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ABSTRACT

Pretrained diffusion models serve as effective priors for Bayesian inverse prob-
lems. These priors enable zero-shot generation by sampling from the conditional
distribution, which avoids the need for task-specific retraining. However, a major
limitation of existing methods is their reliance on surrogate likelihoods that require
vector-Jacobian products at each denoising step, creating a substantial computa-
tional burden. To address this, we introduce a lightweight likelihood surrogate
that eliminates the need to calculate gradients through the denoiser network. This
enables us to handle diverse inverse problems without backpropagation overhead.
Experiments confirm that using our method, the inference cost drops dramati-
cally. At the same time, our approach delivers the highest results in multiple tasks.
Broadly speaking, we propose the fastest and Pareto-optimal method for Bayesian
inverse problems.

1 INTRODUCTION

Zero-shot generative modeling refers to leveraging a pre-trained generative model of the data distri-
bution p(x) and adapting it without task-specific retraining to solve downstream tasks it has never
seen during training Moufad et al. (2025). In this setting, the only new ingredient at test time is a
description of the task (e.g., a measurement operator or constraint), and the generative prior is used to
produce realistic solutions that satisfy these new conditions.

A convenient probabilistic formalization of many such zero-shot tasks is through Bayesian inverse
problems. Inverse problems arise when a signal of interest must be recovered from incomplete,
corrupted, or indirect observations. Formally, this involves retrieving an original signal x from a
measurement y = A(x) + n, where A is a degradation operator (such as a blur kernel or masking)
and n is noise. Because information is usually lost during this process, the problem is ill-posed and
requires strong prior knowledge to solve.

The Bayesian framework offers a principled approach to these challenges by combining a data
likelihood with a learned or structured prior distribution. A prominent strategy is to employ a strong
generative prior at inference time to solve arbitrary inverse problems. These methods function
as training-free posterior sampling frameworks, enabling plug-and-play adaptation across diverse
observation models. In this setup, the diffusion model Sohl-Dickstein et al. (2015); Ho et al. (2020);
Song & Ermon (2019); Song et al. (2020b) serves as a gradient field that iteratively denoises
the candidate solution, guiding it toward the manifold of realistic data while ensuring it remains
consistent with the observed measurements. Recent methods achieved impressive results in such
inverse problems as inpainting, deblurring, super-resolution, and source separation Lugmayr et al.
(2022); Kawar et al. (2021; 2022); Saharia et al. (2022)

At the core of diffusion-based posterior sampling is a sequential denoising process that approximates
intermediate posterior distributions. These distributions combine the learned prior with progressively
refined likelihoods at each noise level. However, the exact posterior denoiser involves an intractable
likelihood gradient, leading most methods to rely on approximations that require computing vector-
Jacobian products through the denoiser network at every step Chung et al. (2022a); Song et al.
(2023b). While effective, this introduces substantial computational and memory overhead, limiting
scalability and practical deployment.

To avoid these problems, we present the Guess and Guide (G&G) framework for backpropagation-
free zero-shot generative modeling. Our approach introduces a lightweight optimization procedure

1
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Figure 1: FFHQ and ImageNet Qualitative results. Comparison against baseline methods over dif-
ferent tasks: Gaussian Deblurring and Center Inpainting on FFHQ (top and middle rows respectively),
and Motion Deblurring on ImageNet (bottom row). Guess and Guide (ours) achieves more accurate
and detailed restoration compared to existing approaches. See Appendix H/J for more samples.

for Bayesian Inverse Inference that avoids costly vector-Jacobian products at each sampling step.
First, an initial guess phase rapidly obtains a high-quality estimate through iterative optimization.
Next, a guided denoising phase refines this estimate, using a flexible custom scheduling strategy. We
show that our simple approach significantly reduces memory usage and inference time. Importantly,
our method achieves high reconstruction quality across diverse tasks, including super-resolution,
inpainting, deblurring, phase retrieval, and HDR reconstruction. Together, we propose a fast, general,
and gradient-free framework to solve diffusion-based inverse problems.

2 BACKGROUND

Denoising diffusion models (DDMs) Sohl-Dickstein et al. (2015); Song & Ermon (2019); Ho et al.
(2020) generate samples from a target distribution p0 by constructing a distribution interpolation
path {pt}t∈[0,1] that connects the data distribution p0 to the standard Gaussian base distribution

p1 := N (0, Id). This interpolation is defined through a noising process where each intermediate
distribution pt = Law(Xt) arises from the mixture

Xt = αtX0 + σtX1, X0 ∼ p0, X1 ∼ p1, (1)

with independent random variables X0 ∼ p0 and X1 ∼ p1. The coefficients (αt)t∈[0,1] and

(σt)t∈[0,1] are deterministic schedules that satisfy monotonicity constraints (non-increasing and

non-decreasing, respectively) and boundary conditions (α0, σ0) := (1, 0) and (α1, σ1) := (0, 1).
Common instantiations include the variance-preserving schedule where α2

t + σ2
t = 1 (Ho et al.,

2020; Dhariwal & Nichol, 2021), and the linear schedule with (αt, σt) = (1− t, t) (Lipman et al.,
2022; Esser et al., 2024; Gao et al., 2024).

To sample from p0, DDIM Song et al. (2020a) starts from a sample drawn from p1 at time tK = 1. It
then performs a sequence of deterministic reverse transitions, progressively denoising each sample

X̂tk+1
into a less noisy sample X̂tk , until reaching the clean distribution at t0 = 0. The DDIM

2
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transition from tk+1 to tk is defined as

X̂tk = αtk x̂
θ
0(X̂tk+1

, tk+1) + σtk x̂
θ
1(X̂tk+1

, tk+1),

where x̂θ
0(·, tk+1) and x̂θ

1(·, tk+1) are respectively neural network approximations of the denoiser
E[X0|Xt] and noise prediction E[X1|Xt] under the model (1). Since it holds, following the same
model, that E[X1|Xt] = (Xt − αtE[X0|Xt])/σt, only the denoisers (x̂θ

0(·, t))t∈[0,1] are trained by

minimizing an L2 denoising loss and x̂θ
1(x, t) is set to (x− αtx̂

θ
0(x, t))/σt. The DDIM framework

also allows for stochastic updates. In this case,

X̂tk = αtk x̂
θ
0(X̂tk+1

, tk+1) +
√

σ2
tk

− η2tk x̂
θ
1(X̂tk+1

, tk+1) + ηtkWk, (2)

where Wk ∼ N (0, I) and 0 ≤ ηtk ≤ σtk . In what follows we write pθtk|tk+1
(·|xtk+1

) to refer to the

associated conditional density (the dependence on η is left implicit).

In practice, most diffusion models are implemented in the latent space Rombach et al. (2022); Esser
et al. (2024), assuming an encoder-decoder pair (E ,D). The model is trained on Z0 = E(X0) where
X0 ∼ p0. At inference, reverse diffusion occurs in the latent space, and the final sample is obtained
via decoding. We adopt this framework, assuming p0 and the process (Zt)t (analogous to (1)) are
defined in the latent space. However, our approach applies equally to pixel space by treating E and D
as identity mappings.

Inverse problems. In this work, we investigate a broad class of image restoration and reconstruction
problems formulated as inverse tasks. We consider an unknown clean image x∗ ∈ R

d that is observed
through a (possibly nonlinear) measurement process described by an operator A : Rd → R

m. The
observed data are modeled as

y = A(x∗) + σyW, W ∼ N (0, Im), (3)

where σy > 0 denotes the noise level. The task is to recover a reconstruction x̂ that explains
the observation (A(x̂) ≈ y) while remaining consistent with the statistical properties of natural
images. Within a Bayesian framework, the prior distribution p0 captures encoded natural-image
statistics, and the measurement process is modeled by the Gaussian likelihood N (y;A(x), σ2

yIm),
where σy governs the trade-off between measurement fidelity and regularization. The posterior
distribution over encoded images in the latent space is then given by π0(z|y) ∝ ℓ0(y|z) p0(z),
where ℓ0(y|z) = N (y;A(D(z)), σ2

yIm). This serves as the target distribution for inference. This
probabilistic formulation offers a unified perspective on various classical image restoration problems,
including inpainting, deblurring, super-resolution, phase retrieval, and High Dynamic Range (HDR)
reconstruction, each characterized by a specific choice of the operator A and noise level σy .

Zero-shot posterior sampling. A powerful feature of diffusion models is their ability to solve
inverse problems at inference time without additional training, as demonstrated in the seminal
works (Song & Ermon, 2019; Kadkhodaie & Simoncelli, 2020; Song et al., 2020b; Kawar et al.,
2021). The key insight is to modify the reverse sampling process on-the-fly using guidance terms that
steer generated samples to satisfy observational constraints encoded in a likelihood ℓ0(y|·) while at
the same time remaining plausible under the prior p0. This approach treats inverse problems through
the Bayesian lens presented in the previous section; we seek to perform approximate sampling from a
posterior distribution that conditions on the observation y. Achieving this with a diffusion model
requires having access to the denoiser conditioned on the additional observation y. Following (Daras
et al., 2024, Equations 2.15, 2.17) it writes as

E[Z0|Zt,y] = E[Z0|Zt] + α−1σ2
t∇zt

log ℓt(y|Zt), (4)

with ℓt(y|z) = E[ℓ0(y|Z0)|Zt = z]. The correction term added to the denoiser is referred to as
guidance. Since we already have access to the pretrained prior denoiser x̂θ

0(·, t) approximating the first
term, estimating the posterior denoiser (4) reduces to approximating the score ∇zt

log ℓt(y|Zt), which
is generally intractable. Chung et al. (2022a) considers the approximation ℓt(y|z) ≈ ℓ0(y|x̂0(z, t))
which ultimately consists in swapping expectation and likelihood. This approximation is usually
referred to as the Diffusion Posterior Sampling (DPS) approximation Chung et al. (2022a); Song et al.
(2023b).

