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Abstract

Methods based on diffusion models (DMs) for solving in-
verse problems (IPs) have recently achieved remarkable
performance. However, DM-based methods typically strug-
gle against outliers, which are common in real-world mea-
surements. In this work, to tackle IPs with outliers, we first
refine the measurement via explicit noise estimation to miti-
gate the effect of noise. Subsequently, we formulate an iter-
atively reweighted least squares objective based on the Hu-
ber loss to address the outliers. We propose a method utiliz-
ing gradient descent to approximately solve the correspond-
ing optimization problem for the robust objective. To avoid
delicate tuning of the learning rate required by the gradient
descent method, we further employ the conjugate gradient
method with an efficient strategy for updating. Extensive
experiments on multiple image datasets for linear and non-
linear tasks under various conditions demonstrate that our
proposed methods exhibit robustness to outliers and outper-
form recent DM-based methods in most cases.

1. Introduction
Inverse problems (IPs) encompass a broad class of tasks fo-
cused on estimating underlying signals from degraded and
noisy observations. IPs are crucial in numerous domains,
including audio signal processing [43, 50], remote sens-
ing [63], and image restoration [2, 67]. The typical objec-
tive of an IP is to recover an unknown signal x∗

0 ∈ Rn from
a noisy observation y ∈ Rm, modeled as [19, 49]:

y = A(x∗
0) + ν, (1)

where A : Rn → Rm denotes a forward operator and ν ∈
Rm represents unknown stochastic noise.

Recent advances in diffusion models (DMs) have cat-
alyzed the development of a wide range of DM-based ap-
proaches for solving IPs. These methods can be broadly
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classified into two paradigms. The first paradigm com-
prises methods tailored to specific IPs, such as super-
resolution [20, 52], inpainting [10, 40], and deblurring [48,
51], which are trained in a supervised fashion using
paired datasets of degraded observations and corresponding
ground-truth signals. While these methods often produce
high-quality reconstructions, their dependence on task-
specific training and large volumes of labeled data intro-
duces computational overhead and limits their generaliz-
ability. The second paradigm circumvents these limitations
by leveraging pretrained DMs to solve IPs without requiring
additional fine-tuning [6, 8, 16, 27, 45, 56, 58, 61, 64, 65].
These methods implicitly assume that the target signal is
close to the generative manifold learned by a pretrained DM
and exploit the learned prior of the DM to facilitate signal
reconstruction. The methods of the second paradigm have
recently gained popularity as they do not require retraining
for specific tasks and avoid the need for paired datasets.

However, recent DM-based methods typically only con-
sider how to address the noise contained in the observa-
tion, but neglect the effect of outliers. In practical scenar-
ios, the observation is often affected not only by stochastic
Gaussian noise but also by outliers, such as those encoun-
tered in image deblurring tasks [3, 13, 14, 47], and other
IPs [11, 23, 59]. To model these outliers, we employ the ar-
bitrary corruption model proposed in [23, 59]. This model
stipulates that a fraction ρ ∈ [0, 1) of the observation are
arbitrarily replaced by an outlier vector ξ ∈ Rm, such that:

yi =

{
ξi, if i ∈ C
[A(x∗

0)]i + νi, if i /∈ C
, (2)

where C is the unknown set of corrupted indices and its el-
ements are randomly selected from the indices of the mea-
surement y with the probability ρ. ξi denotes the i-th entry
of the outlier vector. Motivated by the limitations of recent
DM-based methods on IPs with outliers, this work proposes
robust DM-based methods for IPs with outliers.
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1.1. Related work
We discuss related work in two parts: 1) Inverse problems
with diffusion models and 2) methods for outlier handling.

Inverse problems with diffusion models: Since the pi-
oneering advancements in DMs [22, 55, 60], extensive re-
search has aimed to enhance both the computational effi-
ciency and the quality of generated outputs [26, 38, 57, 70].
Furthermore, DMs have emerged as powerful tools for ad-
dressing IPs [9, 15, 33, 41, 44, 58, 64], achieving remark-
able performance across diverse applications.

DM-based methods for IPs reconstruct underlying sig-
nals through different frameworks. For instance, MCG [7]
and DPS [9] employ Tweedie’s formula to estimate the re-
constructed signal, supplementing this with gradient-based
posterior corrections. DiffPIR [71] adopts a proximal up-
date scheme to approximate the conditional posterior mean.
DCPS [24] introduces divide-and-conquer posterior sam-
pling to leverage the inherent structure of DMs. RED-
diff [41] leverages variational inference by introducing a
tractable surrogate distribution to approximate the real pos-
terior. DAPS [68] decouples the diffusion sampling trajec-
tory to enable early-stage error correction.

