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Abstract

Regularized optimization has been a classical approach to
solving imaging inverse problems, where the regularization
term enforces desirable properties of the unknown image.
Recently, the integration of flow matching generative mod-
els into image restoration has garnered significant attention,
owing to their powerful prior modeling capabilities. In this
work, we incorporate such generative priors into a Plug-and-
Play (PnP) framework based on proximal splitting, where the
proximal operator associated with the regularizer is replaced
by a time-dependent denoiser derived from the generative
model. While existing PnP methods have achieved notable
success in inverse problems with smooth squared ℓ2 data fi-
delity—typically associated with Gaussian noise—their ap-
plicability to more general data fidelity terms remains under-
explored. To address this, we propose a general and efficient
PnP algorithm inspired by the primal-dual hybrid gradient
(PDHG) method. Our approach is computationally efficient,
memory-friendly, and accommodates a wide range of fidelity
terms. In particular, it supports both ℓ1 and ℓ2 norm-based
losses, enabling robustness to non-Gaussian noise types such
as Poisson and impulse noise. We validate our method on
several image restoration tasks, including denoising, super-
resolution, deblurring, and inpainting, and demonstrate that
ℓ1 and ℓ2 fidelity terms outperform the conventional squared
ℓ2 loss in the presence of non-Gaussian noise.

Code — https://github.com/Chilie/PDHG-Flow
Extended version — https://arxiv.org/abs/2511.06748

Introduction
Many image restoration tasks in image processing and com-
puter vision can be formulated as solving a linear inverse
problem:

y = noisy(Ax), (1)

where x ∈ Rn denotes the unknown clean image, y ∈ Rm

and linear matrix A ∈ Rm×n describes the degradation
model. Image restoration is to recover x from the noisy ob-
servation y.

In general, problem (1) is ill-posed, and direct inversion is
infeasible without incorporating prior knowledge about the
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solution. A widely adopted approach is to compute the max-
imum a posteriori (MAP) estimate of the posterior distri-
bution p(x|y). The MAP estimate corresponds to the most
probable solution and is given by:

x̂ = argmax
x∈Rn

{log p(y|x) + log p(x)}, (2)

where p(y|x) models the noise distribution, and p(x) is the
image prior. Since directly computing log p(x) is often in-
tractable, MAP estimation is commonly reformulated as a
regularized optimization problem:

x̂ = argmin
x∈Rn

F (Ax) +G(x), (3)

where F (·) encodes the data fidelity, measuring consistency
between Ax and y, while G(·) encodes the regularization,
promoting prior knowledge about x. Problem (3) is typically
solved using proximal splitting methods (Parikh, Boyd et al.
2014), especially when G(x) is convex.

In proximal splitting, the proximal step associated with
G(x) can be interpreted as a denoising operation. This in-
sight has led to replacing the proximal step with advanced
denoisers, such as BM3D (Dabov et al. 2006, 2007), or
learned neural network-based denoisers (Zhang et al. 2017,
2020; Ryu et al. 2019). More recently, generative models
that learn image priors directly from data have been incorpo-
rated into the Plug-and-Play (PnP) framework (Martin et al.
2024; Zhu et al. 2023; Song et al. 2023; Graikos et al. 2022;
Hurault, Leclaire, and Papadakis 2022; Kamilov, Mansour,
and Wohlberg 2017). Although generative models can in
principle provide log p(x) (Chen et al. 2018), evaluating its
gradient via backpropagation is computationally expensive.
PnP methods circumvent this issue by directly substituting
a denoiser induced by a generative model for the proximal
operator. Such approaches have achieved state-of-the-art re-
sults in inverse problems using powerful generative priors,
including diffusion models (Chung et al. 2022a,b; Song et al.
2022; Kawar et al. 2022) and flow matching models (Pokle
et al. 2024; Zhang et al. 2024; Martin et al. 2024).