3 METHOD

3
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Algorithm 1: Guess-and-Guide

Require: Observation y, forward operator A, encoder E ,
decoder D, denoiser x̂θ

0(·, ·), timesteps {t1, . . . , tM},
warm-start iterations N , DDIM steps n

1: Phase 1: Initial Guess

2: z0t∗ ∼ N (αt∗E(y), σ
2
t∗
I)

3: for k = 0, . . . , N − 1 do
4: ẑk0 ← x̂θ

0(z
k

t∗
, t∗) ▷ Predict clean latent

5: ϵk ← (zkt∗ − αt∗ ẑ
k

0)/σt∗

6: xk

0 ← Optimize(x 7→ ∥y − A(x)∥2,x0 =

D(ẑk0))
7: µ

k ← αt∗E(x
k

0) + σt∗ ẑ
k

0 + σt∗ϵ
k

8: σk ← σ2
t∗
I

9: zk+1

t∗
∼ N (αt∗µ

k, σ2
t∗
σk) ▷ Re-noise

10: z
y

tM
← zNt∗

11: Phase 2: Guided denoising

12: for k = M − 1, . . . , 1 do
13: z̃tk ∼ pθtk|tk+1

(·|zytk+1
)

14: z̃0 ← x̂θ

0(z̃tk , tk)
15: ϵtk ← (z̃tk − αtk

z̃0)/σtk

16: x̃0 ← D(z̃0)
17: x∗

0 ← Optimize
(

x 7→ ∥y −A(x)∥2

+λ∥x− x̃0∥
2,x0 = x̃0

)

18: µ
tk+1

← αtk+1
E(x∗

0) + σtk+1
αtk+1

ϵtk
19: σ′

tk+1
← σ2

tk+1
I

20: z̃tk+1
∼ N (µ

tk+1
, σ2

tk+1
σ′
tk+1

)

21: z
y

tk
← DDIM(z̃tk+1

, tk+1

n
−→ tk) ▷ DDIM in n

steps

22: return x̂ = D(x̂θ

0(z
y

t1
, 0))

Computational bottleneck of guidance
methods. Standard guidance methods that
rely on the DPS approximation encounter a
significant computational bottleneck. In order
to use this approximation to estimate the ob-
servation conditioned denoiser (4), we need to
compute the gradient ∇zt

log ℓ0(y|x̂0(zt, t))
at every reverse diffusion step. This opera-
tion involves repeated vector–Jacobian prod-
ucts (VJPs), which are both memory-intensive
and computationally expensive, substantially
increasing inference time and limiting scala-
bility to high-resolution images.

To overcome this limitation, our goal is to
design a zero-shot guidance framework that
preserves the task-agnostic flexibility of exist-
ing approaches while being computationally
and memory efficient. In particular, we aim to
remove the need for backpropagation through
the denoiser and decoder altogether, replacing
it with a lightweight optimization procedure
applied at selected diffusion steps.

Our idea. We initialize our algorithm by
first seeking an approximate sample z

y

t∗ at
a timestep t∗ ≪ 1, from the marginal dis-
tribution of Zy

t∗ = αt∗Z
y

0 + σt∗Z1, where

Zy

0 ∼ π0(· | y). This corresponds to the
interpolation (1) but initialized at the poste-
rior distribution. Such initialization allows the
backward diffusion process to start directly
from timestep t∗, eliminating the need to be-
gin from the base distribution p1 and thereby accelerating inference. Naturally, our algorithm proceeds
in two phases. The first phase aims to obtain a sufficiently accurate approximate sample at step t∗,
while the second uses this estimate to initialize the reverse process toward the posterior distribution.
As data-fidelity computation (guidance signal) is performed in pixel space, we avoid backpropagation
through the denoiser and decoder, reducing both memory usage and computational cost.

Phase 1: warm start. The objective of the first phase is to obtain a high-quality initial estimate at a
fixed timestep t∗ ≪ 1 representing a moderately noisy state.

We begin by constructing a noisy version of the observation at timestep t∗. For latent diffusion
models Rombach et al. (2022), we first encode the observation through the encoder, yielding E(y).
The initial noisy latent is then z0t∗ ∼ N (αt∗E(y), σ2

t∗Id). Starting from this sample, we perform
N iterations of prediction, optimization, and re-noising. Given the current noisy state at iteration k
denoted by zkt∗ , we repeatedly:

(1) Optimize in pixel-space. We compute a denoised latent prediction ẑk0 = x̂θ
0(z

k
t∗ , t∗) and decode

it to x̂k
0 = D(ẑk0). We then optimize the pixel-space objective x 7→ ∥y −A(x)∥2 initialized at x̂k

0 ,
yielding xk

0 , and map it back to the latent space via zk0 = E(xk
0). Crucially, this optimization requires

backpropagation only through the forward operator A(·) and not the decoder D or denoiser x̂0(·, ·),
making it computationally lightweight compared to standard guidance methods operating in latent
space Song et al. (2023a); Zhang et al. (2025); Kim et al. (2025).

(2) Re-noise in latent space. We push the solution to the previous optimization problem into the
latent space and then noise it to get the next noisy state, i.i.d. sampling

zk+1
t∗ ∼ N (αt∗µ

k, σ2
t∗σ

k),

where µ
k := αt∗z

k
0 + σt∗ ẑ

k
0 + σt∗ϵ

k is the mixture of the optimized solution and the denoiser
prediction, σk := σ2

t∗I is the noise covariance, and ϵk := (zkt∗ − αt∗ ẑ
k
0)/σt∗ is the predicted noise at

4
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t∗. This mixing ensures that the blend of optimized solution and prediction is injected back to the

sample at zk+1
t∗ . We initialize the next phase at the time step t∗ with the sample zNt∗ .

Phase 2: guided denoising. We define a grid of time steps t1, . . . , tM , with tM = t∗ and t1 ≈ 0,
over which we perform optimization steps. Spacing timesteps is defined by a specifically designed
scheduler. M is, in practice, chosen rather small. The state at timestep tM is set to z

y

tM = zNt∗ .

Given the time step tk+1 and the state z
y

tk+1
, we first jump to the time step tk by sampling z̃tk ∼

pθtk|tk+1
(·|zytk+1

). This state is then denoised to z̃0 = x̂θ
0(z̃tk , tk) and its decoding x̃0 = D(z̃0) is

used to initialize optimization steps on the pixel-space objective

x 7→ ∥y −A(x)∥2 + λ∥x− x̃0∥2 .
Letting z∗0 = E(x∗

0) denote the encoding of the solution x∗
0 to this optimization problem, we return to

the timestep tk+1 by noising, i.i.d. sampling

z̃tk+1
∼ N (µtk+1

, σ2
tk+1

σ′
tk+1

),

where µtk+1
:= αtk+1

z∗0 + σtk+1
αtk+1

ϵtk ; σ′
tk+1

:= σ2
tk+1

I and ϵtk := (z̃tk − αtk z̃0)/σtk . This

ensures that re-noising process has information from previous step tk. Then we initialize and perform
the DDIM steps from tk+1 to tk in n steps to obtain the final state z

y

tk
at tk. The complete procedure

is summarized in Algorithm 1.

Overall, the algorithm alternates between learned prior refinement (via the denoiser and diffusion
dynamics) and data consistency enforcement (via explicit optimization), yielding reconstructions that
are both realistic and faithful to the observations. See Appendix A for derivations and Appendix B
for a theoretical interpretation.

Takeaway: Our method accelerates inference by replacing the full reverse SDE (t = 1 → 0)
with a truncated trajectory (t∗ → 0). Crucially, we avoid expensive gradient calculations through
the network by decoupling the guidance: data consistency is enforced via lightweight pixel-space
optimization, while the prior is handled separately by standard latent-space denoising.

4 RELATED WORK

Table 1: Comparison of training-free diffusion/consistency-model inverse-problem solvers. VJP:
backprop through denoiser x̂0(·, ·) or encoder/decoder E /D (†latent models only). DC Guidance
Density: frequency of data-consistency or likelihood guidance application.

Method Inference Objective
DC

Guidance Density

VJP

x̂θ

0(·, ·)?
VJP
E /D?

Assumptions

on A

DPS, PGDM Score-based posterior approximation Dense Yes Yes† General

DAPS Decoupled guidance Moderate Yes Yes† General

RESAMPLE,
RED-DIFF

Hard consistency via projection,
Variational optimization

Dense + inner solve No Often† General

PNP-DM, PSLD,
FLOWDPS

Alternating proximal sampling Dense + inner loops No Often† General

DDNM, DDRM Subspace projection Dense No No Linear + SVD

DIFFPIR Proximal-MAP optimization Dense No No Typically linear

CCDF Stochastic contractive mapping Dense No No Linear

G&G (ours) Sparse time-marginal guidance Sparse No No General

Likelihood-score guidance with VJPs. Diffusion Posterior Sampling (DPS) Chung et al. (2022a)
and Pseudoinverse-Guided Diffusion Models (PGDM) Song et al. (2023b) approximate the intractable
posterior score in (4) to guide reverse diffusion. While effective, these approaches require vector–
Jacobian products (VJPs) through the denoiser (and through the decoder for latent diffusion models),
which leads to large memory overhead and slow inference. Several works reduce or restructure
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Table 2: Mean LPIPS for linear/nonlinear imaging tasks on the FFHQ datasets with σy = 0.05. Lower
metrics are better.

↓ LPIPS FFHQ

Task G&G DAPS RED-DIFF PNP-DM DPS DDNM PGDM DIFFPIR

Gauss. Deblur 0.17 ± 0.06 0.19 ± 0.06 0.25 ± 0.07 0.20 ± 0.07 0.16 ± 0.05 0.84 ± 0.04 0.87 ± 0.14 –

Mot. Deblur 0.13 ± 0.04 0.19 ± 0.06 0.20 ± 0.06 0.21 ± 0.06 0.21 ± 0.06 – – –

SR (×4) 0.20 ± 0.07 0.19 ± 0.06 0.44 ± 0.08 0.21 ± 0.06 0.22 ± 0.07 0.36 ± 0.08 0.30 ± 0.07 –

SR (×16) 0.35 ± 0.08 0.45 ± 0.10 0.59 ± 0.08 0.60 ± 0.15 0.36 ± 0.08 0.52 ± 0.09 0.42 ± 0.06 –

Box Inp. 0.14 ± 0.04 0.12 ± 0.04 0.18 ± 0.05 0.55 ± 0.07 0.20 ± 0.08 0.18 ± 0.05 0.17 ± 0.04 0.14 ± 0.04

Half Inp. 0.24 ± 0.06 0.24 ± 0.06 0.29 ± 0.07 0.60 ± 0.04 0.26 ± 0.06 0.28 ± 0.06 0.25 ± 0.05 0.25 ± 0.05

JPEG (QF=2) 0.16 ± 0.06 0.22 ± 0.07 0.32 ± 0.08 0.27 ± 0.07 0.28 ± 0.07 – – –

Phase Retr. 0.35 ± 0.24 0.30 ± 0.25 0.35 ± 0.24 0.44 ± 0.23 0.48 ± 0.18 – – –

HDR 0.13 ± 0.05 0.08 ± 0.05 0.19 ± 0.06 0.18 ± 0.07 0.64 ± 0.36 – – –

Memory (MB) 1983 2095 1985 1985 3309 2019 3409 1985

Runtime (sec) 25 75 50 194 105 47 101 50

this cost, e.g., via decoupled schedules (DAPS) Zhang et al. (2025), variational reformulations
(RED-Diff) Mardani et al. (2023), or alternative transition designs Kim et al. (2025), but they still
fundamentally rely on differentiating through the generative model.