Although recent DM-based approaches yield promising
results for IPs under Gaussian noise, these methods often
struggle to accurately recover the underlying signal when
the measurements contain outliers, highlighting the need for
robust DM-based methods against IPs with outliers.

Methods for outlier handling: Outliers are common in
real-world scenarios due to faulty sensor readings or brief
interference during data transmission [23, 59]. The central
idea behind methods for outlier handling lies in construct-
ing a robust loss function to mitigate the influence of the
outliers. To achieve this mitigation, various robust methods
have been proposed.

One class of methods achieves robustness through a sam-
ple selection strategy, such as trimmed loss (TL), which ex-
plicitly discards the data points that contribute the highest
loss [34, 35, 53]. Another class involves robust estimators,
such as the median-of-means (MOM) method, which lever-
ages the resistance of median to extreme values [23, 31].
MOM estimates the expected risk by partitioning the data
into blocks and taking the median of the block means,
thereby filtering out groups that are heavily biased by out-
liers. However, both TL and MOM methods discard the
information of data points flagged as potential outliers, thus
failing to fully utilize the information in the measurement
data. Alternatively, the Huber loss achieves robustness by
leveraging all measurement information and differentially
penalizing the data points [11, 17, 59]. Specifically, the Hu-
ber loss achieves robustness by applying a quadratic penalty
to data points with small discrepancies and a linear penalty
to those with large discrepancies, thus limiting the loss con-
tribution of outliers without discarding any measurement in-

formation.
Additionally, methods for outlier handling typically in-

corporate prior knowledge regarding the underlying signal.
This is often achieved either through manually designed
regularization terms [5, 37, 47, 59] or by leveraging genera-
tive models, such as generative adversarial models [23, 66].
Given the strong generative capabilities of DMs, in this pa-
per, we utilize pre-trained DMs coupled with methods for
outlier handling to solve IPs contaminated with outliers.

1.2. Contributions
Our main contributions are summarized as follows:
• We first introduce an optimization objective employing

the Huber loss coupled with explicit noise estimation to
mitigate the influence of outliers. We approximately solve
the corresponding optimization problem via gradient de-
scent, and the approach is referred to as Robust-GD.

• To circumvent the need for delicate learning rate tuning in
Robust-GD, we substitute gradient descent with the con-
jugate gradient method and introduce an efficient update
strategy tailored for this optimization.The corresponding
approach is referred to as Robust-CG.

• We conduct extensive empirical evaluations across di-
verse image datasets and under various conditions. The
results show that our algorithms achieve superior perfor-
mance compared to recent DM-based methods in most
cases, confirming the effectiveness of our methods.

2. Preliminaries

DM comprises a forward stochastic process that gradually
corrupts data into noise and a corresponding reverse pro-
cess that aims to reconstruct the data from the noise. The
forward dynamics are described by the following stochastic
differential equation (SDE):

dxt = f(t)xt dt+ g(t) dwt, x0 ∼ p0, (3)

where f(t) and g(t) are time-dependent drift and diffusion
coefficients, and wt ∈ Rn is a standard Wiener process.
Let pt be the marginal distribution of xt. For t ∈ [0, T ], the
conditional distribution of xt|x0 is Gaussian with xt|x0 ∼
N (αtx0, σ

2
t In), where αt and σt are differentiable, non-

negative and monotonic functions with bounded derivatives,
such that the signal-to-noise ratio α2

t /σ
2
t is decreasing in t.

Functions αt and σt are chosen that the marginal distribu-
tion at the terminal time pT approximates N (0, σ̃2In) for
some σ̃ > 0.

To match the SDE in Eq. (3) with the conditional distri-
bution of xt|x0 specified above, the coefficients f(t) and
g(t) need to satisfy the following [38]:

f(t) =
d logαt

dt
, g2(t) =

dσ2
t

dt
− 2

d logαt

dt
σ2
t . (4)
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Figure 1. Overview of our proposed Robust-GD and Robust-CG methods. At each timestep ti, we first calculate the signal estimate x̂0.
Next, we refine the measurement y to ȳ using explicit noise estimation. We then formulate a robust objective function designed to handle
outliers and approximately solve the corresponding optimization problem using either the gradient descent method (Robust-GD) or the
conjugate gradient method (Robust-CG). After obtaining the result x̄0, we sample x̃ti−1 ∼ N (αti−1 x̄0, σ

2
tiIn). After N iterations, we

use x̃t0 as the final reconstructed image.

