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Abstract. Benefiting from the strong ability to capture data distribu-
tions, diffusion models have become powerful tools for solving image
inverse problems. The key is to controllably steer the sampling trajec-
tory toward the measurements while respecting the diffusion prior. In this
work, we introduce Stochastic Optimal Control Sampling (SOCS), which
models the denoising process as a dynamical system and injects control
signals via SOC. Previous SOC-based approach addresses inverse prob-
lems by optimizing over the entire trajectory, which is computationally
expensive. In contrast, we derive a closed-form control update and apply
it at each sampling step, pulling the measurement-consistent clean pre-
diction back onto the denoising flow. In SOCS, we can readily modulate
the control strength to align with the diffusion model’s native capabilities
and thereby enhance perceptual quality. Our method is compatible with
a variety of linear stochastic differential equation backbones. Extensive
experiments across a broad spectrum of image inverse tasks demonstrate
that SOCS achieves accurate measurement-aligned reconstructions with
improved visual fidelity and stronger quantitative performance. Code is
available at https://github.com/zjqwq01/S0CS-DIP.

Keywords: Diffusion model - Inverse problem - Stochastic optimal control

1 Introduction

Image inverse problems [10,/11,[26] are pervasive in science and engineering, from
image super-resolution to more challenging nonlinear degradations. The goal is
to reconstruct the ground-truth image from degraded measurements. The cen-
tral difficulty stems from a degradation operator that is many-to-one and often
nonlinear, which renders the solution inherently non-unique. Effective inversion
therefore requires strong priors that should be leveraged efficiently. From this
perspective, diffusion models [13H15,[33H35] are especially promising for inverse
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Fig. 1: Illustration of our method (an example on a random inpainting task).
We incorporate stochastic optimal control into sampling so that, at every step, the
optimal control policy pulls the measurement-consistent clean estimate back onto the
denoising trajectory, preserving fidelity while honoring the diffusion prior.

problems. They learn expressive generative priors that capture high-order statis-
tics and geometric structure of natural images, and enable principled posterior
sampling by conditioning score-based dynamics on measurements. As a result,
diffusion models have become compelling foundations for inverse problems.

To generate images that are both measurement consistent and remarkably
faithful, one way is to retrain diffusion models for a specific inverse task
, which however requires massive data and incurs heavy computational
cost. A more efficient way is to inject measurement information into the de-
noising process of a pretrained diffusion model. The current mainstream of such
training-free methods lies within a Bayesian sampling framework, see, e.g., .
They approximate the conditional score by replacing it with a simple function of
the noise-free data likelihood and use such approximation to steer denoising to-
ward the measurements. Enforcing measurement consistency along the trajectory
naturally calls for controlling the diffusion process to satisfy the measurements.
To design such a control signal in this direction, [1] established the foundational
theoretical connection between diffusion processes and stochastic optimal control
(SOC) and later applies SOC to diffusion inverse problems by designing a
traditional iLQR controller , which optimizes the entire diffusion path via
iterative rollouts; consequently, it requires second-order Taylor updates, which
demand Hessians and lead to high memory usage and long runtimes.

In this work, we introduce a new framework to apply SOC in diffusion in-
verse problems, termed Stochastic Optimal Control Sampling (SOCS). Instead
of relying on iLQR-style trajectory controllers, we integrate SOC into the step-
wise stochastic routine of the diffusion model, which avoids costly higher-order
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computations and enables the use of a pretrained unconditional diffusion prior
without retraining. As shown in Fig. [T} at each iteration we first obtain a pre-
liminary clean estimate by advancing the reverse-diffusion probability-low ODE
with a few Euler steps, second enforce consistency of this estimate with the mea-
surement, and third map the estimate back to the denoising manifold through
a closed-form transport. Our method rests on a natural intuition that an un-
controlled diffusion prior already produces high-quality samples, and excessive
control will drive the process away from its native manifold, thereby undermin-
ing this ability. In light of this, we adopt controllers with bounded amplitude
and provide a series of theoretical foundations to justify this design. Accordingly,
SOCS not only penalizes the terminal state but also deliberately and gently mod-
ulates the amplitude of intermediate information injection, aligning the denois-
ing process with the model’s intrinsic generative capacity. Moreover, our method
requires at most first-order Jacobians, yielding wall-clock times comparable to
sampling-based baselines while preserving the benefits of SOC guidance.
Empirically, our method delivers substantial gains over existing approaches
across a broad spectrum of inverse problems and applies to all linear stochastic
differential equation (SDE) formulations [33], including the classical variance-
exploding SDE (VE-SDE) and variance-preserving SDE (VP-SDE). Quantitative
experiments show that tuning the strength of the injected control markedly
improves generative performance. We further extend SOCS to various Latent
Diffusion Models (LDMs), including traditional diffusion-based frameworks and
state-of-the-art Flow-Matching (FM) variants, demonstrating its compatibility
with high-resolution image restoration across different generative paradigms.