Gradient-free posterior sampling and plug-and-play. For linear operators with known SVD,
DDNM Wang et al. (2022) and DDRM Kawar et al. (2022) enforce data consistency through
closed-form updates (pseudo-inverse/projection), avoiding VJPs but restricting applicability. More
general plug-and-play formulations avoid VJPs by alternating denoiser predictions with explicit
data-consistency steps, e.g., DiffPIR Zhu et al. (2023) and PnP-DM Wu et al. (2024). ReSample Song
et al. (2023a) extends hard data consistency to latent diffusion models via optimization and resampling
back to the noisy manifold. Our method is closest in spirit to these alternating schemes, but differs
in that we (i) require gradients only through the forward operator A (no VJPs through denoiser or
encoder/decoder), (ii) apply data consistency at a sparse set of timesteps with a learned schedule, and
(iii) introduce a warm-start phase to skip expensive early denoising steps.

Warm starts and accelerated conditional diffusion. Several works explore alternatives to pure-noise
initialization. SDEdit Meng et al. (2021) starts from an intermediate noise level using a noisy guide
image, while ILVR Choi et al. (2021) iteratively injects reference information. CCDF Chung et al.
(2022b) accelerates conditional diffusion for inverse problems by initializing from a data-consistent
estimate and leveraging contraction of alternating diffusion and consistency steps. Our Phase 1 can
be viewed as iterating this principle at a fixed noise level t∗ to approximate a posterior time-marginal
before running the guided reverse process.

Consistency models and few-step guidance. Consistency models Song et al. (2023c) enable few-
step generation and have recently been adapted to inverse problems, e.g., CM4IR Garber & Tirer
(2025). While these methods rely on few-step updates with noise correction, our approach uses
a diffusion-model prior and derives re-noising as a noise-preserving coupling (Appendix A) that
minimally perturbs the current sample when enforcing data consistency.

In comparison to all existing methods, a warm start algorithm is novel. Our method bypasses the
computationally expensive early diffusion steps entirely. This is complemented by a decoupled
guidance framework that performs optimization strictly in pixel space. For a systematic comparison
of the probabilistic targets, required gradients, and transition designs across methods, see Table 1.

5 EXPERIMENTS

Datasets, Models and Baselines. We conduct experiments using both latent-space and pixel-space
diffusion models. For latent-space experiments, we employ the FFHQ latent diffusion model from
Rombach et al. Rombach et al. (2022). For pixel-space experiments, we use the pixel-space FFHQ
model from Choi et al. Choi et al. (2021) and the ImageNet model from Dhariwal and Nichol Dhari-
wal & Nichol (2021). Evaluation is performed on 100 validation samples from FFHQ Karras et al.
(2019) (the first 100) and ImageNet Russakovsky et al. (2015) (randomly sampled to mitigate class
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Figure 2: Impact of initial timestep t∗ on the performance of G&G method. The first row of images
shows visual reconstruction quality for different t∗ values, and the second row shows what the initial
guess looks like. Plots display the variance of metrics and runtime at different t∗ values and the
standard deviation of metrics.

bias). In all reported metrics, mean and standard deviation are shown. All pixel-space experiments
are conducted at 256× 256 resolution.

For pixel-space models, we compare against DPS Chung et al. (2022a), PGDM Song et al.
(2023b), DDNM Wang et al. (2022), DIFFPIR Zhu et al. (2023), RED-DIFF Mardani et al. (2023),
DAPS Zhang et al. (2025), and PNP-DM Wu et al. (2024). For latent-space models, we compare
against FLOWDPS Kim et al. (2025), DAPS Zhang et al. (2025), RED-DIFF Mardani et al. (2023),
RESAMPLE Song et al. (2023a), PSLD Rout et al. (2023), and PNP-DM Wu et al. (2024). See
Appendix D for more details on the implementation of each competitor and hyperparameters.

Inverse Tasks and Settings. We evaluate on a diverse set of linear and nonlinear inverse problems
following the experimental protocol of Janati et al. Janati et al. (2025). Linear problems include: (1)
Super-resolution (SR) with upscaling factors of ×4 and ×16; (2) image inpainting with two mask
configurations – a 150 × 150 central box mask and a half-mask covering the right portion of the
image; (3) Gaussian deblurring and motion deblurring, both using a 61× 61 kernel following Chung
et al. Chung et al. (2022a). Nonlinear problems include: (1) JPEG dequantization at quality factor
2%, implemented using the differentiable operator from Shin et al. Shin et al. (2017); (2) Phase
Retrieval with ×2 oversampling; (3) non-uniform deblurring using the operator from Tran et al. Tran
et al. (2021); and (4) High Dynamic Range (HDR) reconstruction following the setup in Mardani et
al. Mardani et al. (2023). All experiments use a noise level σy = 0.05 and are evaluated on these
samples for each task.

5.1 MAIN RESULTS

Our method achieves better or comparable metrics on both datasets and models while being at least
2x faster than all baseline methods. See Tables 2, 3, 4, and Figure 1 for a quantitative and qualitative
comparison of our method with baselines. We report LPIPS Zhang et al. (2018) as our primary metric,
with PSNR and SSIM provided in the supplementary material (see Appendix F) since PSNR and
SSIM perform pixel-wise comparisons and favor overly smooth images (see Janati et al. (2025),
Appendix B.6). We highlight the best performing method in each row with a colored background as

and the 2nd best performing method as . The ’–’ sign in the tables denotes that a baseline
is not applicable or not working on the given task.

Reconstruction quality. Across all three experimental settings (FFHQ pixel-space, ImageNet pixel-
space, and FFHQ latent-space), G&G demonstrates competitive or superior performance compared
to state-of-the-art baselines with significantly faster runtime. On pixel-space models, our method
achieves best or second-best results on most linear inverse problems, including deblurring and super-
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Table 3: Mean LPIPS for linear/nonlinear imaging tasks on the ImageNet datasets with σy = 0.05.
Lower metrics are better.

↓ LPIPS ImageNet

Task G&G DAPS RED-DIFF PNP-DM DPS DDNM PGDM DIFFPIR

Gauss. Deblur 0.34 ± 0.10 0.41 ± 0.12 0.44 ± 0.11 0.47 ± 0.13 0.35 ± 0.14 0.42 ± 0.13 1.06 ± 0.10 –

Mot. Deblur 0.28 ± 0.09 0.40 ± 0.11 0.35 ± 0.09 0.50 ± 0.13 0.41 ± 0.13 – – –

SR (×4) 0.39 ± 0.11 0.41 ± 0.12 0.53 ± 0.13 0.49 ± 0.14 0.47 ± 0.14 0.27 ± 0.09 0.63 ± 0.12 –

SR (×16) 0.68 ± 0.13 0.80 ± 0.13 0.82 ± 0.11 0.88 ± 0.10 0.58 ± 0.10 0.68 ± 0.17 0.59 ± 0.08 –

Box Inp. 0.32 ± 0.05 0.31 ± 0.05 0.36 ± 0.06 0.71 ± 0.14 0.46 ± 0.13 0.28 ± 0.06 0.28 ± 0.05 0.28 ± 0.05

Half Inp. 0.38 ± 0.08 0.40 ± 0.05 0.46 ± 0.05 0.70 ± 0.12 0.47 ± 0.10 0.38 ± 0.07 0.33 ± 0.05 0.34 ± 0.07

JPEG (QF=2) 0.30 ± 0.11 0.44 ± 0.12 0.47 ± 0.12 0.54 ± 0.13 0.57 ± 0.12 – – –

Phase Retr. 0.65 ± 0.14 0.60 ± 0.18 0.64 ± 0.12 0.73 ± 0.11 0.67 ± 0.08 – – –

HDR 0.17 ± 0.10 0.14 ± 0.11 0.21 ± 0.13 0.34 ± 0.18 0.88 ± 0.16 – – –

Memory (MB) 4991 4993 4995 4993 8701 5031 8741 5007

Run time (sec) 83 219 165 636 360 296 371 169

Table 4: Mean LPIPS for linear/nonlinear imaging tasks on the
FFHQ datasets with LDM prior and σy = 0.05.

↓LPIPS FFHQ Latent

Task G&G RESAMPLE PSLD DAPS PNP-DM

Gauss. Deblur 0.18 ± 0.02 0.16 ± 0.04 0.59 ± 0.03 0.32 ± 0.07 0.32 ± 0.07
Mot. Deblur 0.30 ± 0.05 0.20 ± 0.06 0.70 ± 0.02 0.36 ± 0.07 0.36 ± 0.08
SR (×4) 0.20 ± 0.07 0.22 ± 0.05 0.21 ± 0.03 0.28 ± 0.06 0.40 ± 0.07
SR (×16) 0.45 ± 0.10 0.38 ± 0.12 0.36 ± 0.05 0.52 ± 0.09 0.71 ± 0.11
Box Inp. 0.19 ± 0.06 0.22 ± 0.04 0.27 ± 0.13 0.37 ± 0.05 0.31 ± 0.12
Half Inp. 0.30 ± 0.04 0.30 ± 0.03 0.32 ± 0.02 0.49 ± 0.01 0.44 ± 0.08
JPEG (QF=2) 0.34 ± 0.10 0.26 ± 0.05 – 0.32 ± 0.06 0.36 ± 0.03
Phase Retr. 0.55 ± 0.07 0.39 ± 0.17 – 0.25 ± 0.21 0.50 ± 0.14
HDR 0.27 ± 0.04 0.12 ± 0.04 – 0.24 ± 0.09 0.24 ± 0.05

Memory (MB) 4525 6238 6919 5885 5885
Runtime (sec) 24 509 244 1254 1323

Table 5: LPIPS scores for different
noise schedules across tasks

Schedule DEBLUR MOTION DEBLUR SR4

Uniform 0.16 ± 0.05 0.14 ± 0.04 0.15 ± 0.04
Linear 0.18 ± 0.05 0.19 ± 0.06 0.18 ± 0.05
Polynomial 0.16 ± 0.04 0.14 ± 0.04 0.21 ± 0.05
Exponential 0.15 ± 0.04 0.11 ± 0.03 0.19 ± 0.05
Beta 0.22 ± 0.05 0.32 ± 0.06 0.28 ± 0.06
Gaussian 0.15 ± 0.03 0.12 ± 0.03 0.15 ± 0.03

Takeaway: Gaussian schedule gives
the best or tied-best LPIPS across
these tasks, so we use it by default.

resolution tasks. For nonlinear problems such as JPEG dequantization, phase retrieval, and HDR
reconstruction, we maintain strong performance across both datasets. In the latent diffusion setting,
our method provides a good balance between reconstruction quality and computational efficiency,
achieving results comparable to specialized methods like RESAMPLE and PSLD.

