schedule optimization, thus offering a decisive
advantage over resource-intensive alternatives. Beyond providing step-wise regularization, our an-
alytical approach offers a deeper contribution: a new theoretical lens that rationalizes the inherent
stability of EDM, guiding the future co-design of generative models and their inference strategies.

Limitations and Broader Implications. While SteinDiff effectively resolves the contractivity trap
for efficient ODE solving, it leaves room for future exploration. Crucially, integrating this inference
regularization framework with de-biasing and safety mechanisms remains essential; as our correc-
tion operates on the sampling trajectory to ensure geometric stability, it is not explicitly designed to
rectify inherent data biases or mitigate the misuse risks exacerbated by highly efficient generation.
Furthermore, building on our success with LDMs, future work could extend SteinDiff to non-image
modalities and multi-modality synthesis, broadening its impact beyond standard benchmarks.
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APPENDIX

LLM USAGE STATEMENT

During the preparation of this manuscript, we used large language models (LLMs) as writing as-
sistants. Their role was limited to improving the clarity, precision, and grammatical correctness of
the text. All core research methods and results were conceived and executed entirely by the human
authors through long-term research efforts. The LLMs did not contribute to research ideation or sci-
entific findings. All authors have thoroughly reviewed and edited the manuscript to ensure scientific
accuracy and take full responsibility for the final content.

A NOTATION AND BACKGROUND FOR DIFFUSION MODELS

Denoising diffusion probabilistic models (DDPMs) define a forward process that adds Gaussian
noise to data according to a predefined variance schedule {3;} ;. Although originally formulated
in the discrete-time setting, this transition process admits a natural continuous-time generalization
(Kingma et al., 2021). In both cases, the conditional distribution of a noisy sample x; given the
clean sample x takes the form

q(z|xo) := N (x; ar o, 071), (18)

where oy and oy are deterministic functions of time controlling the signal and noise scales, re-
spectively. In the discrete DDPM formulation, they are related to the variance schedule by
a? = [I'_,(1 — B;) and 6? = 1 — a?. For discretized inference, we denote o, := oy, and
o} := oy, for a chosen timestep sequence .

To reverse the forward noising dynamics, a neural network €y (x4, t) is trained to predict the noise
€ added at each timestep. The training objective is simplified to minimizing the mean squared error
(MSE):
2
L =Etazgell€—€o(azo+ove )], (19)

where ¢ is uniformly sampled from {1,..., N}, ®g ~ ¢(xo) represents a sample from the data
distribution, and € ~ N(0,I) is standard Gaussian noise. Samples are generated by iteratively
applying the learned reverse transition pg (@;—1|x¢).

This discrete formulation can be unified with continuous-time diffusion models via stochastic dif-
ferential equations (SDEs) (Song et al., 2021b). Formally, a unified forward process for different
schedules (including VP, VE, and sub-VP schedules) is formulated as:

day = f(t)@, dt + g(t)dw, @0 ~ qo (o), (20)

where the drift and diffusion coefficients are linked to the noise schedule through f(¢t) := dl"d%

and ¢g2(t) := % — 2d1°§ta‘ o? (Kingma et al., 2021). The corresponding reverse-time SDEs of
these schedules share a unified form:

de = [f(t)z — g(1)* Vg log pi(@)]dt + g(t)dw, @21

where w is a standard Wiener process in the reverse-time direction. Its deterministic counterpart
is the probability flow (PF) ordinary differential equation (ODE), which shares the same marginal
distributions as the SDE. It is given by:

da = (02 - 3ot Valogp@) ) . @2)

Under Gaussian modeling assumptions, the score function Vg logp:(x) and the noise predictor
€y are linked by the relation €y (x;,t) = —0tVlogp: (x:) (Song et al., 2021b; Karras et al.,
2022). Substituting this relation into Eq. (22) leads to the diffusion ODE form used in our main text
(Preliminaries 3):

9*(t)