2 Background

2.1 Diffusion Models

Diffusion models |13}/14,/33135| learn a generative prior by inverting a gradual
noising process. Let xg ~ pdgata and choose a noise schedule o; that increases
from op = 0 t0 o7 = Opmax, S0 the forward marginals p(x;) = p(z; 01) are Gaus-
sian—smoothed versions of pgata. In the SDE formulation, the forward dynamics
can be written as dz; = fi(x¢)dt + gidw,;. With f; the drift and g, the diffu-
sion scale (e.g., VP or VE choices), the reverse-time SDE relies on the score
V. log p(ay; 04) to correct the trajectory back to the data distribution. Genera-
tion transports xp ~ N(0,0%1) back to data by integrating the reverse dynam-
ics, where the score is approximated by a network sg(x¢,01) = V., logp(z+; 0¢).
An equivalent training view predicts the injected noise under xz; = /@ xo +
V1 — aue, where @, is the cumulative decay factor and € ~ N(0, I), minimizing
Eyg et [w(t)|le — eo(ze, 1)]|?], which yields sp(z¢,t) & —eg(zy,t)//T — ay. Alter-
native output formulations that predict clean image xy or the noise € are alge-
braically equivalent and map to the same reverse process via simple reparame-
terizations that are invertible.
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2.2 Bayesian Inverse Problems with Diffusion

Inverse problems seek to recover a clean signal from degraded measurements.
Let the degradation process be modeled as y = H(xg) + n, where H is the
degradation operator, xg is the unknown clean data, y is the measurement, and
n ~ N(0, BZI ) is additive Gaussian noise. In a Bayesian formulation that treats
uncertainty explicitly, the likelihood is p(y | z0) = N (H(x0), B21), and solving
the inverse problem amounts to sampling from the posterior p(zq | y).

Given access to the measurement y, by Bayes’ rule the conditional score can
be written as:

Valogpi(zs | y) = Valogpi(x:) + Valogpe(y | 2).

Here, the term V,logp:(z:) is readily available from a pretrained diffusion
model, whereas the noise-likelihood term V. log p;(y | «+) is generally intractable.
A variety of methods [2,/5,/23,/42,/45] have been proposed to estimate or circum-
vent this term. DPS [5] approximates the likelihood via the posterior mean of
the clean signal, replacing p(y | ;) with p(y | &o), where &y = E[zg | z4].
Building on this perspective, [23]| argues that the recursive nature of denois-
ing induces a complex, multi-modal posterior that is difficult to approximate
with simple forms, and therefore proposes a variational-inference approach to
infer the posterior of the data given observations. DAPS [42] mitigates the step-
size dependence of conventional denoising by decoupling the continuous process,
which enables later steps to effectively correct errors made earlier. In practice,
sampling methods developed under the Bayesian framework commonly employ
a guidance term of the form V,, |H(z;) — y||3. Without approximating the noise
likelihood term, we jointly model this term together with the model prior as a
single control signal and modulate it in a unified way. This yields a guidance
behavior similar to those approaches and, from the SOC perspective, establishes
the necessity of this term.

2.3 Diffusion with Stochastic Optimal Control

Integrating stochastic optimal control (SOC) into diffusion-model sampling has
emerged as a promising guidance paradigm. DIS [1] first established a founda-
tional link between diffusion processes and SOC, motivating practical formula-
tions. Building on this theory, RB-Modulation [28] applies SOC to diffusion-style
personalization, framing it as an optimal control problem. Relevant to our set-
ting, UniDB [44] formulates the forward noising of diffusion bridges within an
SOC framework on image restoration tasks and introduces a simple controller
linked to Doob’s h-transform that shows strong detail preservation. However,
it requires retraining whenever terminal penalties or other settings change. [20]
solves inverse problems by formulating reverse diffusion as an optimal-control
problem and derives a practical controller that improves stability and data con-
sistency across operators, although computing and storing Hessian matrices im-
pose substantial costs. To address these challenges, we model the denoising pro-
cess to obviate retraining and integrate SOC at each step, thereby avoiding
higher-order computations and substantially reducing runtime.
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3 Method

3.1 Inverse Problems under an SOC Formulation

Inverse problems aim to recover the original signal from noisy measurements y.
With a similar goal, SOCS formulates a stochastic optimal control (SOC) prob-
lem whose constraint is a reverse-diffusion linear SDE initialized from random
noise, with drift f(z,t) = fiz¢, where f; is some scalar-valued function. To align
with standard SOC modeling, we let ¢t = 0 denote the pure-noise initialization
and t = T denote the final clean-image time. The objective steers the reverse de-
noising trajectory toward a prescribed terminal state by minimizing the squared
Euclidean residual ||H(x7) — yl|3.
Specifically, our SOC problem with H under linear SDE can be written as:

min E
u; €U

T
[ Mool 3l - e ]

s.t. d$t = (ftxt + gtutﬁ) dt + gt dwt.

(1)

Interpretation (prior proximity via control energy). By Girsanov’s the-
orem, the control energy upper-bounds the KL deviation of the controlled ter-

minal distribution from the diffusion prior: Dxp,(Q7|Pr) < 3+ E [fOT |t I3 dt} .