However, prior PnP methods have predominantly focused
on inverse problems with Gaussian noise, where the data fi-
delity term F (·) is typically the squared ℓ2 loss. While effec-
tive under Gaussian noise, this loss function is suboptimal
for non-Gaussian noise models. For example, Poisson noise
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is the more appropriate modeling for the shot noise of pho-
tons in the observation. Salt-and-pepper noise, also known
as impulse noise, is another form of noise in digital images.
Although one can still use squared ℓ2 loss, the mismatch in
noise modeling often leads to subpar restoration quality.

In this work, we extend PnP methods based on flow
matching generative models to handle non-Gaussian noise
by generalizing the data fidelity term F (·) in (3). Specifi-
cally, we consider proximity-friendly fidelity functions such
as ℓ1 and ℓ2 norms, which are better suited for modeling
Poisson and impulse noise, respectively. For sparse impulse
noise, ℓ1-norm fidelity is widely adopted due to its robust-
ness to outliers. While the Poisson likelihood leads naturally
to a specific form of F , in practice, ℓ2 norm fidelity is of-
ten preferred for its numerical stability. Our approach uni-
fies various noise models within a general PnP framework,
encompassing squared ℓ2 loss as a special case.

The main contributions of this papers are as follows:

• We propose a generalized PnP framework using the
primal-dual hybrid gradient (PDHG) method to solve (3)
with non-Gaussian noise, by accommodating flexible fi-
delity terms F (·).

• The proximal step for G(·) is implemented using an im-
plicit denoiser derived from flow matching models.

• We seamlessly integrate flow matching generative mod-
els into the classical PDHG method, achieving an effi-
cient and implementation-friendly solution.

• Extensive experiments on two benchmark datasets across
diverse tasks, including denoising, deblurring, inpaint-
ing, and super-resolution, demonstrate the superiority of
our method under non-Gaussian noise, outperforming
existing PnP methods designed for Gaussian noise.

Background
The performance of imaging inverse problems has signif-
icantly improved with the advent of generative models that
learn expressive image priors. Among these, diffusion (Song
et al. 2020; Ho, Jain, and Abbeel 2020) and flow match-
ing models (Lipman et al. 2023; Tong et al.) have attracted
considerable attention due to their superior generative ca-
pabilities compared to earlier approaches. These models
have demonstrated remarkable potential for image restora-
tion when used as priors within optimization frameworks.

Flow Matching Generative Model
Flow matching aims to learn a continuous transformation
that maps samples from a simple distribution p(x0) (e.g.,
Gaussian) to samples from a data distribution p(x1). Let
P(Rn) denote the space of probability measures over Rn,
and consider two probability measures P0 and P1 repre-
senting the latent and data distributions, respectively. Define
Γ(P0, P1) as the set of couplings π ∈ P(Rn × Rn) with
marginals P0 and P1.

Flow matching constructs a continuous probability path
t 7→ Pt for t ∈ [0, 1], interpolating between P0 and P1.
Given a coupling (x0,x1), one defines the interpolated point

xt = (1− t)x0 + tx1, which induces a trajectory governed
by the ordinary differential equation (ODE):

dxt

dt
= v(xt, t), (4)

where v(xt, t) is the velocity field. The goal is to learn
this velocity field from data. To this end, a neural network
vθ(xt, t) parameterized by θ is used to approximate v(xt, t)
such that the evolution of Pt satisfies the continuity equa-
tion:

∂tPt +∇ · (Ptv(xt, t)) = 0. (5)
To enable the continuous transition from a simple density
p(x0) to a data density p(x1), the core of flow matching is
to define the velocity field v(xt, t) in (4).

Similar to normalizing flows (Kingma and Dhariwal
2018), the flow matching model can be trained via maxi-
mum likelihood estimation:

LML(θ) = Ex1∼p(x1)[log p(x1)], (6)

where the expectation is taken over the dataset. The log-
likelihood of p1(x) can be computed using the differential
equation of evolution of the log-likelihood:

∂ log p(xt)

∂t
= − trace

(
vθ(xt, t)

∂xt

)
. (7)

One can additionally obtain the likelihood of the final
log p(x1) via integrating (7):

log p(x1) = log p(x0)−
∫ 1

0

trace

(
vθ(xs, s)

∂xs

)
ds. (8)

However, evaluating this integral is computationally inten-
sive. To avoid this, simulation-free training methods have
been proposed.