20'15

de

Fri f(t)xs + €o(xy,t). (23)
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B FURTHER DETAILS FOR THE ITERATIVE OPERATOR 4

By applying the variation-of-constants formula to Eq. (3), we obtain:

x; = et 7/ e O[Tgi( )we (xp,7)dr + x, (24)
s 202
g 2(2) dlogat _ d;lf dlogay 2
where f1(r) :== [] f(z 5oz 2, ft) = and g*(t) = 3= — 2% %07, Note that f1(r)
can be rewrltten as

" dlog oy 1 do? dlog any / 07 or
_ 1 49 o or 25
fi(r) / e —lox 70 @)

thus, e/1(") = 2t and e=/1(") = 2= Then, Eq. (24) can be rewritten as

¢ 2
o a r
T = (—/ as—rg (2)339 (wr,r)dr—i—wS). (26)
O s or 202
2
Note that 9252) = a%dg; - al dar 5o o 2(5? =-<4 (%) Therefore, Eq. (26) can be rewritten

as:

" t
d T -

z, =2 (/ oso (T, 1) — <a> dr+ws> =, +Ut/ 2o (2, r) A (@27)
os \Js dr \ o, Os s oy

This result is equivalent to Eq. (4).

C THE UPPER BOUND OF Lt

For any two inputs wgl), w?), we have:

To(@()) - To(2(?) = 7 (@) = a) + ou(x(t) — n(s)[wa(@, ) 2o (2, 5)]  (28)

S
From the parameterization in Eq. (2), we obtain:

1
wo(w(!),5) — wo(2(?),5) = —[(2{) — @) — os(eq (2l 5) —ea({,5))]  (29)
Assuming the noise prediction network eg(, t) satisfies the Lipschitz condition with respect to x:

leo (™), 1) — ep(x®, )| < Lzt — 2], (30)

we can bound:
1 =+ USLG (1)
— |l

lzo (@), 5) — (), 5)| < —

Combining these results, we obtain:

— x| 31)

L‘T‘S‘Lfnmgl) —z@|

I To (@) — To(x))|| < %llwgl) — 2| + o (w(t) - K(s)) - (32)
= 2+ auntt) - o) 2t - o2 33
Recalling that x(t) = £*, we can ssimplify:
oy () — m(s) 22 le — (14 oo < _ C”) . (34)
Qs as  Os

Therefore, an upper bound of the Lipschitz constant of the discretized iterative operator Ty under
first-order Euler approximation as follows:

LT<+(1+aL)(—“t>. (35)

This can be equivalently written as:

Ly < (1+0,L ) P i

S S

(36)

The Lipschitz constant Lt directly depends on the Lipschitz constant L. of the noise prediction
network and the ratios of the diffusion scheduling parameters «; /s and o1 /0s. When Lt < 1, the
operator Ty is contractive, ensuring the stability and convergence of the iterative inference process.
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D PROOF OF THEOREM 4.5 FOR REGULARIZATION PARAMETERS

Proof. We expand

| 2

J(m) = EH (I —vi)zr + 7 To(xr) — x*
= EH:Bk A Yk ((L’k - Tg(mk))H2

= E|jzy — a:*||2 — 2 E<mk —x* xp — Tg(:nk)> + 'y,fEHack — Tg(azk)HQ.

Setting 0J /0y, = 0 yields
-2 IE<:ck —x*, x — Tg((L'k)> + 27, E||lxp — To(xk)|*> =0,

then
E(x), — x*, x) — To(x))

Eljx, — To(xk)|?

Ve =

from which the stated formula follows.