A detailed proof can be found in Appendix.
Interpretation (posterior sampling). The SOC objective in Eq. induces

dQ;ath
AP X exp( —

o(x7)), ¢(@r) = L|ly—H(zr)|3, hence ¢j(x) o pr(z) exp(—¢(x)). Under Gaus-
sian noise, ¢(x) is proportional to the negative log-likelihood, so ¢r admits a
posterior-sampling interpretation. More details are provided in AppendiX.
Theorem 3.1. Under linear dynamics, additive zero-mean control-independent
noise, and a quadratic terminal cost (or a Gauss-Newton linearization of H), the
certainty equivalence principle |3|[28] implies that the optimal controller remains
the same. Thus, we obtain the following SOC problem with deterministic ODE
condition:

a Gibbs reweighting of the diffusion prior on path space

uy €U

T
min / Ly || dt + 3|y — Hwr)| @
0

st dxy = (fize + goue ) dt.

A key observation is that we can derive a closed-form solution for the SOC
problem Eq. (2)). Denote da_; = (I+ v eI g2 Jy(28)T o H)fl,fs;t = f; f.dz
and g2, = fst e’szggdz, we simplify notation to f; and g2 for fo.; and g2,.
Here Jp(«%) is the Jacobian of H(z) evaluated at x%., and the symbol o denotes
operator composition. The optimal controller uy could be calculated:

uy,, = —gwef”d&}yJH(x%)T (efT’H(xO) — y). (3)
Therefore, transition of x; from xg is:

zp = eltag + 'yeftengfd(;}YJH(x%)T (y — efTH(xo)). (4)
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The detailed derivations of Eq. and Eq. are provided in Appendix.
The above discussions hold for all linear SDEs, covering both the VE-SDE and
VP-SDE. Existing Bayesian sampling methods [5,|42] inherently assume an in-
finite terminal penalty with ~ driven to infinity. In practice, treating v as a
tunable hyperparameter can be more effective. In the next section, using the
VP-SDE as a running case, we examine how different approximations to ‘H and
the choice of the terminal penalty affect Eq. and present two main variants
of the method.

3.2 Case Study: SOCS-VP-SDE

In this section, we apply our posterior-sampling pipeline to VP-SDE. In the
VP-SDE, the forward noising dynamics are dz; = f% (t)xedt + +/B(t)dw,

where the drift term —% (t)x¢ linearly contracts the state toward the origin, and

the diffusion term /3(¢) injects Gaussian noise under a time-varying schedule.
We take (t) = g(t)%.

SOCS-VP-Nonlinear-v. Eq. makes clear that x; consists of a baseline term
eltxy together with an affine data-consistency correction. The latter is formed
by back-projecting the measurement residual from measurement space to image
space via the Jacobian adjoint Jy;(z%)", and modulating it with a time-varying
gain. Using g2 = e~2/* — 1, Eq. (@) can be equivalently recast as:

Ty = ef‘xo + 'yefT (e_f” — eﬁ)iT,
(5)

T

1>

(1470 = ) ()T o) 0 J(@) Ty — P H(z0)).

In practice, the Gauss—Newton inverse of the regularized normal matrix de-
fined in Eq. is typically challenging to handle. We use Z7 to denote the
Gauss—Newton update , and compute it via an implicit solve instead of an ex-
plicit matrix inverse. Equivalently, we solve (I +~(1—e/7)Jy (x%) T o H)(27) =
Jy (%) T (y — e/TH(20)). Leveraging Langevin dynamics [39] sampling, we refine
Z7 via a stochastic-gradient step on the corresponding data-consistency energy:

w5 =5 =0V (142 = M) Ju(a)T) 0 (i)

— Ju (@) " (v — e’ H (o)) H2 +v/2n¢;,
where 7 > 0 is the step size and €; ~ N(0, ). Unlike previous methods [4-6}42],
which motivate the update from a Bayesian posterior estimation and invoke the
gradient of the quadratic data-fidelity loss, here an analogous quadratic guidance
term arises naturally from the SOC formulation. Since we do not approximate
the degradation operator and explicitly retain the terminal penalty coefficient
v, we refer to this sampling scheme as SOCS-VP-Nonlinear-v.
If we disregard the running cost in the SOC formulation by taking v — oo,

(6)

then, since lim., o 'ydaé = ﬁ(c]y(x%)—r o ’H)_l. Eq. simplifies:
T
ft th eﬁg? w\ T -1 w\ T
pe=of (L Tyag + I () To ) o dne) ). ()
97 e/Tgp
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. . .. . -1
Following the SOCS-VP-Nonlinear-vy spirit, we set &1 = (JH(QU%)T o H) o
Jy (%) T (y). This amounts to solving Jy (z%) " o H(ér) = Ju(2%) " (y), we en-
force H(Zr) = y as a sufficient measurement-consistency condition that satisfies
the preceding equation. We then refine £7 using Langevin dynamics:

W = i -V [ M@ -yl + V/2ne;. (8)

According to [42], as n — 0 and j — oo, the iterate ijT approximately follows
p(&7 | ,y). We view this optimization as a special instance of Eq. @, which
we denote as SOCS-VP-Nonlinear-oo.