The conditional flow matching offers such a simulation-
free training approach (Lipman et al. 2023). Its learning ob-
jective is

LCFM(θ) = Et[E(x0,x1)∼π ∥vθ(xt, t)− (x1 − x0)∥22], (9)

where π is a coupling between p(x0) and p(x1). The mini-
mization of loss (9) is equivalent to the minimization of the
direct flow matching loss

LFM(θ) := Et[Ext∼Pt
∥vθ(xt, t)− v(xt, t)∥22]. (10)

The choice of coupling π critically affects both training effi-
ciency and generative quality. Optimal coupling can be ob-
tained via standard optimal transport solvers (Tong et al.).
Alternatively, rectified flow (Liu, Gong et al. 2023) refines
transport maps by iteratively straightening ODE trajectories,
improving convergence and model quality.

Denoiser Induced by Flow Model
Let x be a sample from the random variable Xt := (1 −
t)X0+ tX1, where X0 ∼ P0 and X1 ∼ P1 respectively. For
a fixed time t ∈ [0, 1], the minimizer v∗

t of the CFM loss (9)
over all admissible vector fields is given by:

v∗
t (x) = E[X1 −X0|Xt = x]. (11)
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Assume we are in the ideal case where vθ
t = v∗

t . Then it
follows that, for any x and t ∈ [0, 1], the denoising operator

Dt(x) = x+ (1− t)v∗
t (x) (12)

satisfies that Dt(x) = E[X1|Xt = x], i.e., the condi-
tional mean estimator of the clean image. It implies that one
has a natural denoiser operator induced by a flow match-
ing generative model. Thus, flow matching models natu-
rally induce denoisers that can be directly integrated into
proximal splitting methods for solving the MAP problem
in (3). This framework enables a training-free, zero-shot so-
lution for imaging inverse problems: once trained, the gen-
erative model can be applied to a wide range of inverse
tasks without retraining or fine-tuning. Compared to meth-
ods that directly learn conditional score functions for spe-
cific tasks (Whang et al. 2022), our approach provides a uni-
versal and versatile framework for solving both linear and
nonlinear inverse problems using pre-trained, off-the-shelf
generative models. There is no need to fine-tune the model.

Related Works
Measurement-Guided Sampling with Diffusion
Model
Prior to the development of flow matching models, diffusion
models emerged as a powerful class of generative models
and have been widely adopted for image restoration tasks,
including both linear and nonlinear inverse problems. The
central idea in these approaches is to guide the sampling
process using measurement information, typically through
a gradient descent step integrated into the unconditional dif-
fusion sampling scheme.

Various methods differ in how they incorporate measure-
ment guidance via fidelity losses. Chung et al. (2022a) intro-
duced a rough fidelity loss based on known likelihoods and
Tweedie’s formula. However, this approximation introduces
a significant bias, negatively impacting restoration quality.
To address this, Song et al. (2022) proposed ΠGDM, im-
proving fidelity modeling for Gaussian noise. Nonetheless,
ΠGDM is tailored to Gaussian noise scenarios and does not
generalize well to non-Gaussian or nonlinear problems.

Other notable methods include DDRM (Kawar et al.
2022) and DDNM/DDNM+ (Wang, Yu, and Zhang 2022),
which leverage the singular value decomposition (SVD) of
the degradation matrix A for spectral inpainting. However,
SVD may be computationally infeasible or unavailable in
many practical applications.

Measurement-Guided Linear Inversers via Flows
Building on the efficiency of flow matching models, sev-
eral works have proposed measurement-guided sampling
techniques for image restoration. In particular, Pokle et al.
(2024) introduced a training-free flow-based method that in-
corporates a theoretically justified weighting scheme into
the sampling process. This method modifies the standard
flow model’s unconditional sampling by introducing a gra-
dient descent step to refine predictions using measurement
information. Like diffusion-based counterparts, these meth-
ods aim to solve linear inverse problems but with improved
efficiency and interpretability.