Following [60], the forward SDE admits a corresponding
time-reversed diffusion process as follows:

dxt =
(
f(t)xt−g2(t)∇xt log pt(xt)

)
dt+g(t) dw̄t, (5)

where w̄t denotes a reverse-time Wiener process and
∇xt log pt is the score function.

As shown in [60], a corresponding deterministic process
with the same marginal distribution is defined by the fol-
lowing ordinary differential equation (ODE):

dxt =
(
f(t)xt − 1

2g
2(t)∇xt

log pt(xt)
)
dt. (6)

Sampling can thus be performed via numerical solvers of
this ODE, given that the unknown score function ∇xt

log pt
is approximated by a certain neural network function. Con-
cretely, the score function ∇xt

log pt(xt) can be approxi-
mated by (αtxθ(xt, t)− xt)/σ

2
t [29, 39], where xθ(xt, t)

is a data prediction network.
Let the time interval [0, T ] be partitioned as 0 = t0 <

t1 < · · · < tN = T . Then, for instance, the DDIM [57]
sampling scheme can be regarded as a first-order numerical
solution to Eq. (6), and can be expressed as follows:

x̃ti−1
=

σti−1

σti

x̃ti + σti−1

(
αti−1

σti−1

− αti

σti

)
xθ(x̃ti , ti).

(7)

3. Methods
This section introduces our proposed methods, referred to
as Robust-GD and Robust-CG, two novel DM-based ap-
proaches for solving IPs with outliers. In Section 3.1, we

present the concept of explicit noise estimation to mitigate
the effect of noise in the measurement. In Section 3.2, we
formulate an iteratively reweighted least squares objective
based on the Huber loss to address the outliers. We approx-
imately solve the corresponding optimization problem via
gradient descent, which we summarize as the Robust-GD
algorithm. To avoid the delicate fine-tuning of the learn-
ing rate required by Robust-GD, in Section 3.3, we replace
the gradient descent method with the conjugate gradient
method. We also propose an efficient updating strategy,
summarizing the complete algorithm as Robust-CG. We vi-
sualize the entire sampling process of our proposed Robust-
GD and Robust-CG methods in Figure 1.

3.1. Explicit noise estimation
Following previous work [68, 71], the estimation of the un-
derlying signal at time step t using DMs is typically formu-
lated as the following optimization problem:

min
x̄0

1

2r2t
∥x̄0 − x̂0(x̃t, t)∥22 + λ∥y −A(x̄0)∥22, (8)

where x̂0(x̃t, t) estimates the underlying signal given the
noisy latent variable x̃t. Here, rt > 0 is a time-dependent
hyperparameter, and λ > 0 is a hyperparameter related to
the measurement noise. Various DM-based approaches uti-
lize different strategies for estimating the underlying sig-
nal. For instance, DiffPIR uses Tweedie’s formula to obtain
the estimate x̂0(x̃t, t) = xθ(x̃t, t), whereas DAPS obtains
x̂0(x̃t, t) through a multi-step reverse process starting from
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time t. In this paper, our approach is similar to DAPS, as
we also obtain x̂0(x̃t, t) through a multi-step reverse pro-
cess starting from time t.

Recent DM-based methods typically perform well when
the measurements are only slightly perturbed, for example,
under Gaussian noise with a low noise level. However, the
work [4] suggests that the second squared ℓ2 fidelity term,
∥y−A(x̄0)∥22, may be problematic when the measurement
y is heavily contaminated, as the large discrepancy between
the noisy measurement y and the noiseless measurement
A(x∗

0) can destroy the reconstruction process. Hence, we
consider refining the measurement y. We first mitigate the
effect of noise. Instead of training an additional model to
generate a pseudo condition as in [4], we explicitly estimate
the additive noise ν to refine the measurement. Assuming
the additive noise follows N (0, σ2Im), we formulate the
following optimization problem:

min
x̄0,ν̄

1

2r2t
∥x̄0−x̂0(x̃t, t)∥22+

1

2σ2
∥ν̄∥22+

1

2γ2
t

∥y−A(x̄0)−ν̄∥22,

(9)
where γt is a time-dependent hyperparameter that balances
the guidance strength of the fidelity term ∥y−A(x̄0)−ν̄∥22.
As suggested in DAPS [68], the sensitivity of the estima-
tion x̂0(x̃t, t) to its noisy latent input x̃t is time-dependent.
Since x̃t is derived from the result of the optimization prob-
lem in the previous step, noise accumulated in the inter-
mediate estimate x̃0 can affect the estimation x̂0(x̃t, t) in
subsequent steps. Specifically, x̂0(x̃t, t) is robust to pertur-
bations in x̃t during early timesteps, allowing for stronger
guidance from the measurement ȳ (i.e., a smaller γt) and
tolerance of potential noise. Conversely, in later timesteps,
x̂0(x̃t, t) becomes more sensitive, necessitating a larger hy-
perparameter γt to ensure that the estimated x̄0 remains
consistent with the estimation x̂0(x̃t, t), thereby preserving
the naturalness of the restoration. We set the hyperparame-
ter γt = 1/σt empirically, where 1/σt satisfies the require-
ment of having a low value in early timesteps and a high
value in later timesteps.