SOCS-VP-Linear. Furthermore, if we take the regime v — oo and adopt a
linear approximation of the degradation operator, Eq. reduces to:

_ a2 fe 72
fe 9i € gy Tan—1q,T
ry=elt (1l — =)o + — H H) H , 9

HT()

where the coefficients in front of zo and H'(y) are time-dependent constants
that can be precomputed offline. Because H'(y) assumes exact access to the
pseudoinverse, which is rarely available in practice, we adopt a pragmatic two-
step scheme. Within the EDM framework, we first produce a coarse prediction
xr(x¢) using a few-step Euler ODE solver, however, this prediction may not fully
align with the low-quality input in the degenerate subspace. Following [17}38],
we enforce measurement consistency by projecting onto the affine subspace {z €
R™: H(z) = y}:

Er(ze) = (I — HH)zr(z) + H(y). (10)
Details for H(-) and H'(-) are given in the Appendix.

In all cases above, once we obtain the projected estimate Zr(z;) from Eq. (10)
in the linear setting, or the MCMC-refined estimate from Eq. @ and Eq.
in the nonlinear or finite-y setting, we apply SOC to pull the resulting £ back
onto the denoising manifold at time ¢ by substituting it into the corresponding
closed-form expression for x;. This continues the reverse-time sampling with
measurement consistency and SOC guidance. Under a locally linear and well-
conditioned observation model, SOCS-Linear regime yielding a stable closed-
form affine projection onto {x : H(z) = y}. The SOCS-Nonlinear regime retains
the full Jy(-) with a finite 7, preserving the geometry of the prior manifold
under strong degeneracy or model mismatch and enabling multi step likelihood-
guided refinement. As emphasized in [42|, to enhance robustness, we decouple
consecutive states x;ya; and z; along the entire sampling trajectory so that
the sampler can correct global errors that arise early in denoising, rather than
restricting the distance. Algorithm [I] provides the detailed procedure.

As shown in 7?7, the computational overhead of the Langevin refinements is
minor relative to diffusion model evaluations, since the dominant cost typically
stems from the neural network rather than the measurement operator H. For
completeness, we also present the linear-SDE case instantiated as a VE-SDE in
Appendix. Moreover, we extend SOCS to latent diffusion models (LDMs) and
flow-matching models (represented by SD3), details are provided in Appendix.
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Algorithm 1 SOCS (Stochastic Optimal Control Sampling)

Require: Score model sg, measurement y, operator H, time grid (ti)fio

1: Sample x;, ~ N (0, I)

2: fori=0to N —1do

3: X7t <—xg)(xti) > few step ODE sampling with sg
4: if mode = Linear then

5: X7y, — (I — HIH) x5, + Hly > Eq.
6: else if mode = Nonlinear-y then

T for j =0 to Nipner — 1 do

8: nglzl) — REFINE()A((Yzl)ti) > Eq. for v — oo/Eq. (EI) for general cases.
9: end for
10: Ky,  Kgimer)
11: end if
12: Project Xp¢, to SOC manifold, get x¢, ., > Eq. @
13: end for

14: return xy < Xn

SDVLS | (f) High dynamic range

Fig. 2: Representative samples of SOCS. Our method leverages stochastic optimal
control (SOC) to provide an efficient, theoretically grounded framework for diffusion
inverse problems. In (a)(b), we present VP-SDE results on FFHQ and ImageNet-256,
respectively; in (c)(d), we showcase VE-SDE results on LSUN Church and FFHQ; in
(e)(f), we show natural images at a resolution of 512.

3.3 Comparison with posterior sampling methods

Existing posterior sampling methods enforce data consistency by steering the
reverse denoising process with measurement guidance. This includes approxi-
mating p;(y | #;) with an isotropic Gaussian [5,[32], projection-based correc-
tions [5/6], and subsequent optimization refinements [4,[25,[401[42,[45]. Although
implemented differently, these approaches ultimately rely on the same core term
Vo, |H(x:) — y||3, which injects observational information into prior-driven dy-
namics. We provide the first stochastic optimal control justification of this term.
In SOCS-Nonlinear, the standard gradient guidance emerges as a special case
in the limit v — oo, whereas for finite v our framework yields an optimal feed-
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Fig. 3: SOCS vs DAPS on 2D synthetic data. SOCS Fig. 4: Data error versus cumu-
exhibits a more direct refinement trajectory. lative deviation budget.

back that minimizes control energy under a terminal measurement penalty. Both
SOCS and DAPS [42]| benefit from trajectory decoupling, Concretely, at each
outer step k, they first predict a clean image a7, from the current state z, then
run gradient-based Langevin refinement to improve data consistency and obtain
27k, and finally project back to the denoising trajectory to produce x4 . Fig.
compares SOCS and DAPS on a two-dimensional nonlinear inverse problem with
a Gaussian mixture prior. We visualize the sampling trajectories {x}:c[o,1) for
both methods, and within the first step we additionally show the inner refine-
ment path x7 ¢ — 7,0, where intermediate Langevin iterates are connected by
dashed segments. SOCS exhibits a more direct refinement trajectory. In Fig. [4]
we further quantify the budget—consistency trade-off using §;, which character-
izes the optimization trajectory from x7j — &7 . Benefiting from the optimal
control objective, SOCS consistently attains lower data error than DAPS under
a smaller cumulative deviation budget >, E[|dx||3, which cannot be achieved by
Langevin refinement driven solely by V., | H(z;) — y||3. We provide additional
discussions in Appendix.