Plug-and-Play (PnP) Methods
The Plug-and-Play (PnP) framework integrates powerful
denoisers into iterative optimization algorithms for image
restoration. Zhu et al. (2023) introduced PnP-HQS (also
known as DiffPIR), which incorporates a denoiser derived
from a pre-trained diffusion model into a half-quadratic
splitting (HQS) framework. The algorithm proceeds along
a restoration trajectory:

xT → · · · → xt → x̂0(xt) → x̂′
0(xt) → xt−1 → · · ·x0.

At each step, given xt, the current estimate xt is denoised to
obtain x̂0(xt). A measurement-guided update is then com-
puted by solving the proximal problem:

x̂′
0(xt) = argmin

x

1

2
∥Ax− y∥22+

λσ2
t

α2
t

∥x− E[x0|xt]∥22 .

In a related work, Han et al. (2024) employed a generative
model to initialize a classical total variation (TV) regular-
ized optimization, solved via the PDHG method, to address
limited-angle CT reconstruction. Li and Wang (2024) solves
nonlinear Fourier phase retrieval within the framework.

For flow matching models, Martin et al. (2024) proposed
PnP-FBS, which integrates flow matching into a forward-
backward splitting (FBS) framework. Their algorithm al-
ternates between gradient descent on the data fidelity term
and a denoising step using the flow model. Similar to PnP-
HQS, a re-noising step is applied before denoising to match
the noise level. However, both PnP-HQS and PnP-FBS con-
sider only smooth squared ℓ2 fidelity terms and are limited
to Gaussian noise settings.

Differentiation through Flow ODE
The flow matching model defines a continuous transforma-
tion from a latent variable to a data sample via an ODE.
Leveraging this structure, Ben-Hamu et al. (2024) formu-
lates D-Flow via an ODE-constrained optimization problem,
wherein gradients with respect to the latent variable are com-
puted using adjoint methods. Although this approach allows
for exact computation of the negative log-likelihood, it in-
curs high computational cost due to integration. To alleviate
this, Flow-Priors (Zhang et al. 2024) introduced a sequen-
tial approximation strategy that sidesteps the need for costly
integrals, enabling efficient MAP estimation.

Proposed Method
While existing training-free Plug-and-Play (PnP) methods
utilizing flow-based generative models have shown promis-
ing results for imaging inverse problems under Gaussian
noise, their extension to non-Gaussian noise settings re-
mains underexplored. Previous generative PnP methods, in-
cluding PnP-HQS and PnP-FBS, primarily address Gaus-
sian noise, resulting in data fidelity terms modeled via the
squared ℓ2 loss. However, in practice, non-Gaussian noise
types such as Poisson and impulse noise are common, for
which alternative loss functions—specifically the ℓ1 or ℓ2
norms—often outperform the squared ℓ2 loss due to better
noise modeling.
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To address this gap, we propose a generalized PnP frame-
work that integrates flow-based generative priors and sup-
ports both ℓ1 and ℓ2 norm-based data fidelity terms. Our key
innovation lies in leveraging the Primal-Dual Hybrid Gra-
dient (PDHG) method to efficiently handle non-smooth fi-
delity losses such as ℓ1 and ℓ2 norms, whose proximal oper-
ators can be computed in closed form.

Primal Dual Hybrid Gradient (PDHG)
The PDHG method (Chambolle and Pock 2011; Esser,
Zhang, and Chan 2010; O’Connor and Vandenberghe 2020)
is an effective optimization method designed to solve convex
composite problems of the form in (3). The method relies
on alternating updates involving the proximal operators of G
and the convex conjugate of F , denoted F ∗. A more detailed
discussion on proximal operators and conjugate functions is
provided in Appendix of the arXiv extended version.

Given initializations x0 and z0, the PDHG updates pro-
ceed as follows:

xk = proxτG(x
k−1 − τATzk−1)

zk = proxσF∗(zk−1 + σA(2xk − xk−1))

xk = xk−1 + ρk(x
k − xk−1)

zk = zk−1 + ρk(z
k − zk−1),

(13)

where τ > 0 and σ > 0 are step sizes satisfying στ ∥A∥2 ≤
1, where ∥A∥ denotes the spectral norm of A, and ρk ∈
(0, 2) is a relaxation parameter. In our implementation, we
set ρk ≡ 1 for all k.