E PROOF OF THEOREM 4.7 FOR STEIN-BASED ESTIMATION

(37
(38)
(39)

(40)

(41)

Proof. Within the theoretical framework of score-based differential equation modeling, the Gaussian
marginal structure is theoretically guaranteed for the reverse process, as established by Anderson’s
time-reversal theorem (Anderson, 1982) and demonstrated in score-based DMs (Song et al., 2021b).
Thus, during the inference process, we have x, ~ N (apx*, o,%I), based on the Gaussian transi-
tion kernel of the forward process of DMs, where * ~ po(x). Then, applying Stein’s identity

component-wise to ), ~ N (axz*, 021), we have
El(ur); - axx”] = El(ur)iax] — oRE[V (ug)s].
Summing over all components and rearranging, we have
E(uy, ), — ™) = 02 B[V - uyg),
where V - uy, = Z?:l 8%(:1) (ug); is the divergence. Therefore:
arE{uy, 2*) = E[(ug, )] — 07E[Va, - ug].

Substituting the above results into Eq. (11), we have

1
E(ug, xr — ) = E{uk, xx) — o (E(uk, z) — o7 E[V - uy))

1 cr,%
=11-— E(uk,ww—!—fE[Vuk]
Qe Qe

The proof is complete by substituting this result into Eq. (9).

F PROOF OF THEOREM 4.9 FOR ROBUSTNESS UNDER DISCRETE ERROR

We provide the complete proof of the robustness bound under distribution shift.

F.1 SETUP AND NOTATION

(42)

(43)

(44)

(45)

(46)

O

Let p(z) = N (axx*,021) be the theoretical Gaussian marginal and jy, be the actual distribution.

Recall:
o2
’7* . (1 - o%k)EPk[(uka wk>] + ?iEpk [v : uk]
g Ep, [lux|?] ’
o2
5 = (1= 2o)Ep [(wr, xp)] + ZEE5, [V - uy]
k= .
Ep, [lux]?]
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F.2 KEY LEMMAS

Lemma F.1 (Stein’s Identity for Gaussians) For a Gaussian distribution p, = N(ayz*,0%1)
and any differentiable vector field f: R® — R® with suitable growth conditions, then:

Ep [(f(), ® — apa™)] = 07E,, [V - f()]. (49)

Proof. For the i-th component:

By [f(@)(a; — )] = [ ile)(a; - avmue)de (50)
5' log py,
= - i k(x)d (51
ot [ 1) T ()
_ 3fz _ Ofi
= o} oz, pr(x)dx = 07K, [axj] . (52)
Summing over j = ¢ gives the result. (|

Lemma F.2 (Score Deviation Error) Ler p, = N(apz*, UkI ) be the ideal Gaussian marginal
distribution and Dy, be the actual distribution produced by mference For any Lipschitz continuous
vector field f : R? — R? with suitable growth conditions to ensure the expectations are finite, the
following inequality holds:

s [(f (@), 2 — ara™)] — 0iEp [V - f(@)]] < 0f\/E [| F(@)[12] - S(Br,pr). (53

Proof. Using integration by parts:

Ep [f - (x — axa™)] — 03B, [V - f] (54)
=Ep[f - (x — axa™)] + 0B, [f - V1og ] (55)
=E; [f - (& — arpx* + 07V log pr)]. (56)
For Gaussian py,, we have ¢ — aj,x* = —07V log py, (). Therefore:
Ep, [f - (& — axa™)] — 0iE, [V - f] = 0} B, [f - (Viog pr — Viog p)]. (57)
Applying the Cauchy-Schwarz inequality, we complete the proof. |

F.3 MAIN PROOF OF THEOREM 4.9
We begin by decomposing the error between the estimated parameter 75 and the optimal parameter
~v;. This error can be expressed as

N;—N, R

Ve — Y = D; , (58)
where:
Ny = (1= 2By, [(ur, )] + BBy, [V - wi, (59)
Np = (1= 1 )Ep, [(u @) + ZEp [V - s, (60)
Dj =Ep [[ugl?], R = D;/5% (61)

The numerator IV, of the optimal parameter can be simplified. Under the ideal Gaussian distribution
i, we apply Stein’s identity as shown in Lemma F.1, which yields:

Ny = (1= 2B, [(up, @) + ZE,, [V - w] (62)
= (1 - 1) By [ur, ax@®)] + 0B, [V - wr]) + ZE,, [V - wy] (63)
=(1- a—lk)akJEpk (g, 2*)] + 0PE,, [V - ug). (64)
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The core of the analysis lies in bounding the term Nz — NN, - R. The key difference arises from the
failure of Stein’s identity for p;. By Lemma F.2:

|N; — N, - R| (65)
(1= ) (Bp(un, @0)] = ZB5, 1V - wil )| + [Nl R~ 1] (66)

< (1= 30)0ky/Ep[lunl?] - S(Br. o) + [Np[|R — 1. (67)

Furthermore, under the Lipschitz assumption on wug, the variation in the denominator can also be
controlled by the score deviation:

|Dj — 82| < C1 - Wa(pr, pi) < Ca - S(Br, Pr)s (68)

where the second inequality uses the relationship between the Wasserstein distance and score devi-
ation. Combining these bounds for both the numerator and denominator, and for a sufficiently small
score deviation such that Dy > 5?2 /2, we arrive at the final result. Since uy is L, -Lipschitz and
Dj = O(6?), we obtain:

<

(1~ 3-)02\/Dp - S(Br, i) + [Np| - O(S(Bk, p))

Ve — i < 69
¥ — il < D; (69)
202
< k. S(p . - .
< g Sep) - (VD5 +0() (10)
Since wy, is Ly, -Lipschitz and Dy = O(6?), we obtain:
. N Co2L, -
[ =il < =E5 - S(brs pr), (71)

Oék52

where C'is a constant that absorbs dimension-dependent terms and growth properties of wy.

F.4 ADDITIONAL REMARKS

Remark F.3 The constant C can be made explicit as C' = 2(1 + v/d + M, /§) where M,, bounds
the growth of uy,.

Remark F4 The score deviation S(py,pr) can be bounded by the discretization step size:
S(Pr, pr) = O(At) under standard regularity conditions.

Remark E.5 The bound becomes tighter as o, — 0, confirming that SteinDIiff is most robust in the
critical late stages of denoising where fine details emerge.

G PROOF OF THEOREM 4.10 FOR STABILITY ANALYSIS UNDER BOUNDED
RESIDUALS

Proof. To analyze the stability of SteinDiff, we examine the evolution of the expected squared error
relative to the latent ground truth x, rather than a deterministic ODE trajectory. Let e, = x; — x*
denote the error at step k, where * ~ 44t (). The update rule is given by:

xp—1 = (1 = Ji)xk + % To(xr), (72)

can then be expressed in terms of this error. By subtracting * from both sides, we obtain:
ep—1=xp—1 — & = (1 —Yi)(ex + ") + 5 To(xx) — @ (73)
= (1 —9n)er +n(To(xr) — ). (74)

To facilitate the analysis of its squared norm, we further decompose the term (Ty(x) — x*) by
adding and subtracting Ty (x*), which yields the key expression for the one-step error evolution:

ex—1 = (L= Jr)er + u(To(xr) — To(x")) + 3% (To(z") — 7). (75)

Contraction Component Local Consistency Error
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Taking the squared norm of this expression, ||ej_1]|, results in a sum of the squared norms of these
two components plus their inner product. We now bound each of these resulting terms.

First, we analyze the contraction component. A standard and powerful result for Krasnosel’skii-
Mann iterations on nonexpansive operators, such as the ODE discretization operator Ty, provides
a fundamental inequality. While a general nonexpansive operator has a Lipschitz constant L = 1,
discrete ODE solvers typically exhibit stronger local contractivity (L < 1) near the ground-truth.
This allows us to state that for some constant ¢ > 0:

11— A )er + 3 (To (@r) — To(* ) < (1 - ) lexl (76)
This term ensures that, in the absence of other errors, the iteration is contractive and converges.