4 Experiments

4.1 Experimental Setup

We evaluate our three sampling variants using the FFHQ model pretrained by [5]
and the ImageNet pretrained model provided by [8]. As discussed in Sec. |3 we
adopt the EDM time discretization and noise schedule. For each time t, we
estimate zp(x;) with a few-step Euler ODE solver.

For all linear tasks, we use 4 ODE-solver NFEs and 250 reverse-denoising
steps and for nonlinear tasks, we use 8 ODE-solver NFEs and 500 reverse-
denoising steps. Detailed settings for SOCS-Linear, SOCS-Nonlinear, and SOCS-
Nonlinear-v, including model configurations, samplers, denoising scheduler and
other hyperparameters are provided in the Appendix. We also report an ablation
on the terminal-penalty coefficient - to investigate its impact on reconstruction
quality, along with other ablation studies.

Datasets and metrics. Following convention, we evaluate on FFHQ 256 x
256 |16] and ImageNet 256 x 256 [7]. For assessment, we use 100 images from the
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validation split of each dataset. We include Peak Signal-to-Noise Ratio (PSNR),
Structural Similarity Index (SSIM), Learned Perceptual Image Patch Similarity
(LPIPS) [43] and Fréchet Inception Distance (FID) 12| as evaluation metrics.

Inverse problems. We evaluate our method on a suite of linear and nonlin-
ear tasks. For linear inverse problems, we include: (i) x4 bicubic super-resolution;
(i) Gaussian deblur with a 61 x 61 kernel and standard deviation 3.0; (iii) motion
blur generated using 61 x 61 kernels with blur strength 0.5; (iv) inpainting, where
box inpainting masks a random 128 x 128 square and random inpainting masks
70% of pixels; (v) super-resolution + inpainting, which first applies a random
30% — 70% pixel mask followed by x4 bicubic downsampling.

We further consider three nonlinear inverse problems: (i) phase retrieval,
where we apply the Fourier transform to each image and keep only the magnitude
as the measurement. Given the task’s inherent difficulty, following prior work
[5,42], we use an oversampling rate of 2.0 which is a standard choice to mitigate
the ill-posedness and report the best result over four independent runs; (ii) High
dynamic range (HDR) reconstruction, which aims to recover a higher—dynamic-
range image from a low—dynamic-range input, with the expansion factor set to
2; (iii) For nonlinear deblurring, we follow the default configuration described
in [37] under the same protocol and parameter settings.

For both linear and nonlinear tasks, we report the mean performance (PSNR,
SSIM and LPIPS) across 100 validation images. The FID scores are evaluated
with the same 100 validation images. To conform with the noisy inverse-problem
setting, we corrupt all measurements, both linear and nonlinear, with additive
white Gaussian noise of standard deviation 3, = 0.05. For experiments based on
SD-v1.5, we instead use 8, = 0.01, while for SD3 we set 8, = 0.03. Complete
task specifications and hyperparameter are provided in the Appendix.

Baselines. For VP-SDE, we compare against DPS [5], DDRM [17], DDNM
[38], DCDP |22|, FPS-SMC [9], DiffPIR [45], DAPS [42] and DOC |20] which
also use SOC. Note that DDRM, DDNM, and FPS-SMC are limited to linear
inverse problems and do not handle nonlinear cases. We especially include RED-
diff [23] for nonlinear experiments. For VE-SDE, we benchmark against MCG |6]
and ScoreSDE 35|, focusing on the inpainting tasks. In addition, for SD v1.5
based latent diffusion experiments, we report results for LatentDAPS [42] and
PSLD |29|. For flow-matching (FM) models, we include PSLD, LatentDAPS,
FlowChef |24], and FlowDPS [18] as additional baselines.

4.2 Main Results

We report quantitative results for the linear experiments on the FFHQ and Im-
ageNet datasets in Tab. |1} and for the nonlinear experiments in Tab. 2| Together
with the qualitative comparisons in Fig. [2] our method achieves comparable or
superior performance across all tasks.

The observed preference between the linear and nonlinear variants follows
the conditioning and local linearity of the observation model. When the forward
map behaves linearly and remains well-conditioned, the linear variant approx-
imates Jy ~ H with v — oo and performs a stable affine projection onto the
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Table 1: Quantitative evaluation on FFHQ and ImageNet across 6 linear
tasks. We compare methods on FFHQ (left) and ImageNet (right). The best and
second-best results are indicated by bold and underlined marks, respectively.

| Method

FFHQ (256%256)

ImageNet (256 x256)