The generative model induces a time-dependent denoiser
Dt(·), which we use to approximate the proximal operator
of the regularization term G(·). We take PDHG method (13)
to solve (3), and ρk ≡ 1 in PDHG. The remained thing is to
compute the G-relating proximal operator, F ∗-relating prox-
imal operator and determine the stepsize. In the following
subsections, we detail the implementation of the proximal
operators for G and F ∗, as well as the selection of step sizes
for different noise models.

G-relating Proximal Operator as Denoising Step
Given initializations x0, z0, for per iteration cycle, PDHG
algorithm first computes

xk = proxτG(xk−1 − τATzk−1). (14)

The key is to compute the G-relating proximal operator

v = xk−1 − τATzk−1

xk = argmin
z

{τG(z) +
1

2
∥z − v∥22}.

(15)

Now it’s time to build the connection between the proximal
operator and the denoiser from generative models. For the
flow matching model, assume that we want to resolve the
noiseless xk from v with a time-dependent noise level re-
lated to τ = τk = t2k. If we assume G(z) ≃ − log pdata(z)
and the conditional density p(v|z) ≃ log pt(v|z), then the
proximal operator acts as a denoiser Dt(v) induced from the
flow generative model.

However, the input v does not necessarily have the noise
level assumed by the denoiser Dt(·). To address this mis-
match, we follow the reprojection technique widely used in
the literature (Zhu et al. 2023; Martin et al. 2024). Assuming
v lies approximately on the data manifold (an idealization
that works well in practice), we reproject it to the appropri-
ate noise level by adding Gaussian noise.

In summary, the G-relating proximal step can be imple-
mented as follows:

1. Variable z update: which performed z = xk−1 −
τATzk−1

2. Reprojection step: which added noise to match the
assumed noise level. For flow generative models, the
renoising steps are as follows

xk = (1− tk) · ϵ+ tk · z, ϵ ∼ N (0, I)

3. Denoising step: which utilized the generative model to
return a denoised version xk = Dt(xk).

F ∗-relating Proximal Operator for Data Fidelity
The next step of PDHG is related to the data fidelity term F .
By Moreau’s identity (16):

proxσf∗(y) = y − σ proxσ−1f (σ
−1y), (16)

we are required to compute the proximal operator of func-
tion F (·). For Gaussian noise measurement, the squared ℓ2
norm is the standard choice. For sparse noise, the ℓ1 norm is
more suitable over the ℓ2 norm-based data fidelity. For Pois-
son noise, ℓ2 norm-based loss outperforms the maximum
likelihood estimation based loss. For sparse impulse noise,
ℓ1 norm is the standard choice. Each of these fidelity terms
yields closed-form proximal operators, which are summa-
rized in Table 1.

Adaptive Stepsize Selection
To guarantee the convergence of PDHG algorithm, the step-
sizes τ, σ shall satisfy τσ ∥A∥2 ≤ 1. As previously men-
tioned, the stepsize τ shall configured with the assumed
noise level. For flow matching or rectified flow model, one
can set τk = γ(tk)

s (s > 0). For the two flow models, when
s = 2 and γ = 1, it degenerates to the assumptions we
used. The dual step size is set as σk = 1/τk. The choice
of s affects the final restoration performance, we tuned it in
experiments. Note that other options of the stepsize can be
tried. Despite possible variations, the above step size sched-
ule demonstrated strong empirical performance across tasks.
The algorithm flowchart is detailed in Alg. 1.