Computational efficiency. A key advantage of our method is computational efficiency. By elimi-
nating backpropagation through the denoiser network (and Encoder-Decoder in case of latent-space
models), G&G achieves substantially lower memory consumption and faster runtime compared to
gradient-based baselines at least 2x. For instance, on FFHQ pixel-space experiments, our method
requires only 1983 MB of memory and 25 seconds runtime, compared to DPS (3309 MB, 105 sec)
and PNP-DM (194 sec). Similar efficiency gains are observed on ImageNet. In latent diffusion
experiments, runtime differences are even more drastic achieving 20x speedup compared to RESAM-
PLE and 50x to DAPS. This makes our method particularly suitable for practical deployment and
high-resolution generation tasks.

Hyperparameters. For the warm-start phase (Phase 1), we set the initial timestep t∗ depending
on task complexity, typically in the range t∗ ∈ [0.44, 0.8]. We use t∗ ∈ [0.44, 0.5] for relatively
simple linear problems like deblurring, while more challenging tasks such as super-resolution at ×16
or inpainting use t∗ ∈ [0.6, 0.8] to allow for sufficient prior regularization. The number of warm-
start iterations N ranges from 5 to 30 depending on task difficulty, with each iteration performing
Nint
OPT = 50 gradient steps on the observation likelihood. We set the learning rate for this phase to

ηinit ∈ [1× 10−4, 2× 10−4].

For the guided denoising phase (Phase 2), we define a grid of M timesteps, where M ∈ J20, 40K
depending on the task. At each guidance step, we perform GOPT optimization iterations, where
GOPT ∈ J50, 200K (50 for simpler problems and 200 for highly ill-posed tasks like ×16 super-
resolution). The main optimization learning rate is set to ηmain = 1× 10−3 across all experiments.
The regularization weight λ in the pixel-space objective is set to 0 for most tasks, apart from phase
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retrieval and HDR reconstruction, relying entirely on the implicit regularization from the diffusion
prior.

The spacing of the guidance/optimization steps grid is controlled by our iteration scheduling strategy.
We primarily employ a Gaussian schedule with center µG ∈ [0.3, 0.5] and width σG ∈ [10.0, 15.0],
which concentrates optimization steps in the intermediate noise regime (approximately tk ∈ [0.4, 0.6]).
This choice reflects the intuition that guidance applied too close to the data manifold (tk ≈ 0) limits
the denoiser’s ability to correct artifacts introduced by optimization. For interleaving DDIM steps
between guidance operations, we use a stochasticity parameter η = 1.0, corresponding to ancestral
sampling. More details about the hyperparameters are provided in Appendix G.

5.2 ABLATION STUDIES

In this section, we will study the impact of Phase 1 and Phase 2 on the performance of our method.
All experiments in this section are conducted on FFHQ dataset. As mentioned in Section 3, the choice
of initial timestep t∗ is critical for both the quality of reconstruction and computational efficiency.
Figure 2 displays the impact of the initial timestep t∗ on the performance of our method. We see
that the best performance is achieved when t∗ is in the range around [0.4, 0.6]. Starting too early
(t∗ ≫ 0.6) does not significantly improve the final reconstruction result (LPIPS flattens), but it
significantly increases runtime, and the final reconstruction becomes smoothed out. However, starting
too late (t∗ ≪ 0.4) leads to poor reconstruction quality by inducing artifacts. For other metrics, see
Appendix E.

Another important factor is the spacing of the steps tk where the optimization is performed. Table
5 shows the impact of different scheduling strategies on the performance of our method. Results
show that employing a standard uniform spacing schedule does not produce the best results with our
algorithm. Among all schedulers, the best performance across the tasks is achieved by the Gaussian
scheduling strategy. For most tasks, we set µG = 0.5 and σG = 10.0, which concentrates most of
the optimization steps around tk ∈ [0.4, 0.6]. See Appendix C for more details about the scheduling
strategies and hyperparameters.

Limitations. Choosing the correct initial timestep t∗ is critical for both the speed and quality of the
reconstruction. If chosen close to the base distribution p1, in Phase 2 more iterations are needed to
converge. In contrast, if chosen close to the target distribution p0, in Phase 2 it may not infuse enough
information to reconstruct the image. The choice of t∗ is a trade-off between speed and quality.

The spacing of the optimization steps {t1, . . . , tM} is an important factor. The choice of step spacing
has a critical impact on reconstruction quality. We consider various scheduling strategies — linear,
polynomial, exponential, Gaussian, and Beta—that concentrate optimization procedures at different
timesteps. In practice, concentrating optimization in the early stages (larger timesteps) generally
yields better reconstructions, as the denoiser has more opportunity to inject information and correct
artifacts introduced by the optimization procedure before reaching the final clean state.

6 CONCLUSION

We introduced G&G, a computationally efficient framework for zero-shot diffusion-based inverse
problem solving. Our method eliminates backpropagation through denoiser networks by decomposing
inference into two phases: a warm-start phase that obtains high-quality initial estimates through
iterative optimization and re-noising at a fixed timestep, followed by guided denoising that refines
estimates through pixel-space optimization. This achieves at least 2× speedup over gradient-based
baselines while maintaining competitive reconstruction quality across diverse linear and nonlinear
inverse problems on FFHQ and ImageNet datasets.

By restricting the gradient computation to the forward operator A(·) only, our approach substantially
reduces memory consumption and inference time, making it suitable for high-resolution generation
where gradient-based methods become prohibitively expensive. The results demonstrate robust perfor-
mance across multiple diffusion architectures and inverse problem types. Our work demonstrates that
practical algorithm design, which trades exact posterior score estimation for computational efficiency,
can expand the applicability of pre-trained diffusion priors in deployment scenarios where memory
and inference time are critical constraints.
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Supplementary Material

A ALGORITHM

A.1 PHASE 1: WARM START - DERIVATION OF RE-NOISING STEP

In Phase 1, after optimizing to obtain zk0 , our goal is to re-noise it back to timestep t∗ to prepare for
the next iteration. We effectively want to blend the information from our optimized solution zk0 with
the predicted clean state ẑk0 , while preserving the correct noise statistics.

To achieve this, we consider a weighted combination of the clean states, zblend
0 := αt∗z

k
0 + σt∗ ẑ

k
0 ,

where the coefficients ensure that for small t∗ we recover the optimized solution (since αt∗ → 1 and
σt∗ → 0), while for larger t∗, the prediction has more influence.

Similarly, we construct a blended noise term by mixing the predicted noise ϵk = (zkt∗ − αt∗ ẑ
k
0)/σt∗

with fresh Gaussian noise ϵ ∼ N (0, I). Specifically, we define:

ϵblend := αt∗ϵ
k + σt∗ϵ.

This mixture ensures that information from the current noisy state is preserved through ϵk while
introducing fresh stochasticity. Applying the forward noising kernel to this blended state yields:

zk+1
t∗ = αt∗z

blend
0 + σt∗ϵ

blend

= αt∗

(
αt∗z

k
0 + σt∗ ẑ

k
0

)
+ σt∗

(
αt∗ϵ

k + σt∗ϵ
)

= αt∗




αt∗z

k
0 + σt∗ ẑ

k
0 + σt∗ϵ

k

︸ ︷︷ ︸

µk




+ σ2

t∗ϵ.

This formulation aligns directly with Algorithm 1. Defining σk := σ2
t∗I, the above is equivalent to

sampling

zk+1
t∗ ∼ N (αt∗µ

k, σ2
t∗σ

k),

which completes the derivation of the re-noising step in Phase 1.

A.2 PHASE 2: GUIDED DENOISING - DERIVATION OF RE-NOISING STEP

In Phase 2, the re-noising process starts from the pixel-space optimized clean state x∗
0 (and its

encoding z∗0 = E(x∗
0)) and the noise estimate ϵtk obtained from the jump step. We wish to sample

the state at the previous timestep tk+1 for the subsequent refinement.

Here, we rely directly on z∗0 as the clean latent state. We blend the existing noise ϵtk (derived as
ϵtk = (z̃tk − αtk z̃0)/σtk ) with fresh Gaussian noise ϵ ∼ N (0, I) using the coefficients at tk+1:

ϵblend := αtk+1
ϵtk + σtk+1

ϵ.

Using the reparametrization trick, we sample the state z̃tk+1
:

z̃tk+1
= αtk+1

z∗0 + σtk+1
ϵblend

= αtk+1
z∗0 + σtk+1

(αtk+1
ϵtk + σtk+1

ϵ)

= αtk+1
z∗0 + σtk+1

αtk+1
ϵtk

︸ ︷︷ ︸
µtk+1

+σ2
tk+1

ϵ.

Matching this to Algorithm 1, we identify the mean µtk+1
:= αtk+1

z∗0+σtk+1
αtk+1

ϵtk . The variance

term σ2
tk+1

ϵ implies a covariance of σ4
tk+1

I, which we denote by σ′
tk+1

:= σ2
tk+1

I. This gives the

final sampling distribution:

z̃tk+1
∼ N (µtk+1

, σ2
tk+1

σ′
tk+1

),

completing the derivation for Phase 2.

1



702

703

704

705

706

707

708

709

710

711

712

713

714

715

716

717

718

719

720

721

722

723

724

725

726

727

728

729

730

731

732

733

734

735

736

737

738

739

740

741

742

743

744

745

746

747

748

749

750

751

752

753

754

755

Under review as a conference paper at ICLR 2026

B THEORETICAL INTERPRETATION

This section provides a concise interpretation of G&G as an approximate split inference procedure that
alternates between (i) a prior-driven diffusion update and (ii) a data-consistency update implemented
via pixel-space optimization.

Notation. We follow the paper’s convention that Zt (resp. X) denotes a latent-space (resp. pixel-
space) variable, while bold symbols such as zt and x denote generic realizations/iterates. Algorithm 1
follows this convention and writes iterates in bold (e.g., z, x), while the background uses uppercase
notation (Zt, Xt) when referring to the underlying diffusion random variables and their marginals. In
Phase 2, the algorithm uses a constant weight λ; in this section we allow a time-dependent λt, and the
algorithm can be recovered by taking λt ≡ λ (or λtk on the chosen schedule) and, when convenient,
absorbing the σ2

y scaling from the Gaussian likelihood into λ.