Next, we address the terms involving the local consistency error, which arise because x* is not
solution of the discrete operator Ty. The cross-term from expanding equation 75 can be bounded
using the Cauchy-Schwarz inequality:

29k|((1 = Ax)er + Fr(To(xr) — To(x™)), To(x™) — )| (77)
< 29k [[(1 — Ak )ex + Fu(To(zr) — To(z™))[| - [| To(x™) — =~ (78)
< 2%llex] - | To(x™) — x|, (79)

where the last step uses the contractive property established above. The crucial observation that
connects this proof to our main robustness result (Theorem 4.9) is that the magnitude of this fixed-
point error is directly controlled by the score deviation. The analysis in Theorem 4.9 implies that
both the parameter error |;, — ;| and the local consistency error deviation are consequences of the
distribution shift, leading to:

Ep. [l To(x*) — a*||*] = O(S* (Br, pr))- (80)
Finally, we combine these bounds by taking the expectation of |lex_1||? over the distribution py,.
The expectation of the full expansion becomes:

Eller—1l] < (1 = c)Elllex|*] + 20uElllex]| - | To(2z") — =*[[] + FRE[| To(x") — w*HQ(]él)

Applying Young’s inequality to the cross-term (2ab < a? + b?) and using the fact that 7, € (0, 1],
we find that the terms involving the local consistency error are absorbed into a single additive term
of order O(S?(pr,, pr))- This establishes the final suboptimality bound for the iteration:

Efllze—1 — 2" < (1 = An)Elllzr — 2*|°] + O(S* (Br, pr)), (82)

thus completing the proof. ]

Algorithm 2 SteinDiff with Self-Consistency Correction

Require: Model g, Operator Tg, {t;, o4, 01, B}.
Initialize {mgi), To (m,(f:)), teyth—112,

(@4, 4%) « SteinDiff(\”, ty, t5_1, zq, {a, o})
ng — TwoStep(:c,gi), th, th—2)

w= IOg(Utkﬂ/Utk% log(atk?,;.)/atk)

w‘(ilz[) A (1 - ’U}) “ Ly, T W Tyyo

pr = exp(—la;) — 2|12/ (207_,))
WL el (1= )2l

return {w,ﬁ?ﬁl B,

xr

® XA N

G.1 FAST VARIANTS AND SELF-CONSISTENCY CORRECTION OF STEINDIFF

As we discussed, the KM formulation not only ensures convergence in inference time without any
reference solution guidance but also preserves the expressiveness of the vanilla DMs. In this section,
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we introduce a fast KM scheme from (Sabach & Shtern, 2017; Bot & Nguyen, 2023) with improved
rates. Specifically, for a > 2, xg, x1 € H, and 0 < s < 1, the iteration for k£ > 1 is:

s« s« (1-s)k
= (1- Aop L L
Tp—1 ( 2n>wk+2n o(Tr)+ ;

where 17 = k4 «. This fast KM scheme incorporates more information to achieve better contraction.
The contractivity of this fast KM version is guaranteed by the recent result in (Bot & Nguyen, 2023):

k
(Tr—Xpt1)+ %(Te(l’k) —To(Try1)), (83)

Theorem G.1 (Contractivity of Fast KM Scheme) For a nonexpansive operator Tg in a Hilbert
space, the fast KM scheme governed by Eq. (83) converges weakly to a solution of Tg and exhibits
a convergence rate for the consistency residual of O(k™1), i.e.,

l@, —@xil = O™) or [art — T@er)] = O,

Moreover, we also provide a self-consistency correction of SteinDiff in Algorithm 2, which can be
used for future information to further mitigate discretization errors caused by the update operator.