Loss λF (x) Proximal operator proxλF (x)
λ
2 ∥x− y∥22

x+λy
1+λ

λ ∥x− y∥1 y + sign(x− y)max(|x− y| − λ, 0)

λ ∥x− y∥2 y +
(
1− λ

max{∥x−y∥2,λ}

)
(x− y)

Table 1: Three common losses and their proximal operators.
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(a) Poisson (b) salt-and-pepper

D
at

a

Method
Denoising Deblur SR Box Inp Denoising Deblur SR Box Inp

PSNR SSIM PSNRSSIM PSNRSSIM PSNRSSIM PSNR SSIM PSNRSSIM PSNRSSIM PSNRSSIM

FF
H

Q

Flow-Priors 25.07 0.654 18.44 0.369 20.89 0.442 20.99 0.461 26.83 0.677 18.54 0.334 22.17 0.621 22.86 0.638
OT-ODE 23.66 0.596 22.73 0.567 21.64 0.518 22.48 0.566 22.32 0.478 22.79 0.549 18.98 0.372 22.79 0.575
PnP-HQS 23.90 0.729 23.25 0.703 18.76 0.578 22.97 0.709 23.95 0.633 22.66 0.591 23.31 0.696 22.34 0.548
PnP-FBS 29.72 0.901 28.45 0.855 23.51 0.590 27.25 0.877 26.27 0.785 25.57 0.786 21.92 0.693 24.90 0.749

Ours 33.98 0.902 32.87 0.927 29.96 0.836 29.48 0.885 40.27 0.974 37.67 0.974 33.12 0.948 30.57 0.948

A
FH

Q
-C

at Flow-Priors 24.65 0.670 20.48 0.482 18.80 0.399 20.01 0.390 26.98 0.719 21.37 0.545 14.14 0.336 22.79 0.551
OT-ODE 23.77 0.540 21.31 0.422 18.65 0.353 20.83 0.496 22.79 0.457 22.09 0.453 20.06 0.389 21.30 0.535
PnP-HQS 24.57 0.668 23.03 0.608 17.02 0.470 22.81 0.645 25.66 0.693 21.86 0.595 18.86 0.521 22.46 0.565
PnP-FBS 29.65 0.854 25.57 0.695 23.05 0.558 25.42 0.815 27.21 0.791 24.14 0.648 19.24 0.530 24.44 0.744

Ours 34.82 0.935 26.28 0.709 26.26 0.747 26.25 0.889 37.94 0.962 28.05 0.791 24.70 0.730 25.43 0.908

Table 2: Quantitative results of different methods for four tasks with Poisson/salt-and-pepper noise.

Algorithm 1: PHGD method with PnP flow generative prior.

Require: Iterations T , Loss F , Denoiser induced by gener-
ative model Dk(·), stepsize ηk = ητk.

Ensure: Estimated image x0.
1: Set x0 ∼ N (0, I) and z0 = 0
2: for k = 1 : 1 : T do
3: z update: z = xk−1 − ητk−1A

Tzk−1

4: Reprojection step:

xk = (1− tk) · ϵ+ tk · z, ϵ ∼ N (0, I)

5: Denoising step: xk = Dk(xk)
6: F ∗-relating step: zk = proxτ−1

k−1F
∗(zk−1 +

τ−1
k−1A(2xk − xk−1)).

7: end for

Extension to Score-Based Diffusion Model
Although diffusion models are typically formulated using
stochastic differential equations (SDEs), they are mathemat-
ically equivalent to ordinary differential equations (ODEs)
governing the sampling trajectories. This connection enables
our proposed PDHG-based plug-and-play (PnP) method to
be applied to diffusion models as well, utilizing the denoiser
implicitly defined by the diffusion process.

For diffusion model, the mean of p(x0|xt) is given by the
Tweedie’s formula:

E[x0|xt] =
xt + σ2

t∇xt log p(xt)

αt
, (17)

where the score function ∇xt
log p(xt) is replaced by the

learned generative model in practice. Note that, the mean
estimation of p(x0|xt) just defines a denoiser Dt(xt). For
variance persevering configuration, i.e., DDPM, we learned
the scaled score function, hence the denoiser is given by

Dt(xt) =
xt − σtϵθ(xt, t)

αt
. (18)

For variance exploding model, the corresponding denoiser
can be achieved as well.