Task
| [PSNR (1) SSIM (1) LPIPS (1) FID ()|PSNR (1) SSIM (1) LPIPS (1) FID (1)
SOCS-Linear 2851 0.797 0165 72.99 | 26.42 0.733  0.340 93.77
SOCS-Nonlinear | 28.39  0.772 0150 74.82 | 2610  0.672  0.277 102.51
SOCS-Nonlineary| 28.66  0.800  0.166  76.86 | 2636 0708 0283  97.54
DAPS [42 2831 0.768  0.149 7475 | 25.95  0.667  0.335 112.60
Super DPS 5| 2425 0677 0190 8433 | 2256 0574  0.387  155.01
er DDRM [17 2753 0.796 0180 9219 | 24.90  0.673  0.308  183.50
Resolution 4> \phNp (3] 2793  0.808 0170  91.15 | 25.02  0.694 0306 158.35
DCDP [29] 26.06  0.629 0322 118.09| 23.83 0548 0511 16258
FPS-SMC [0 29.02 0.828 0231 10656 24.64 0671 0340 174.98
DiffPIR [45] 2648 0.733 0272 7462 | 24.04 0616 0308  97.72
RED-diff 23] 2546 0591 0391 130.71| 2312 0504  0.546  163.79
DOC [20] 2715 0.790  0.173  90.96 . - - -
SOCS-Linear 2422 0794 0109 5321 | 20.05  0.741 0263  160.89
SOCS-Nonlinear | 2427 0742  0.135 5526 | 2040  0.702 0248 117.96
SOCS-Nonlinear~y| 24.45  0.826  0.092 43.79 | 20.51 0.772  0.209 113.67
DAPS 2441 0753 0117 5151 | 20.05  0.702 0246  130.05
Inpaint (Box)  |DPS 2349  0.804 0134 6218 | 1897  0.717 0269 124.78
DDRM 2218 0818 0126 6287 | 1872  0.739 0235 125.26
DDNM 2414 0.837 0117 4896 | 1846  0.752 0238 117.25
DCDP 2449 0776 0206 4717 | 17.44  0.656 0261  167.07
FPS-SMC 2470 0828  0.126 4529 | 19.83  0.743 0200 125.73
SOCS-Linear 2031 0.834 0105 77.09 | 2844 0790  0.175  91.92
SOCS-Nonlinear | 30.13  0.820  0.093 5542 | 2805  0.754  0.102  55.44
SOCS-Nonlineary| 30.63 0.872  0.065 52.73 | 2875  0.808 0108  53.02
DAPS 2966 0.800 0000 5457 | 28.76 0789  0.145  54.41
Inpaint (Random)|DPS 28.30 0.812 0.132 71.74 26.59 0.736 0.254 98.27
DDRM 2580 0774 0.166 10358 | 2263  0.742 0271  219.72
DDNM 2017 0.850  0.092  64.65 | 26.55 0.868  0.131  99.36
DCDP 3012 0.835 0105 6209 | 2641 0731  0.167  68.22
FPS-SMC 27.68  0.824 0213 104.22| 2650 0707 0233  68.96
DOC 2770 0795 0132 100.51 . - - -
SOCS-Linear 2721 0.762 0195  86.36 | 2553  0.697  0.384 142.82
SOCS-Nonlinear | 26.75 0714 0191 9479 | 24.65 0569  0.346 134.14
Inpaint&SR SOCS-Nonlineary| 27.29  0.780  0.180 82.30 | 25.73 0.708  0.344 123.85
DAPS 2722 0.757  0.166 8251 | 2548  0.686  0.309 118.82
DPS 23.00  0.640 0213  87.87 | 2145 0533 0425 166.25
SOCS-Linear 2721 0.785 0190  98.13 | 25.38  0.720  0.275 111.49
SOCS-Nonlinear | 2852  0.788 0179  76.12 | 2632 0708 0313 106.00
SOCS-Nonlineary| 28.79 0.821  0.162 70.36 | 26.67 0.740 0282  110.69
DAPS 2846  0.809 0169 7354 | 26.37  0.697 0207  109.61
Goussian DPS 2530 0.706 0215 7487 | 2284 0587 0312 115.02
! DDRM 27.68  0.756 0224 9525 | 27.81  0.639  0.333 12455
Deblurring DDNM 2825  0.801 0220 7223 | 23.82  0.657  0.323 211.84
DCDP 2773 0784 0218 7LT4 | 2512 0.690 0420 14246
FPS-SMC 27.05 0770 0284 12298 | 23.09 0588 0417 22059
DiffPIR 2542 0.714 0345 119.64| 2325  0.646 0340 19575
RED-diff 2634 0592 0240 7209 | 2424 058 0202  108.00
SOCS-Linear 2653 0724 0196  93.62 | 25.38  0.720 0275 11148
SOCS-Nonlinear | 29.74  0.790  0.128  70.28 | 28.36  0.749 0203  72.83
SOCS-Nonlineary| 30.39  0.828  0.104 72.32 | 28.91 0.773 0204  90.51
Motion DAPS 2949  0.829 0110 55.66 | 27.76  0.765  0.182 64.79
Deblurring DPS 2648 0750 0137 7014 | 2512 0.682 0272 100.31
DCDP 2585  0.736 0174 8773 | 2371 0.648 0414 177.72
FPS-SMC 28.66  0.820  0.139  67.92 | 26.66  0.680  0.339  87.92
DiffPIR 2577 0725 0356 13146 | 2470  0.678  0.369  102.73
DOC 2587 0.759 0199 9276 . - - -
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Table 2: Quantitative evaluation on FFHQ and ImageNet across 3 nonlinear
tasks. We compare methods on FFHQ (left) and ImageNet (right). The best and
second-best results are indicated by bold and underlined marks, respectively.