Target posterior and time-marginals. Recall the latent-space posterior at t = 0:

π0(z0 | y) ∝ ℓ0(y | z0) p0(z0), ℓ0(y | z0) = N
(
y; A(D(z0)), σ

2
yI
)
. (5)

For any noise level t ∈ [0, 1], define the posterior time-marginal πt(zt | y) by pushing π0(· | y)
through the forward noising kernel pt(zt | z0), (i.e., zt = αtz0 + σtz1). This yields the classical
form

πt(zt | y) ∝ ℓt(y | zt) pt(zt), ℓt(y | z) = E[ℓ0(y | Z0) | Zt = z], (6)

and exact posterior sampling can be implemented by reverse-time transitions that depend on the score
of ℓt, cf. (4). Our method avoids evaluating ∇zt

log ℓt(y | zt) via VJPs, and instead enforces data
consistency through optimization steps at selected timesteps.

B.1 PIXEL-SPACE UPDATE AS AN APPROXIMATE MAP / PROXIMAL STEP

The key ingredient is a local Gaussian approximation of the conditional distribution induced by the
diffusion prior.

Assumption B.1 (Local Gaussian conditional). At timestep t, conditioned on the noisy state Zt = zt,
the diffusion model induces an approximate conditional for the clean image in pixel space of the form

qt(x | zt) ∝ exp

(

−λt
2
∥x− x̃0(zt)∥2

)

, (7)

where x̃0(zt) = D(x̂θ
0(zt, t)) is the decoded denoiser prediction and λt ≥ 0 is a (time-dependent)

precision. In particular, for λt > 0, this corresponds to an isotropic Gaussian centered at x̃0(zt), so
x̃0(zt) is treated as the mean parameter of the approximate prior qt(· | zt).
Proposition B.2 (Pixel-space objective as approximate conditional MAP). Assume the Gaussian
likelihood in (5) and Assumption B.1. Then the maximizer of the approximate conditional posterior

qt(x | zt,y) ∝ exp
(

− 1
2σ2

y
∥y −A(x)∥2

)

qt(x | zt) is given by the solution of

x∗
t ∈ argmin

x

1

2σ2
y

∥y −A(x)∥2 +
λt
2
∥x− x̃0(zt)∥2. (8)

Proof. By Bayes’ rule, the conditional posterior is proportional to likelihood times prior:

qt(x | zt,y) ∝ p(y | x) qt(x | zt).
Substituting the likelihood from Eq. (5) (noting p(y | x) ∝ exp(− 1

2σ2
y
∥y − A(x)∥2)) and the

approximate prior from Assumption B.1, we have

qt(x | zt,y) ∝ exp

(

− 1

2σ2
y

∥y −A(x)∥2
)

· exp
(

−λt
2
∥x− x̃0(zt)∥2

)

.

Combining the exponents, the posterior density is proportional to

exp

(

−
[

1

2σ2
y

∥y −A(x)∥2 + λt
2
∥x− x̃0(zt)∥2

])

.
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The MAP estimate maximizes this probability, which is equivalent to minimizing the negative
log-posterior (the expression in square brackets). Thus, the solution is characterized by

x∗
t ∈ argmin

x

(
1

2σ2
y

∥y −A(x)∥2 + λt
2
∥x− x̃0(zt)∥2

)

,

which corresponds exactly to (8).

Eq. (8) matches the pixel-space subproblem used in Phase 2 (Algorithm 1). In this interpretation,
λt controls the strength of the local prior term: larger t typically corresponds to higher uncertainty
in the denoiser prediction, suggesting smaller λt, while as t→ 0 one expects λt to increase. In our
experiments, we often set λt = 0 and rely on the implicit regularization from the diffusion dynamics;
nevertheless, Proposition B.2 clarifies the role of λt as a principled prior precision.

B.2 PROXIMAL FORM, CLOSED-FORM SOLUTIONS, AND STABILITY

This subsection unpacks the pixel-space optimization subproblem used by G&G. Intuitively, we
take the decoded denoiser prediction x̃0(zt) as a proposal image and then “pull it back” toward data
consistency by solving a simple quadratic-regularized objective. This is exactly a proximal step,
which immediately gives useful stability intuition.

Takeaway.

• The update in (8) is a proximal map applied to x̃0(zt).

• If A is linear, the update has a closed form (ridge/Tikhonov regression).

• For convex data terms, the map is stable: small changes in x̃0 lead to small changes in x∗
t .

Define the data-fidelity term f(x) := 1
2σ2

y
∥y −A(x)∥2. For γ > 0, the proximal map of f is

proxγf (v) := argmin
x

f(x) +
1

2γ
∥x− v∥2. (9)

Corollary B.3 (Proximal interpretation). Assume f is convex and λt > 0. Then the unique minimizer
of (8) satisfies

x∗
t = prox 1

λt
f (x̃0(zt)) . (10)

Proof. By definition (9), proxγf (v) minimizes f(x) + 1
2γ ∥x − v∥2. Setting v = x̃0(zt) and

γ = 1/λt makes this objective identical to (8).

Remark B.4 (Linear closed form). If A(x) = Ax, (8) admits the closed-form solution:

x∗
t =

(
1

σ2
y

A⊤A+ λtI

)−1(
1

σ2
y

A⊤y + λtx̃0(zt)

)

, (11)

making the trade-off between data consistency and local prior explicit.

Remark B.5 (Stability). For convex f , the proximal map proxγf is 1-Lipschitz (nonexpansive)

(Parikh & Boyd, 2014; Bauschke & Combettes, 2017). Concretely, changing the proposal x̃0(zt) by
δ can change the optimizer x∗

t by at most ∥δ∥. This formalizes the intuition that the optimization step
is a “stable correction” of the denoiser prediction.

Remark B.6 (Scaling λt). Since the effective noise on z0 given zt scales as σt/αt, a natural heuristic
is

λt ∝
(
αt

σt

)2

, (12)

which increases with SNR (t → 0), justifying time-dependent regularization. Note that σ2
y and λt

appear only through their relative weighting in (8), so one can view λt as an effective (time-dependent)
trade-off parameter.

3
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Remark B.7 (Guidance schedule). Interpreting λt as a proxy for SNR, guidance is typically most
effective at intermediate noise levels. When t→ 0 (high SNR), the diffusion prior/denoiser is already
confident and can be “too rigid”: heavy optimization may introduce artifacts that the remaining
denoising steps cannot easily correct. When t→ 1 (low SNR), the denoiser prediction is highly un-
certain, so the quadratic anchoring term in (8) becomes less informative. This motivates concentrating
optimization at intermediate timesteps (Appendix C).

B.3 INEXACT GIBBS / ALTERNATING UPDATE VIEWPOINT

This viewpoint explains G&G as a simple “alternate between prior and likelihood” routine at a fixed
noise level.

At a fixed timestep t, consider the augmented latent posterior over (z0, zt):

π(z0, zt | y) ∝ ℓ0(y | z0) p0(z0) p(zt | z0), (13)

where p(zt | z0) = N (αtz0, σ
2
t I) is the forward noising kernel.

A (hypothetical) exact Gibbs sampler for (13) would alternate between sampling z0 ∼ π(z0 | zt,y)
and zt ∼ p(zt | z0). The first conditional is intractable in general. G&G can be seen as an inexact
replacement of this step:

1. Prior prediction: use the pretrained denoiser to produce ẑ0 = x̂θ
0(zt, t) (a point estimate

for z0 | zt), and decode to x̃0 = D(ẑ0).

2. Data consistency: incorporate y by solving the MAP/prox problem (8), which outputs x∗
t

(Proposition B.2 and Corollary B.3).

3. Re-noise: map x∗
t back to the noisy manifold by sampling from the forward kernel, while

preserving the current noise realization as much as possible (Lemma B.15).

This yields an intuitive “prior → data-consistency → re-noise” loop.

Remark B.8 (Phase 1 as repeated approximate conditioning at t∗). Phase 1 fixes a single noise level
t∗ and repeats the inexact update above for N iterations. This can be viewed as iteratively refining an
approximate sample from the posterior time-marginal πt∗(Zt∗ | y) using repeated “(prior prediction
→ prox data-consistency → re-noise)” cycles, so that Phase 2 can start closer to the conditional
manifold while skipping expensive steps from t = 1.

B.4 FIXED-POINT CONVERGENCE OF AN IDEALIZED DETERMINISTIC LOOP

The full G&G algorithm is stochastic and time-varying (it includes re-noising and a schedule over
timesteps). To provide complementary intuition, we now discuss a standard idealization from
plug-and-play / proximal analyses: freeze a single timestep t and study a deterministic “denoise +
data-consistency” iteration (Parikh & Boyd, 2014; Venkatakrishnan et al., 2013).

Remark B.9 (How to read this subsection). The assumptions below (nonexpansiveDt, convex/strongly
convex f ) are not meant to precisely model neural denoisers. They are included only to connect
G&G’s core step to classical fixed-point arguments and to explain why the loop is typically stable in
practice.

Let Dt : R
d → R

d denote a generic prior prediction operator at timestep t that returns a clean image
prediction (e.g., Dt(·) abstracts the decoded denoiser prediction used by the algorithm). Define the
data-consistency map

Pλt
(v) := argmin

x

f(x) +
λt
2
∥x− v∥2 = prox 1

λt
f (v), (14)

where f(x) = 1
2σ2

y
∥y −A(x)∥2 and prox is defined in (9).

Lemma B.10 (Nonexpansiveness of the data-consistency map). If f is convex, then Pλt
is 1-Lipschitz.

Proof. Let x = Pλt
(v) and x′ = Pλt

(v′). By first-order optimality (subgradient optimality for a
convex objective), there exist u ∈ ∂f(x) and u′ ∈ ∂f(x′) such that

u+ λt(x− v) = 0, u′ + λt(x
′ − v′) = 0. (15)
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Subtracting the two relations gives

(u− u′) + λt(x− x′) = λt(v − v′). (16)

Taking the inner product with (x− x′) yields

⟨u− u′,x− x′⟩+ λt∥x− x′∥2 = λt⟨v − v′,x− x′⟩. (17)

Since f is convex, its subdifferential ∂f is monotone, so ⟨u−u′,x−x′⟩ ≥ 0 (Bauschke & Combettes,
2017; Parikh & Boyd, 2014). Dropping this nonnegative term in (17) and applying Cauchy–Schwarz
gives

λt∥x− x′∥2 ≤ λt∥v − v′∥ ∥x− x′∥.
If x = x′ the claim holds trivially. Otherwise, divide by λt∥x− x′∥ to obtain ∥x− x′∥ ≤ ∥v− v′∥.
Therefore Pλt

is 1-Lipschitz.