Numerical Experiments
Our proposed PnP method is model-agnostic and compatible
with any ODE-based generative model, including the flow
matching model (Lipman et al. 2023), diffusion model (Ho,
Jain, and Abbeel 2020), and rectified flow model (Liu, Gong
et al. 2023). We have evaluated the algorithm across several
applications against these three generative models. For page
limitation, we provide the results for flow matching model in
the following content. We considered Poisson noise and salt-
and-pepper noise in our experiments, as well as Gaussian
noise as a baseline for comparison.
Baselines We benchmark our method against four PnP ap-
proaches with flow matching imaging prior, including OT-
ODE 1, Flow priors, PnP-FBS and PnP-HQS.
Benchmark datasets and publicly available models For
easy and fair comparison, we consider the datasets where
there are publicly available models. For flow matching, we
have the models for CelebA dataset with size 128 × 128,
and AFHQ-Cat, a subset of the Animal FacesHQ dataset fo-
cus on the cat class, with image size 256× 256. All images
are normalized to the range [−1, 1]. For CelebA, we use the
standard training, validation and test splits. For AFHQ-Cat,
we follow (Martin et al. 2024) to select random 32 images
to create a validation set. For the two datasets, the pretrained
model (Martin et al. 2024) is trained using the mini batch
OT Flow Matching approach (Tong et al.) for efficiency.
Evaluated imaging problems The considered four im-
age restoration problems are as follows. (a) Denoising; (b)
deblurring using a 61 × 61 Gaussian kernel; (c) supper-
resolution with average pool downsampling operation (2×
downsampling for image size 128× 128 and 4× downsam-
pling for image size 256 × 256); (d) box-inpainting with a
centered s × s mask (s = 40 for image size 128 × 128 and
s = 80 downsampling for image size 256× 256).
Noise types We simulate Poisson noise, salt-and-pepper
noise and Gaussian noise for the clean observations.

1. Poisson noise: which is simulated using y = z/α, z ∼
1With the unified framework, it is the flow matching based

counterpart of diffusion posterior sampling method.
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Figure 1: Visualization of different methods on four tasks with Poisson noise for AFHQ-Cat.
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Figure 2: Visualization of different methods on four tasks with impulse noise for CelebA.
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Poisson(Ax0 · α), where α denotes the noise level, we
consider α = 1 in experiment. We set F = λ ∥Ax− y∥2
(λ = 200) for better performance over ℓ1 norm.

2. Salt-and-pepper noise: which is a sparse noise in digital
images. The noise consists of 10% random pixels in im-
age being set to black and white. The data fidelity term is
F = λ ∥Ax− y∥1 (λ = 25).

3. Gaussian noise: Noise level σ = 0.2 for denoising,
σ = 0.05 for other tasks (except σ = 0.01 for random in-
painting). The data fidelity term is F = 1

2σ2
y
∥Ax− y∥22,

where σy is the noise level.

CelebA Denoising Deblur SR Box Inp
Method PSNR SSIM PSNRSSIM PSNRSSIM PSNRSSIM

Flow-Priors 29.15 0.771 31.17 0.858 28.17 0.721 29.03 0.861
OT-ODE 26.90 0.681 28.48 0.734 27.70 0.743 26.04 0.728
PnP-HQS 31.91 0.912 20.55 0.617 22.68 0.692 29.84 0.944
PnP-FBS 31.95 0.910 34.18 0.940 30.90 0.905 29.72 0.938

Ours 31.40 0.904 33.90 0.935 30.37 0.898 29.20 0.931

AFHQ-Cat Denoising Deblur SR Box Inp
Method PSNR SSIM PSNRSSIM PSNRSSIM PSNRSSIM

Flow-Priors 29.86 0.779 24.51 0.682 22.29 0.499 26.48 0.820
OT-ODE 26.75 0.635 24.71 0.552 23.88 0.568 22.81 0.677
PnP-HQS 31.31 0.880 21.66 0.573 19.18 0.518 26.67 0.917
PnP-FBS 31.03 0.865 27.25 0.746 22.59 0.630 26.83 0.904

Ours 30.73 0.861 27.09 0.742 22.51 0.631 26.31 0.897

Table 3: Quantitative results of different methods for differ-
ent tasks on the two datasets with Gaussian noise.