H EXPERIMENTAL SETUP AND DETAILS

Our experiments were conducted to validate the effectiveness of SteinDiff in enhancing state-of-the-
art ODE solvers, including DPM-Solver++, UniPC, and the Heun method, using their default public
implementations. We performed evaluations on several standard benchmarks with corresponding
pre-trained models: a CIFAR-10 EDM model, an ImageNet 64x64 model under both EDM and
logSNR noise schedules, and a Latent Diffusion Model for LSUN Bedrooms 256x256. Specifically,
experiments on CIFAR-10 and ImageNet were conducted using an NVIDIA 3090 GPU, while evalu-
ations on the LSUN Bedrooms 256x256 dataset utilized an NVIDIA 4090D GPU. Performance was
measured using standard metrics, including Fréchet Inception Distance (FID) and Inception Score
(IS), with FID scores computed over 50,000 generated samples. We also reported FD-DINOvV2,
which replaces the standard InceptionV3 encoder with a DINOv2 backbone for a more perceptually
aligned evaluation. The SteinDiff regularizer was implemented as detailed in Algorithm 1, utilizing
the Hutchinson trace estimator with five random vectors to approximate the divergence term. For the
main quantitative results, we employed a fast KM variant to ensure accelerated convergence while
maintaining theoretical guarantees. A small safeguard constant, €, was used to ensure numerical
stability during the computation of the regularization parameter ;.

Efficient Implementation. The main computational cost lies in evaluating the divergence term V - uy,
in Eq. (12), which naively requires O(d) vector-Jacobian products. We address this using the
Hutchinson trace estimator (Hutchinson, 1989). This reduces the computational cost to a single
vector-Jacobian product per sample. The estimator is unbiased and has been widely adopted in
modern deep learning applications (Grathwohl et al., 2019; Tsitsulin et al., 2020; Meyer et al., 2021).

Computational Overhead. The cost of computing the divergence for a batch of size B using m
Hutchinson samples is approximately m times the cost of a single vector-Jacobian product (VIP). In
practice, setting m = 5, we observe that the overhead remains manageable compared to the neural
network evaluation in T. It is important to note that Stein regularization can be deployed adaptively,
inserted at specific timesteps where geometric correction is most required, without being applied at
every timestep. Crucially, due to this sparse activation, the amortized computational cost of our
method is significantly lower than the cumulative cost of increasing solver sampling steps. This
ensures that SteinDiff remains more time-efficient than high-NFE baselines. Therefore, although
SteinDiff incurs a marginal overhead, it effectively circumvents the need for increased NFEs, model
retraining, or expensive schedule optimization, thereby offering a superior efficiency trade-off.

H.1 DETAILS

We implement SteinDiff as a standalone PyTorch module compatible with standard ODE solvers
(e.g., DPM_Solver). The design strictly adheres to the theoretical derivations in Section 4, enforc-
ing a post-hoc correction step to stabilize the sampling trajectory. The regularization mechanism
acts via the apply method. Rather than accepting the raw solver output x_t as the next state, we
enforce a KM formulation update using adaptive interpolation:

Tpew = (1 —7) x4+ 72y (84)
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Here, x is the current state, x_t is the candidate prediction from the ODE solver, and + is the
adaptive regularization parameter computed dynamically at each step. The module intercepts the
solver’s candidate state and the original state to output the final, stabilized result.

The numerical evaluation of the optimal regularization parameter ~y, following the closed-form
derivation in Eq. (12), is implemented within the compute_optimal_gamma method. The pro-
cess begins by defining the update residual v = x — x; and aggregating the batch-wise statis-
tics, specifically the inner product (u,z) (s_xu) and the squared norm ||u||? (s_uu). A criti-
cal step involves estimating the divergence term V - u. To this end, we provide two strategies:
an analytical approximation, which efficiently computes divergence solely on the linear compo-
nent of the ODE operator but ignores non-linearities; and a full divergence estimator, which uti-
lizes the Hutchinson trace method to capture the full residual divergence. The latter employs
torch.autograd. functional. jvp combined with antithetic sampling and Rademacher
distributions for variance reduction. Finally, these statistics are combined via Stein’s Identity to
solve for ~y, with the result clamped to a lower bound (typically 1e-6) to satisfy the convergence
constraints of Theorem 4.4.