Consider the composite operator Tt := Pλt
◦Dt and the relaxed iteration

xk+1 = (1− ρ)xk + ρ Tt(x
k), ρ ∈ (0, 1). (18)

Assumption B.11 (Nonexpansive prior operator). The prior prediction operator Dt is 1-Lipschitz.

Theorem B.12 (Convergence of the relaxed fixed-point iteration). Assume f is convex, Assump-
tion B.11 holds, and Fix(Tt) ̸= ∅. Then the iteration (18) converges to a fixed point of Tt.

Proof. First, Pλt
is nonexpansive by Lemma B.10, and Dt is nonexpansive by Assumption B.11.

Therefore, for any x,x′,

∥Tt(x)− Tt(x
′)∥ = ∥Pλt

(Dt(x))− Pλt
(Dt(x

′))∥ ≤ ∥Dt(x)−Dt(x
′)∥ ≤ ∥x− x′∥,

so Tt is nonexpansive.

Define the relaxed map St(x) := (1 − ρ)x + ρ Tt(x), so that (18) is xk+1 = St(x
k). Note that

Fix(St) = Fix(Tt): if x = St(x), then (1−ρ)x+ρTt(x) = x implies Tt(x) = x, and the converse
is immediate.

Since St is the Krasnosel’skiı̆–Mann relaxation of the nonexpansive map Tt, the Krasnosel’skiı̆–Mann
fixed-point theorem ensures that (xk)k converges to a point in Fix(Tt) whenever Fix(Tt) ̸= ∅

(in finite-dimensional Hilbert spaces) (Krasnosel’skii, 1955; Mann, 1953; Bauschke & Combettes,
2017).

Theorem B.12 connects G&G’s core step to standard plug-and-play analyses: guidance can be
viewed as seeking a fixed point of a data-consistency proximal map composed with a prior operator
(Venkatakrishnan et al., 2013).

Theorem B.13 (Linear convergence under strong convexity). Assume f is µ-strongly convex and

Dt is Lt-Lipschitz. Then Pλt
is 1

1+µ/λt
-Lipschitz, and Tt is Lt

1+µ/λt
-Lipschitz. In particular, if

Lt

1+µ/λt
< 1, then Tt is a contraction with a unique fixed point x⋆, and the iteration xk+1 = Tt(x

k)

converges to x⋆ at a linear rate.

Proof. Let x = Pλt
(v) and x′ = Pλt

(v′). As in Lemma B.10, there exist u ∈ ∂f(x) and
u′ ∈ ∂f(x′) satisfying the optimality conditions (15), and hence (17) holds:

⟨u− u′,x− x′⟩+ λt∥x− x′∥2 = λt⟨v − v′,x− x′⟩.
If f is µ-strongly convex, then ∂f is µ-strongly monotone, meaning ⟨u− u′,x− x′⟩ ≥ µ∥x− x′∥2
(Bauschke & Combettes, 2017; Parikh & Boyd, 2014). Plugging this into the previous identity gives

(µ+ λt)∥x− x′∥2 ≤ λt⟨v − v′,x− x′⟩ ≤ λt∥v − v′∥ ∥x− x′∥.
If x = x′ the claim is trivial; otherwise dividing by (µ+ λt)∥x− x′∥ yields

∥x− x′∥ ≤ λt
µ+ λt

∥v − v′∥ =
1

1 + µ/λt
∥v − v′∥.

Thus Pλt
is 1

1+µ/λt
-Lipschitz.
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For Tt = Pλt
◦Dt, we have for any x,x′:

∥Tt(x)− Tt(x
′)∥ ≤ 1

1 + µ/λt
∥Dt(x)−Dt(x

′)∥ ≤ Lt

1 + µ/λt
∥x− x′∥.

Therefore, if q := Lt

1+µ/λt
< 1, then Tt is a contraction. By Banach’s fixed-point theorem, Tt has a

unique fixed point x⋆ and the iterates xk+1 = Tt(x
k) satisfy ∥xk − x⋆∥ ≤ qk∥x0 − x⋆∥, which is

linear convergence (Bauschke & Combettes, 2017).

Corollary B.14 (Robustness to inexact updates). Under the assumptions of Theorem B.13 with
contraction factor q < 1, consider inexact iterates xk+1 = Tt(x

k) + ek with ∥ek∥ ≤ ε. Then
lim supk→∞ ∥xk − x⋆∥ ≤ ε/(1− q).

Proof. Since Tt is a contraction and Tt(x
⋆) = x⋆, we have

∥xk+1 − x⋆∥ ≤ ∥Tt(xk)− Tt(x
⋆)∥+ ∥ek∥ ≤ q∥xk − x⋆∥+ ε.

Define ak := ∥xk − x⋆∥. Then ak+1 ≤ qak + ε. Unrolling the recursion gives

ak ≤ qka0 + ε

k−1∑

i=0

qi = qka0 + ε
1− qk

1− q
.

Taking lim supk→∞ and using qk → 0 yields lim supk→∞ ak ≤ ε/(1− q).

B.5 RE-NOISING AS AN OPTIMAL COUPLING (NOISE PRESERVATION)

After updating the clean estimate via optimization, the algorithm re-noises to return to a noisy
manifold (Phase 1 and Phase 2). A useful perspective is that re-noising should change the mean
induced by the updated clean state while minimally perturbing the current sample, which is naturally
formalized via optimal couplings of Gaussians.

Lemma B.15 (Optimal coupling of equal-covariance Gaussians). Let P = N (m,Σ) and P ′ =
N (m′,Σ) with the same covariance Σ ≻ 0. The coupling X = m + ξ, X ′ = m′ + ξ with
ξ ∼ N (0,Σ) minimizes E∥X − X ′∥2 among all couplings of (P, P ′), and achieves inf E∥X −
X ′∥2 = ∥m−m′∥2.

Proof. Let (X,X ′) be any coupling of (P, P ′). Write X = m + ξ and X ′ = m′ + ξ′ where ξ, ξ′

have mean 0 and covariance Σ. Then

E∥X −X ′∥2 = E∥(m−m′) + (ξ − ξ′)∥2 = ∥m−m′∥2 + E∥ξ − ξ′∥2,
where the cross term vanishes because E[ξ − ξ′] = 0. Since E∥ξ − ξ′∥2 ≥ 0, we obtain the lower
bound E∥X −X ′∥2 ≥ ∥m−m′∥2.
This bound is achievable by the shared-noise coupling: draw ξ ∼ N (0,Σ) and set X = m+ ξ and
X ′ = m′ + ξ. Then X ∼ P , X ′ ∼ P ′, and E∥X −X ′∥2 = ∥m−m′∥2. Equivalently, this is the
optimal transport plan for quadratic cost between equal-covariance Gaussians (Villani, 2009).

Lemma B.15 motivates noise preservation: when the clean estimate changes (e.g., from x̃0 to x∗
t ), the

least-disruptive way to return to the noisy manifold is to keep the same underlying noise realization
and only update the mean term. In practice the true noise is not observed; we therefore approximate
it using the predicted noise extracted from the denoiser output (see Appendix A). We additionally
mix this predicted noise with fresh Gaussian noise, which preserves the marginal covariance while
providing controlled stochastic refresh.
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C SAMPLING SCHEDULE

Motivation: In Phase 2 of our method, we perform optimization at a selected subset ofM timesteps
from the diffusion trajectory. A critical design choice is where along this trajectory to concentrate our
computational effort. The spacing of these timesteps—controlled by our scheduling strategy—has
a significant impact on reconstruction quality. Key insight: Optimization applied too late in the
denoising process (near t = 0) has limited opportunity for the denoiser to refine artifacts, while
optimization applied too early (near t∗) may be wasted on high-noise states. Our scheduling strategies
allow flexible allocation of computational budget across the denoising trajectory.

C.1 TIMESTEP ALLOCATION FRAMEWORK

Given M guidance steps and starting timestep t∗ = Tstart, we construct a grid of timesteps
{t1, t2, . . . , tM} where tM = t∗ and t1 > 0. Note that the timesteps are in decreasing order:
tM > tM−1 > · · · > t1.

Weight-based allocation. Rather than spacing timesteps uniformly, we assign a weight wi to each
position i ∈ {1, . . . ,M}, then allocate timesteps proportionally to these weights. Higher weights
wi result in larger spacing allocated to that region of the trajectory. We first compute the cumulative
timestep decrements:

Ci =

⌊

(Tstart − 1) ·
∑i

j=1 wj
∑M

j=1 wj

⌋

The spacing between consecutive timesteps is then ∆i = Ci − Ci−1, where C0 = 0. Finally, the
timesteps themselves are computed in decreasing order tM = Tstart

tk = Tstart −
M∑

j=k+1

∆j , k = 1, . . . ,M

C.2 SCHEDULING STRATEGIES

We explore five scheduling strategies that concentrate optimization steps at different noise levels. The
weight functions for each strategy are summarized in Table 6.

Table 6: Weight functions for different scheduling strategies.

Strategy Weight Function wi Parameters

Uniform 1 —
Linear i+ 1 —
Polynomial (i+ 1)p p > 1
Exponential ki k > 1

Gaussian exp
(

− (i/M−µ)2

2σ2

)

µ ∈ [0, 1], σ > 0

Beta Beta(i/M ;α, β)−1 α, β > 0

Uniform Schedule: wi = 1 for all i. Equal spacing between all guidance steps. This serves as our
baseline, distributing computational effort uniformly across the denoising trajectory.

Linear Schedule: wi = i+1. Progressively allocates more timesteps toward later iterations (lower
noise levels). Weights increase linearly, so the spacing between guidance steps grows as we approach
cleaner states.

Polynomial Schedule: wi = (i + 1)p with power p > 1. Similar to linear but with adjustable
aggressiveness controlled by power p. Higher values of p create more dramatic concentration toward
later iterations. Common choices include p = 2 (quadratic growth, moderate concentration) or p = 3
(cubic growth, aggressive concentration). We find out this schedule works best for FFHQ LDM.
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Exponential Schedule: wi = ki with decay rate k > 1. Rapidly concentrates timesteps toward
later iterations using exponential growth. The decay rate k controls how aggressively we shift toward
low-noise regions. Typical values are k ∈ [1.5, 2.0].