Stepsize setting and iterations In all experiments, our
method sets a time-dependent stepsize τk and σk = 1/τk.
For flow model, the stepsize τk is of the form (1 − tk)

α

with α tuned for different tasks and datasets. In the case of
Poisson and salt-and-pepper noise: we set α = 0.8 for all
tasks. In the case of Gaussian noise: α = 0.8 for denoising;
α = 0.01 for deblurring; α = 0.3 for super-resolution and
α = 0.5 for box-inpainting. We set T = 100. All baseline
hyperparameters are tuned following (Martin et al. 2024).
Quantitative results For quantitative comparison, we pro-
vide the reference-based PSNR and SSIM metrics. Tables 2
(a) and (b) report PSNR and SSIM on CelebA and AFHQ-
Cat for Poisson and impulse noise. For both datasets, our
method beats other methods across all the four tasks and
the two considered datasets by a large margin. Excluding
ours, other methods relies on the squared ℓ2 norm loss and
we tried our best to tune the compared methods. The differ-
ent performances of PnP-HQS and PnP-FBS are interesting,
since they only differ from whether we solve the proximal
problem exactly or just perform a gradient step. PnP-FBS is
more robust to the mismatch between the noise type and the
consistency loss. See Figures 1 and 2 for the visualization of
the different methods on the two datasets.

Table 3 report the quantitative results for Gaussian noise.
It can see that our method is comparable to PnP-FBS method

and PnP-HQS method for the Gaussian noise scenario. The
comparable result is reasonable since all the methods solve
the same regularized optimization problem. Hence, the sig-
nificant improvement is attributed to the exchange of the loss
for non-Gaussian noise. Impact of ℓ1 vs. ℓ2 losses for non-

AFHQ Denoising Deblur SR Box Inp
Noise lossPSNR SSIM PSNRSSIM PSNRSSIM PSNRSSIM

Poisson
ℓ2 34.82 0.935 26.28 0.709 26.26 0.747 26.25 0.889
ℓ1 29.31 0.740 25.70 0.679 24.74 0.717 23.61 0.693

Impulse
ℓ2 25.81 0.743 24.12 0.627 20.58 0.491 23.08 0.598
ℓ1 37.94 0.962 28.05 0.791 24.70 0.730 25.43 0.908

Table 4: Comparison of ℓ1/ℓ2 losses for AFHQ-Cat.

Gaussian noise To assess the impact of loss function choice
on restoration performance under different noise types, we
conduct an ablation study using our method with either ℓ1
or ℓ2 data fidelity terms. We report results on the AFHQ-Cat
dataset under Poisson and impulse noise. Table 4 presents
the quantitative results. For impulse noise, the ℓ1 loss signif-
icantly outperforms the ℓ2 loss, consistent with the known
robustness of ℓ1 to sparse noise. Conversely, under Poisson
noise, the ℓ2 loss yields better performance than ℓ1. These
results validate our design choice of using loss functions tai-
lored to noise type and highlight the importance of appropri-
ate fidelity terms in inverse problems.
Efficiency comparison See Table 5 for the efficiency com-
parison of these methods. Our method is efficient as the ex-
isting methods. Flow-priors is slow due to its sequential ap-
proximation. PnP-FBS uses 5 samples to implement the de-
noising step, while ours use only one sample.

Method Flow-Priors OT-ODE PnP-HQS PnP-FBS Ours

Time 104 18 12 25 13

Table 5: Computation time (in s) to deblur one image.

Conclusion
The flow generative model can be integrated into the tradi-
tional regularized optimization to address the ill-posedness
of imaging inverse problems. Existing plug-and-play (PnP)
methods established an iterative proximal splitting based
method for smooth squared ℓ2 norm data fidelity term in-
duced from Gaussian noise. However, in many practical
applications involving non-Gaussian noise, such as Pois-
son noise and salt-and-pepper impulse noise, the squared
ℓ2 norm is sub-optimal, and the nonsmooth ℓ1, ℓ2-norm
based data fidelities are favorable with better performance.
To close the gap, we propose integrating the flow genera-
tive model into the traditional primal dual hybrid gradient
(PDHG) method to exploit the proximity-friendly structure
of the ℓ1, ℓ2-norm-based losses, and the proximal operator
corresponding to the regularization term is implicitly imple-
mented via the denoiser induced by the generative models.
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