To balance theoretical precision with computational cost, the module supports three configuration
modes controlled via initialization flags. The full mode estimates the full residual divergence (in-
cluding non-linearities) via the Hutchinson trace estimator at every step, maximizing theoretical
rigor at the cost of additional overhead. Conversely, the analytical-only mode relies exclusively on
the linear approximation of the ODE operator, adding negligible cost to the inference process. To
bridge these extremes, we design an adaptive mode that dynamically switches between estimators
based on the noise level o;. This hybrid approach utilizes the fast analytical approximation during
early, high-noise stages and transitions to the precise Hutchinson estimator in the critical low-noise
regime where fine-grained stability is paramount.

H.2 MORE EXPERIMENTS

We present further qualitative results demonstrating SteinDiff’s robustness across three critical
regimes. Figure 10 illustrates the severity of the contractivity trap at a strict budget of 5 NFE. Under
these conditions, standard solvers (UniPC, DPM-Solver++) suffer geometric collapse and signifi-
cant artifacts. SteinDiff (+DPM) effectively counters this drift by regularizing updates towards the
data manifold, preserving coherent object structures across diverse classes.

Even when baselines converge at higher steps (10 NFE), geometric regularization yields tangible
perceptual benefits. As shown in Figure 11, while DPM-Solver++ produces globally coherent sam-
ples, it often smooths over textures. SteinDiff recovers fine-grained details specifically by sharpen-
ing features such as animal fur and flower petals, which forces the generation trajectory to adhere
more closely to the underlying data geometry.

Regarding scalability, Figure 12 validates our Hutchinson-based trace estimation in high-
dimensional spaces. On the LSUN-Bedrooms 256 x 256 benchmark (LDM), SteinDiff achieves
a SOTA FID of 2.77 at 20 NFE. These results confirm that the proposed approximation remains
computationally effective and robust in latent spaces.

Finally, the sensitivity analysis in Figure 9 reveals high robustness to the Hutchinson probe count m.
Even a single probe (m = 1) yields significant gains over the baseline, and performance saturates
rapidly at m = 5, indicating that our scalar regularization parameter is inherently insensitive to
gradient estimation noise.
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—4- DPM-Solver++

—»— SteinDiff (m=1)
¥ SteinDiff (m=2)
3 —A— SteinDiff (m=3)
16 R ~8— SteinDiff (m=5)
~ —e— SteinDiff (m=10)

5 6 8 10 12
NFE

Figure 9:  Sensitivity analysis of the Hutchinson probe count (m) on CIFAR-10. We compare
SteinDiff with varying probe counts m € {1,2,3,5,10} against the DPM-Solver++ baseline. The
results demonstrate that SteinDiff is highly robust to estimation noise, significantly outperforming
the baseline even with a single probe (m = 1), and performance saturates rapidly at m = 5.

(a) Animals Subset (5 NFE)

Figure 10: Overcoming the contractivity trap at extreme sparsity (5 NFE). While Efficient solvers
like UniPC and DPM-Solver++ (DPM++) suffer from severe structural collapse and artifacts due to
insufficient contractivity at large steps, SteinDiff (Our+DPM) successfully stabilizes the inference
trajectory of efficient ODE solving. By explicitly correcting the geometric drift, our method pre-
serves semantic fidelity across diverse categories (Animals, Objects, Nature).
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(a) Animals Subset (10 NFE)

(b) Objects Subset (10 NFE)

@Iifaﬁ
22 ¢

(c) Nature Subset (10 NFE)
Figure 11: Enhanced fine-grained detail reconstruction at 10 NFE. Comparison between the base-

. \E e
line DPM-Solver++ (DPM++) and our SteinDiff-regularized version (Our). Even when the base-

line achieves convergence, SteinDiff significantly refines high-frequency textures (e.g., animal fur,
flower petals) and sharpens object boundaries. This demonstrates that our reference-free Stein reg-
ularization improves perceptual quality by adhering closer to the data manifold.
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Figure 12: Samples generated by using SteinDiff for efficient DPM-Solver++ solving on LSUN
Bedroom at 20 NFE. Achieving a SOTA FID of 2.77, these results empirically validate that our
Hutchinson-based trace estimation remains robust and effective in high-dimensional latent spaces,
effectively countering concerns regarding scalability and approximation errors.
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