Gaussian Schedule (Default):

wi = exp

(

− (i/M − µ)2

2σ2

)

with center µ ∈ [0, 1] and width σ > 0. Concentrates timesteps around a specific relative position
µ along the trajectory, with spread controlled by σ. This allows targeting the “sweet spot” where
optimization is most effective. For example, µ = 0.5 centers around mid-trajectory, while smaller σ
creates tighter concentration. This schedule work best for most tasks. Our experiments (Table 5) show
this provides the best balance, typically with µ ∈ [0.3, 0.5] and σ ∈ [10.0, 15.0]. By concentrating
optimization in the intermediate noise regime (approximately t ∈ [0.4, 0.6]), the denoiser has
sufficient structure to work with while retaining enough trajectory to refine artifacts before reaching
the final output.

Beta Schedule: wi = Beta(i/M ;α, β)−1, where

Beta(x;α, β) =
xα−1(1− x)β−1

B(α, β)

is the Beta distribution probability density with shape parameters α, β > 0. Most flexible distribution
that can model U-shaped, bell-shaped, or skewed patterns depending on α and β. Symmetric
concentration occurs when α = β, while α < β skews toward early iterations and α > β skews
toward later iterations.
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D COMPETITORS

In this section, we detail the implementation of baseline methods. We use the hyperparameters
suggested by the original authors and perform additional tuning for each dataset when specific values
are not provided.

DPS. We implemented the method from Chung et al. (2022a), adopting the hyperparameters for
each task as specified in Chung et al. (2022a) (App. D). For tasks not covered in the original work, we
performed our own tuning: specifically, we set ψ = 0.2 for JPEG 2%, ψ = 0.07 for High Dynamic
Range.

DIFFPIR. We implemented Zhu et al. (2023) to ensure compatibility with our codebase, using the
hyperparameters from the official released version. We attempted to extend the method to nonlinear
problems following the guidelines in Zhu et al. (2023) (Eqn. (13)); however, the algorithm diverged
in these cases. We were unable to resolve this issue as neither the paper nor the released code provide
examples for nonlinear problems. For motion blur, Zhu et al. (2023) offers an FFT-based solution
that is only applicable to circular convolution. Since we adopt the experimental setup of Chung et al.
(2022a), which employs convolution with reflection padding, we exclude DIFFPIR from the motion
blur evaluation.

DDNM (Wang et al., 2022). We adapted the implementation from the released code.
The original code provides separate classes for each degradation operator in the module
functions/svd_operators.py. We refactored these into a single unified class to support all
SVD-decomposable linear degradation operators. We observe that DDNM exhibits instability for
operators whose SVD decomposition is susceptible to numerical errors, such as Gaussian blur with
wide convolution kernels. This instability arises from the algorithm’s reliance on the pseudo-inverse
of the operator.

RED-DIFF (Mardani et al., 2023). We employed the implementation of RED-DIFF from the
released code. For linear problems, we initialize the variational optimization using the pseudo-inverse
of the observation. For nonlinear problems, where the pseudo-inverse is unavailable, we initialize the
optimization with a sample drawn from a standard Gaussian distribution.

PGDM. We use the implementation provided in the RED-DIFF repository, as several authors of
RED-DIFF are also co-authors of PGDM. We note a minor deviation from the algorithm presented in
Song et al. (2023b) (Algorithm 1): in the final step, the guidance term g is scaled by αt−1αt in the
implementation, whereas the original formulation scales it by αt

√
αt. We find that this modification

improves performance across most tasks, with the exception of JPEG dequantization, for which the
original αt scaling yields better results.

PSLD. We implemented the PSLD algorithm from Kadkhodaie & Simoncelli (2020) and configured
the hyperparameters for each task based on the publicly available implementation.

RESAMPLE. We modified the original code from the authors to enable direct adjustment of key
hyperparameters: the tolerance ε and maximum iteration count N for the optimization problems
enforcing hard data consistency, as well as the variance scaling factor γ for the stochastic resampling
distribution. We observe that the algorithm is sensitive to ε, with optimal reconstructions achieved by
setting it equal to the noise level of the inverse problem across all tasks and noise levels. In contrast,
we find that γ has minimal impact on reconstruction quality. To reduce computational cost, we set a
maximum threshold of N = 200 gradient iterations.

DAPS. We use the official codebase and configure the hyperparameters according to Zhang et al.
(2025) (Table 7). For audio-source separation, we set σmax and σmin to match the values used in the
sound model, and adapt the Langevin step size lr and standard deviation tau accordingly.

PNP-DM. We adapted the implementation from the released code, making the coupling parameter
ρ (including its initial value, minimum value, and decay rate) and the number of Langevin steps

9
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with their step size directly adjustable. We configure the hyperparameters following Wu et al. (2024)
(Tables 3 and 4). For inpainting tasks, although exact likelihood steps are theoretically possible
via Gaussian conjugacy Wu et al. (2024)(Sec. 3.1), we find that Langevin dynamics yield superior
results in practice. For instance, the reconstructions in Figure 6 (left) are obtained by exact posterior
sampling, whereas the right-hand side uses Langevin dynamics.
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E ABLATION STUDIES

Table 7: SSIM scores for different noise schedules across tasks

Schedule DEBLUR MOTION DEBLUR SR4

Uniform 0.772 ± 0.057 0.768 ± 0.057 0.772 ± 0.056
Linear 0.692 ± 0.068 0.673 ± 0.076 0.691 ± 0.073
Polynomial 0.818 ± 0.042 0.754 ± 0.041 0.785 ± 0.036
Exponential 0.823 ± 0.045 0.808 ± 0.040 0.805 ± 0.036
Beta 0.759 ± 0.034 0.523 ± 0.046 0.717 ± 0.032
Gaussian 0.825 ± 0.045 0.824 ± 0.041 0.827 ± 0.038

Table 8: PSNR scores for different noise schedules across tasks

Schedule DEBLUR MOTION DEBLUR SR4

Uniform 26.42 ± 1.71 26.24 ± 1.72 26.38 ± 1.69
Linear 23.63 ± 1.58 23.04 ± 1.82 23.48 ± 1.68
Polynomial 28.78 ± 1.91 27.93 ± 1.64 28.18 ± 1.60
Exponential 28.71 ± 2.04 28.52 ± 1.85 28.40 ± 1.71
Beta 27.84 ± 1.58 24.70 ± 0.92 27.19 ± 1.31
Gaussian 28.72 ± 2.00 28.57 ± 2.00 28.66 ± 1.92
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F ADDITIONAL EXPERIMENTS

F.1 COMPUTATIONAL RESOURCES

All experiments are conducted on a single node with 8 NVIDIA A6000 GPUs. Performance metrics,
including runtime and memory usage, are measured on GPUs without competing processes or memory
allocation. CPU load is monitored throughout to ensure no performance degradation from CPU-GPU
synchronization bottlenecks.

Table 9: Quantitative comparison of different methods across various inverse problems. Results are
reported as SSIM ± standard deviation. Higher is better.

SSIM FFHQ

Task G&G DAPS RED-DIFF PNP-DM DPS DDNM PGDM DIFFPIR

Gauss. Deblur 0.83 ± 0.04 0.81 ± 0.05 0.81 ± 0.04 0.77 ± 0.06 0.72 ± 0.07 0.03 ± 0.01 0.14 ± 0.09 –

Mot. Deblur 0.82 ± 0.04 0.79 ± 0.05 0.74 ± 0.03 0.75 ± 0.06 0.65 ± 0.07 – – –

SR (×4) 0.79 ± 0.04 0.80 ± 0.05 0.63 ± 0.03 0.75 ± 0.05 0.67 ± 0.08 0.69 ± 0.03 0.56 ± 0.03 –

SR (×16) 0.63 ± 0.07 0.55 ± 0.08 0.59 ± 0.06 0.50 ± 0.07 0.50 ± 0.08 0.62 ± 0.07 0.42 ± 0.06 –

Box Inp. 0.76 ± 0.04 0.80 ± 0.03 0.70 ± 0.03 0.55 ± 0.03 0.72 ± 0.06 0.73 ± 0.03 0.70 ± 0.03 0.82 ± 0.03

Half Inp. 0.68 ± 0.05 0.71 ± 0.04 0.63 ± 0.04 0.43 ± 0.02 0.66 ± 0.06 0.65 ± 0.05 0.59 ± 0.04 0.73 ± 0.05

JPEG (QF=2) 0.77 ± 0.05 0.76 ± 0.05 0.72 ± 0.05 0.71 ± 0.06 0.60 ± 0.10 – – –

Phase Retr. 0.58 ± 0.21 0.65 ± 0.23 0.53 ± 0.22 0.54 ± 0.21 0.39 ± 0.16 – – –

HDR 0.78 ± 0.09 0.85 ± 0.07 0.72 ± 0.09 0.67 ± 0.13 0.34 ± 0.34 – – –

Memory (MB) 1983 2095 1985 1985 3309 2019 3409 1985

Run time (sec) 25 75 50 194 105 47 101 50

Table 10: Quantitative comparison of different methods across various inverse problems. Results are
reported as PSNR ± standard deviation. Higher is better.

PSNR FFHQ

Task G&G DAPS RED-DIFF PNP-DM DPS DDNM PGDM DIFFPIR

Gauss. Deblur 29.0 ± 1.80 28.2 ± 2.08 28.7 ± 1.82 25.2 ± 2.76 24.7 ± 2.07 7.8 ± 0.10 13.2 ± 0.70 –

Mot. Deblur 28.1 ± 1.76 27.0 ± 1.86 27.8 ± 1.22 24.7 ± 2.33 22.2 ± 1.83 – – –

SR (×4) 28.2 ± 1.62 27.5 ± 1.76 26.1 ± 0.92 24.7 ± 2.21 22.8 ± 2.05 26.9 ± 1.17 24.6 ± 1.22 –

SR (×16) 21.6 ± 1.69 17.8 ± 1.48 21.2 ± 1.44 16.3 ± 1.10 17.9 ± 1.65 21.6 ± 1.67 18.4 ± 1.23 –

Box Inp. 21.7 ± 2.65 22.4 ± 2.90 21.6 ± 2.60 12.5 ± 0.74 20.9 ± 2.41 22.5 ± 2.78 21.1 ± 2.37 22.6 ± 3.42

Half Inp. 16.0 ± 2.57 15.4 ± 2.51 15.5 ± 2.51 10.8 ± 0.94 15.9 ± 2.44 16.1 ± 2.89 15.0 ± 2.32 16.2 ± 2.82

JPEG (QF=2) 26.2 ± 1.56 25.4 ± 1.73 24.5 ± 1.19 22.4 ± 1.49 20.4 ± 1.71 – – –

Phase Retr. 19.7 ± 6.82 21.6 ± 8.92 21.5 ± 7.81 18.1 ± 6.59 14.1 ± 4.32 – – –

HDR 22.9 ± 2.87 27.1 ± 2.96 21.7 ± 2.86 21.4 ± 2.12 12.9 ± 7.61 – – –

Memory (MB) 1983 2095 1985 1985 3309 2019 3409 1985

Run time (sec) 25 75 50 194 105 47 101 50

Table 11: Quantitative comparison of different methods across various inverse problems. Results are
reported as SSIM ± standard deviation. Higher is better.