Task | Method | FFHQ (256%256) | ImageNet (256%256)
| |PSNR (1) SSIM (1) LPIPS (J) FID ({)] PSNR (1) SSIM () LPIPS () FID (})

SOCS-Linear - -
SOCS-Nonlinear |28.7343.01 0.75940.073 0.11940.070 52.43 |24.7416.46 0.710, 515 0.26340.200 96.70
SOCS-Nonlinear-v| 20.59 5 g5 0.808+0.050 0.072. ¢ 0 44.86 | 24.90, ;55 0.7160.201 0256, 507 89.42

Phase Retrieval

DAPS 29.8812.35 0807,y 0.069:0.030 45.33 |25.05:7.11 0.68710.230 0.25310.214 95.92
DPS 16.2945.45 044250192 0.388+0.150 137.81 |15.8943.86 0.445:0.150 0.41340.127 201.93
DCDP 28.0615.64 0.75450.351 02570272 69.56 |23.054651 0.62420.257 0.29040232 119.47
RED-diff 16.8317.810 0.52140202 0.57910.200 209.75 |14.3615.38 0.398:0.120 0.579%0.129 220.99
SOCS-Linear 21731236 0.64710.00s 0.28610.0s1 113.90 [20.7043.05 0.564x0.150 0.47940150 193.74

SOCS-Nonlinear |28.2941.55 0.76910.035 0.16940.051 73.36 |26.1112.85 0.70430.0s0 0.26210.102 111.88
SOCS-Nonlinear-y| 2842, , ¢, 0.78610.037 0.15740.050 68.20 |26.81 ,;, 0.740.0.069 0.20150.106 80.51

Nonlinear Deblur

DAPS 28104162 0.762+0.030 0.153, 35 69.45 [27.061251 0.733 (066 0.205. g5 83.81
DPS 23.0542.24 0.637+0.087 0.22610.076 90.69 [21.981262 0.5514+0.144 0.44310.149 207.94
DCDP 274449 45 0.770+0.068 0.186+0.054 58.41 |26.0740.15 0.620+0.113 0.21640.113 53.71
RED-diff 29.1640.08 0.783, 051 0.146.10.055 63.22 |25.0840.65 0.584+0.130 0.24440.046 55.75
SOCS-Linear 25.9641.84 0.767+0.058 0.112. 145 63.87 22514367 0.74410100 0.17940.082 72.35

SOCS-Nonlinear | 26.30, 5 4, 0800, 7 0.118%0.061 6154 |24.24,, 50 0757, 117 0152, 09, 60.72
High Dynamic  |SOCS-Nonlinear-vy|24.31:3.11 0.82510.0ss 0.10810.073 69.05 |21.8814.51 0.76810.121 0.14810.083 87.64

Range DAPS 26.924335 0.792:00s4 0.14550.006 55.00 |25.214405 0.71440.116 0.167+0006 62.37
DPS 24531530 0.66010.180 0.27010021 79.48 |19.8316.46 0.603:02s0 0.538:0245 179.90
RED-diff 21.261255 0.61710.0s0 0.269+00s1 97.15 |22.851331 0.602:012s 0.27910135 87.19

Measurement Reference Sample 1 sample 2 sample 3 Measurement Reference sample 1 Sample 2 sample 3
s 1 i m | G

- -

~ -

» . 1

& " '

(a) Super resolution by a factor 16 (b) 192 x 192 box inpainting

Fig. 5: Sample diversity. We present several diverse samples generated by the SOCS
under two sparse measurements. SOCS produces a variety of samples with distinct
features, including differences in expression, wearings, and hairstyles.

measurement-consistent set, which cooperates with the diffusion prior and avoids
unnecessary iterative refinement. In the presence of strong degeneracy, large null
spaces or spatially varying operators, or noticeable model mismatch, the non-
linear variant retains Jy(-) with a finite v and conducts multi step Langevin
guidance that respects the geometry of prior manifold and better resolves ambi-
guity without introducing projection artifacts.