We then proceed to solve the optimization problem in
Eq. (9) iteratively. Since we aim to refine the measurement,
we first estimate the additive noise as:

ν̃ = argmin
ν̄

1

2σ2
∥ν̄∥22 +

1

2γ2
t

∥y −A(x̂0(x̃t, t))− ν̄∥22
(10)

=
σ2

γ2
t + σ2

(y −A(x̂0(x̃t, t))) . (11)

Substituting Eq. (11) into Eq. (9) to refine the measurement
y, the optimization problem for x̄0 becomes:

min
x̄0

1

2

(
1

r2t
∥x̄0 − x̂0(x̃t, t)∥22 +

1

γ2
t

∥ȳ −A(x̄0)∥22
)
,

(12)
where ȳ = 1

γ2
t +σ2 (γ

2
t y + σ2A(x̂0(x̃t, t))).

3.2. Robust objective for outliers
To further address IPs with outliers, we follow [59] to re-
place the squared ℓ2 fidelity term, ∥ȳ − A(x̄0)∥22, with a
sum of element-wise Huber loss functions. For the thresh-
old δ > 0, the univariate Huber loss operator Hδ(·) is de-
fined as:

Hδ(r) =

{
r2, if |r| ≤ δ,

2δ|r| − δ2, if |r| > δ.
(13)

The robust data fidelity term is applied to the residual vector
r = ȳ −A(x̄0) and is defined by summing the Huber loss
over all entries:

Hδ(ȳ −A(x̄0)) =

m∑
i=1

Hδ((ȳ −A(x̄0))i). (14)

We follow [30] and express the Huber loss term Hδ(ȳ −
A(x̄0)) in a quadratic form, H̃δ(ȳ−A(x̄0)). This new form
shares the same gradient with respect to x̄0 as the original
term and enables the use of an iteratively reweighted least
squares scheme:

H̃δ(ȳ−A(x̄0)) = ∥Wδ(ȳ−A(x̄0))(ȳ−A(x̄0))∥22, (15)

where Wδ(·) is a diagonal operator defined as:

Wδ(r)ii =

{
1, if |ri| ≤ δ,√
δ/|ri|, if |ri| > δ.

(16)

Note that although Wδ(r) is computed using the current
estimate x̄0, it is detached from the gradient computa-
tion with respect to x̄0 to ensure ∇x̄0

Hδ(ȳ − A(x̄0)) =
∇x̄0H̃δ(ȳ − A(x̄0)). The modified optimization objective
incorporates the Huber loss to achieve robustness against
outliers and is given by:

min
x̄0

1

2

(
1

r2t
∥x̄0 − x̂0(x̃t, t)∥22 +

1

γ2
t

∥Wδ(ȳ −A(x̄0))∥22
)
,

(17)
where we use Wδ ∈ Rm×m to denote Wδ(ȳ − A(x̄0))
for brevity. We can approximately solve the optimization
problem in Eq. (17) via gradient descent, initialized at x̃0

and using an empirically set learning rate ηx:1

x̄
(j+1)
0 = x̄

(j)
0 − ηx

2
∇

x̄
(j)
0

( 1

r2t
∥x̄(j)

0 − x̂0(x̃t, t)∥22+ (18)

1

γ2
t

∥W (j)
δ (ȳ −A(x̄

(j)
0 ))∥22

)
.

The corresponding algorithm is presented in Algorithm 1.

1Experiments with varying learning rate ηx for Robust-GD revealed
that the performance of Robust-GD is sensitive to the selection of the learn-
ing rate. The detailed results are presented in the supplementary material.
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Algorithm 1 Robust Diffusion Solver using Gradient De-
scent Method (Robust-GD)
Require: Data prediction network xθ(·, ·), measurement vector

y, forward operator A(·), noise schedule {σti}Ni=0, {αti}Ni=0,
time dependent parameters {rti}Ni=0, {γti}Ni=0, Gaussian
noise level σ, learning rate ηx, total number of sample steps
and iterations N , J , the Huber loss threshold parameter δ

1: Sample x̃tN ∼ N (0, In)
2: for i = N, . . . , 1 do
3: x̄

(0)
0 = x̂0 = x̂0(x̃ti , ti)