SSIM ImageNet

Task G&G DAPS RED-DIFF PNP-DM DPS DDNM PGDM DIFFPIR

Gauss. Deblur 0.77 ± 0.07 0.68 ± 0.13 0.69 ± 0.10 0.63 ± 0.14 0.57 ± 0.17 0.60 ± 0.15 0.07 ± 0.02 –

Mot. Deblur 0.72 ± 0.05 0.66 ± 0.13 0.65 ± 0.05 0.60 ± 0.14 0.49 ± 0.17 – – –

SR (×4) 0.71 ± 0.05 0.67 ± 0.13 0.59 ± 0.05 0.60 ± 0.15 0.51 ± 0.17 0.74 ± 0.10 0.27 ± 0.05 –

SR (×16) 0.58 ± 0.14 0.43 ± 0.15 0.45 ± 0.13 0.40 ± 0.14 0.34 ± 0.16 0.50 ± 0.16 0.21 ± 0.09 –

Box Inp. 0.72 ± 0.07 0.73 ± 0.05 0.36 ± 0.06 0.51 ± 0.04 0.58 ± 0.15 0.76 ± 0.05 0.61 ± 0.02 0.78 ± 0.04

Half Inp. 0.67 ± 0.10 0.65 ± 0.07 0.58 ± 0.05 0.38 ± 0.03 0.52 ± 0.14 0.66 ± 0.08 0.52 ± 0.04 0.72 ± 0.08

JPEG (QF=2) 0.75 ± 0.09 0.64 ± 0.14 0.61 ± 0.11 0.59 ± 0.14 0.46 ± 0.16 – – –

Phase Retr. 0.25 ± 0.14 0.36 ± 0.24 0.23 ± 0.12 0.33 ± 0.15 0.20 ± 0.11 – – –

HDR 0.77 ± 0.14 0.82 ± 0.11 0.72 ± 0.12 0.64 ± 0.21 0.16 ± 0.21 – – –

Memory (MB) 4991 4993 4995 4993 8701 5031 8741 5007

Run time (sec) 83 219 165 636 360 296 371 169
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Table 12: Quantitative comparison of different methods across various inverse problems. Results are
reported as PSNR ± standard deviation. Higher is better.

PSNR ImageNet

Task G&G DAPS RED-DIFF PNP-DM DPS DDNM PGDM DIFFPIR

Gaussian Deblur 27.3 ± 2.57 25.4 ± 3.15 25.8 ± 2.99 24.5 ± 2.83 22.6 ± 3.06 23.7 ± 3.26 9.7 ± 0.64 –

Motion Deblur 26.9 ± 2.20 24.7 ± 2.97 25.5 ± 1.97 23.4 ± 2.68 20.4 ± 2.65 – – –

SR (×4) 26.6 ± 1.95 25.1 ± 2.91 24.5 ± 1.88 23.8 ± 2.68 20.9 ± 3.00 26.4 ± 3.33 18.2 ± 1.80 –

SR (×16) 20.8 ± 2.78 16.9 ± 1.90 19.7 ± 1.97 15.1 ± 1.37 16.4 ± 2.21 20.4 ± 2.38 15.4 ± 1.89 –

Box Inpainting 18.3 ± 1.99 18.2 ± 2.39 18.0 ± 2.82 12.6 ± 1.00 17.1 ± 2.18 19.2 ± 2.51 16.4 ± 1.85 18.70 ± 3.23

Half Inpainting 15.9 ± 2.75 15.2 ± 3.03 14.3 ± 3.00 10.8 ± 1.51 14.0 ± 2.83 15.5 ± 3.14 13.8 ± 2.09 16.56 ± 4.09

JPEG (QF=2) 25.6 ± 2.26 23.7 ± 2.63 22.9 ± 1.95 21.6 ± 2.00 18.6 ± 2.60 – – –

Phase Retrieval 12.6 ± 4.43 14.6 ± 6.76 14.2 ± 4.65 13.0 ± 3.24 11.9 ± 2.44 – – –

High Dynamic Range 23.2 ± 4.04 25.6 ± 3.65 22.5 ± 3.31 22.1 ± 3.96 7.98± 3.95 – – –

Memory (MB) 4991 4993 4995 4993 8701 5031 8741 5007

Run time (sec) 83 219 165 636 360 296 371 169
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G HYPERPARAMETERS

Table 13: Hyperparameters for all tasks on the ImageNet and FFHQ datasets. Unless stated
otherwise, all experiments use ηmain = 10−3, λ = 0.0, ηinterleave = 1.0, Nint

OPT = 50, ηinit = 10−4,
µG = 0.4, σG = 10.0, M = 30, and a Gaussian schedule. Exceptions: ηinit is 2 × 10−4 for Box
Inpainting on ImageNet; µG is 0.4/0.5 for Gaussian Blur, 0.3/0.4 for Box Inpainting, and 0.5 for
SR (×16) and HDR; σG is 15.0 for SR (×16) on FFHQ; M is 40/20 for SR (×4) and 20 for SR
(×16) and Phase Retrieval. For each entry, we report ImageNet / FFHQ when the datasets differ;
a single value indicates the same hyperparameter is used for both datasets.

Task t∗ N GOPT

Gaussian Blur 0.44 / 0.50 10 25 / 50
Motion Blur 0.44 10 25 / 50
SR (×4) 0.50 5 / 10 75 / 100
SR (×16) 0.50 / 0.60 1 / 30 200
Box Inpainting 0.70 5 50
Half Inpainting 0.80 30 50
JPEG (QF=2) 0.44 / 0.60 5 / 20 100 / 200
Phase Retrieval 0.70 20 100
HDR 0.44 10 25 / 100

Table 14: Hyperparameters for all tasks on the FFHQ dataset using Latent Diffusion Models. Unless
stated otherwise, all experiments use λ = 0.0, ηinit = 10−4, ηmain = 10−4, ηinterleave = 1.0, N = 30,
M = 10, and a polynomial schedule POLY(p). Exceptions: ηinterleave = 0.0 for Gaussian Blur;
N = 10 for Motion Blur and SR (×4) and N = 20 for Box Inpainting; M = 7 for SR (×4), M = 5
for SR (×16), and M = 20 for Box Inpainting, Phase Retrieval, and HDR; ηmain = 4 × 10−4 for
Gaussian Blur and ηmain = 5× 10−4 for JPEG (QF=2) and HDR.

Task t∗ Nint
OPT GOPT p

Gaussian Blur 0.70 50 3000 2.5
Motion Blur 0.50 300 3000 2.0
SR (×4) 0.30 300 2000 2.5
SR (×16) 0.40 300 1000 4.0
Box Inpainting 0.44 800 800 2.5
Half Inpainting 0.44 1000 800 3.0
JPEG (QF=2) 0.40 200 1000 3.0
Phase Retrieval 0.60 50 500 3.0
HDR 0.70 500 3000 3.0
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H RECONSTRUCTION SAMPLES ON FFHQ

Figure 3: Reconstructions for half mask inpainting on FFHQ dataset.
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Figure 4: JPEG dequantization with QF = 2 on FFHQ dataset.
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Figure 5: Reconstructions for Gaussian deblurring on ImageNet dataset.
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Figure 6: Gaussian Deblurring on FFHQ dataset.
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Figure 7: Motion Deblurring on FFHQ dataset.
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Figure 8: Super-resolution (×4) on FFHQ dataset.
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Figure 9: Super-resolution (×16) on FFHQ dataset.
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Figure 10: Box Inpainting on FFHQ dataset.
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Figure 11: Half Inpainting on FFHQ dataset.
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Figure 12: JPEG Compression (QF=2) on FFHQ dataset.

24



1944

1945

1946

1947

1948

1949

1950

1951

1952

1953

1954

1955

1956

1957

1958

1959

1960

1961

1962

1963

1964

1965

1966

1967

1968

1969

1970

1971

1972

1973

1974

1975

1976

1977

1978

1979

1980

1981

1982

1983

1984

1985

1986

1987

1988

1989

1990

1991

1992

1993

1994

1995

1996

1997

Under review as a conference paper at ICLR 2026

Figure 13: Phase Retrieval on FFHQ dataset.
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I RECONSTRUCTION SAMPLES ON FFHQ WITH LDM

Figure 14: Gaussian Deblurring on FFHQ dataset with LDM prior.
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Figure 15: Motion Deblurring on FFHQ dataset with LDM prior.
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Figure 16: Super-Resolution (×4) on FFHQ dataset with LDM prior.
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Figure 17: Box Inpainting on FFHQ dataset with LDM prior.

29



2214

2215

2216

2217

2218

2219

2220

2221

2222

2223

2224

2225

2226

2227

2228

2229

2230

2231

2232

2233

2234

2235

2236

2237

2238

2239

2240

2241

2242

2243

2244

2245

2246

2247

2248

2249

2250

2251

2252

2253

2254

2255

2256

2257

2258

2259

2260

2261

2262

2263

2264

2265

2266

2267

Under review as a conference paper at ICLR 2026

Figure 18: Half Inpainting on FFHQ dataset with LDM prior.

30



2268

2269

2270

2271

2272

2273

2274

2275

2276

2277

2278

2279

2280

2281

2282

2283

2284

2285

2286

2287

2288

2289

2290

2291

2292

2293

2294

2295

2296

2297

2298

2299

2300

2301

2302

2303

2304

2305

2306

2307

2308

2309

2310

2311

2312

2313

2314

2315

2316

2317

2318

2319

2320

2321

Under review as a conference paper at ICLR 2026

J RECONSTRUCTION SAMPLES ON IMAGENET

Observation Reference Sample Observation Reference Sample

Figure 19: Deblurring on ImageNet dataset.
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Observation Reference Sample Observation Reference Sample

Figure 20: Deblurring on ImageNet dataset.
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Observation Reference Sample Observation Reference Sample

Figure 21: Super-resolution (×4) on ImageNet dataset.
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Observation Reference Sample Observation Reference Sample

Figure 22: Center inpainting on ImageNet dataset.
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Observation Reference Sample Observation Reference Sample

Figure 23: JPEG compression (QF=2) on ImageNet dataset.
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Observation Reference Sample Observation Reference Sample

Figure 24: High Dynamic Range on ImageNet dataset.
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