Nonlinear forward models further accentuate this preference. Nonlinear de-
blurring involves state-dependent point spread functions that invalidate a global
linear approximation, and high dynamic range formation includes saturation and
tone-curve effects that break linearity. SOCS-Nonlinear addresses these cases via
Jacobian-aware refinement and controlled guidance, enforcing data consistency
while maintaining trajectory stability. Phase retrieval is magnitude based and
discards phase, so no bounded linear pseudoinverse H! exists to map amplitude-
only measurements back to the image domain. This makes SOCS-Linear in-
applicable, whereas SOCS-Nonlinear remains effective through likelihood-driven
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Table 3: Quantitative evaluation on FFHQ at 768 x 768 on two super-
resolution tasks with SD3-medium. The best and second-best results within each
type of task are indicated by bold and underlined marks, respectively.

| FFHQ(768 x 768)

‘ Super-resolution x12 (Avgpool) ‘ Super-resolution x12 (Bicubic)

Method

‘ PSNRt SSIMtT LPIPS| FIDJ ‘ PSNRT SSIMt LPIPS|, FIDJ|
PSLD |29 25.58  0.547  0.481 148.16 | 25.60  0.572  0.517 154.78
LatentDAPS 42| | 28.94 0.823  0.296 74.43 | 29.65 0.819 0.276 65.41
FlowChef |24] 29.21 0.852 0.341 153.37| 29.56 0.846 0.346  152.00
FlowDPS [18] 29.41  0.777  0.482 65.00 | 29.73 0.775 0.482 61.24

SOCS-SD3(Ours) | 30.14 0.827 0.259 53.61 | 30.45 (0.842 0.248 45.72

updates. Empirically, as conditioning worsens, SOCS-Nonlinear consistently sur-
passes SOCS-Linear despite higher cost. We therefore recommend SOCS-Linear
for super-resolution and SOCS-Nonlinear for the remaining tasks.

Moreover, our method produces a wider range of plausible samples when
the measurements contain less information. For demonstration, we use a larger
downsampling factor of 16 for the super resolution task and a larger 192x192
mask for the box inpainting task. The examples in Fig. [5|show that our method
generates diverse samples while remaining faithful to the measurements.
Further results on LDMs. To demonstrate the broad versatile applicability
of SOCS across various Latent Diffusion Model (LDM) frameworks, we evaluate
our method on both the traditional epsilon-prediction based SD v1.5 [27] and the
advanced Flow-Matching (FM) based SD3. By operating within the lightweight
VAE |[19] latent space, these models facilitate high-fidelity image synthesis under
complex prompt guidance. For SD v1.5, we implement the method described in
Sec. 3] to validate SOCS on multiple inverse problems. Representative samples
on FFHQ 256 x 256 for three linear and one non-linear task are shown in 77,
with 512 x 512 results presented in Fig. 2] Furthermore, we extend SOCS to
FM-based models like SD3-medium, which leverage stable ODE-based sampling
trajectories and offer superior scalability for large-scale generative modeling. Un-
der an idealized straight-line interpretation, a flow-matching trajectory can be
approximated as a linear ODE with near-constant velocity, enabling a seamless
integration of SOCS. Quantitative results in Tab. 3] for two x12 super-resolution
settings (768 x 768) demonstrate that our method achieves state-of-the-art per-
formance across most metrics. Visual results for SOCS-SD3 are provided in ?77.
Detailed prompts, theoretical derivations, and implementation specifics for both
LDM paradigms are provided in Appendix and ??, respectively.

4.3 Additional Discussion

Terminal penalty coefficient of SOCS. Fig. [f] reports quantitative perfor-
mance as a function of vy over five tasks, and 7?7 provides qualitative comparisons.
We observe a clear trade-off: as v — oo, the update becomes dominated by the
reconstruction term, which can pull samples away from the generative prior and
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—e— Gaussian Blur Motion Deblur —4— Inpainting(Random) —#— Super resolution —e— High Dynamic Range

20 /_\ o /_\ - 030
080 —

075

Fig. 6: Quantitative evaluation of image quality metrics as a function of the
terminal penalty coefficient ~.

yield oversmoothed outputs; conversely, overly small v (e.g., ~ 10%) under-injects
guidance, leading to noisy super-resolution and weaker measurement consistency
in phase retrieval. From the posterior-sampling perspective in App. 77, v acts
as an effective noise precision balancing the diffusion prior and the measurement
likelihood, with v = 1/02 recovering the exact Gaussian posterior in canonical
measurement space. In practice, preconditioning and the r;-scaling of the data-
fidelity term in the Langevin refinement rescale this trade-off, which motivates
using numerically larger 7. Importantly, across operators and tasks, performance
exhibits a broad plateau for finite v, where metrics and visual quality vary little.
This robustness stems from how « enters SOCS. In Eq. @, it appears through
a regularized inverse (I +vA)~!, so the effective guidance weight (I + ~vA)~*
saturates once -y is sufficiently large. Consequently, SOCS does not require fine-
grained tuning; we recommend « € [10°,10°] for a favorable balance between
measurement fidelity and the generative prior.

Computational efficiency of SOCS. We run SOCS with various configura-
tions to test performance under different computing budgets. Specifically, we
evaluate with the number of function evaluations (NFE) of the diffusion models
ranging from 400 to 4K, with configurations specified in Appendix.

More ablation studies. We discuss more additional ablation studies in Ap-
pendix, covering the number of function evaluations, the number of ODE steps,
and the impact of the noise schedule on model performance.

5 Conclusion

In summary, we present SOCS for solving image inverse problems. Our method
models the denoising dynamics through the lens of SOC and integrates them into
sampling process, enforcing measurement consistency while gently tuning infor-
mation injection to match the model’s native generative capacity. Empirically,
SOCS delivers competitive reconstruction quality across a range of challenging
inverse problems compared with existing methods.
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