4: ȳ = 1
γ2
ti

+σ2 (γ
2
tiy + σ2A(x̂0))

5: for j = 0, . . . , J − 1 do
6: W

(j)
δ = Wδ(ȳ −A(x̄

(j)
0 ))

7: L = 1
2

(
1

r2ti
∥x̄(j)

0 − x̂0∥22 + 1
γ2
ti

∥W (j)
δ (ȳ −

A(x̄
(j)
0 ))∥22

)
8: x̄

(j+1)
0 = x̄

(j)
0 − ηx∇x̄

(j)
0

L
9: end for

10: Sample x̃ti−1 ∼ N (αti−1 x̄
(J)
0 , σ2

ti−1
In)

11: end for
12: return x̃t0

3.3. Solve via conjugate gradient method
Using gradient descent to solve Eq. (17) typically requires
delicate tuning of the learning rate. We instead employ the
conjugate gradient (CG) method to mitigate the issue. At
the j-th iteration, given the current gradient gj , the update
direction dj , and the current result x̄(j)

0 , the next step is to
calculate the update step size αj . This step is formulated as
the line search problem:

αj = argmin
α

1

2

( 1

r2t
∥(x̄(j)

0 + αdj)− x̂0(x̃t, t)∥22+ (19)

1

γ2
t

∥W (j)
δ (ȳ −A(x̄

(j)
0 + αdj))∥22

)
.

When the forward operator is linear, specifically, the for-
ward operator is A(x) = Ax, where A ∈ Rm×n is the
measurement matrix, the objective function is quadratic,
which allows us to efficiently obtain the closed-form op-
timal update step size αj as:

αj =
gT
j dj

1
r2t
dT
j dj +

1
γ2
t
(W

(j)
δ Adj)T(W

(j)
δ Adj)

. (20)

Furthermore, we adapt the gT
j gj form for the numerator,

which is commonly used in non-linear conjugate gradient
methods and is known to be effective in line searches [46].
Empirically, this choice also shows superior performance
compared to using the standard gT

j dj term,2 yielding the

2Empirical results demonstrate that Robust-CG utilizing the conjugate
condition gT

j gj achieves superior performance compared to the version
employing gT

j dj . Detailed experimental results are presented in the sup-
plementary material.

closed-form expression for the optimal step size αj :

αj =
gT
j gj

1
r2t
dT
j dj +

1
γ2
t
(W

(j)
δ Adj)T(W

(j)
δ Adj)

. (21)

For the nonlinear IP, we cannot directly calculate the op-
timal step size. We first linearize the nonlinear operator
A(x̄

(j)
0 + αdj) via a first-order Taylor expansion around

the current estimate x̄
(j)
0 :

A(x̄
(j)
0 + αdj) ≈ A(x̄

(j)
0 ) + αJ(x̄

(j)
0 )dj , (22)

where J(x̄
(j)
0 ) is the Jacobian matrix of A(·) evaluated at

x̄
(j)
0 . By substituting this linear approximation, the optimal

step size is obtained in the same form as the linear case:

αj =
gT
j gj

1
r2t
dT
j dj +

1
γ2
t
(W

(j)
δ J(x̄

(j)
0 )dj)T(W

(j)
δ J(x̄

(j)
0 )dj)

.

(23)
However, calculating J(x̄

(j)
0 ) explicitly is also computa-

tionally expensive. To avoid explicitly computing the Jaco-
bian matrix J(x̄

(j)
0 ), we utilize a finite difference approxi-

mation for the Jacobian-vector product J(x̄(j)
0 )dj [28, 42]:

J(x̄
(j)
0 )dj ≈ (A(x̄

(j)
0 + ηdj)−A(x̄

(j)
0 ))/η, (24)

where η is a small, experimentally determined hyperparam-
eter. By substituting this approximation into the derivative
of Eq. (19) and setting it to zero, we obtain the calculation
for αj under nonlinear scenarios:

ωj =
(
W

(j)
δ A(x̄

(j)
0 + ηdj)−W

(j)
δ A(x̄

(j)
0 )

)
/η, (25)

αj =
gT
j gj

1
r2t
dT
j dj +

1
γ2
t
ωT

j ωj

. (26)

To ensure the conjugacy property for the search direction,
we employ the Fletcher-Reeves formula [18]. The complete
Robust-CG algorithm is detailed in Algorithm 2.

4. Experimental results
We evaluate the two proposed Robust-GD and Robust-CG
methods on three 256 × 256 validation datasets, namely
CelebA [36], FFHQ [25] and ImageNet [12].3 From each
dataset, we randomly sample 100 validation images for
image reconstruction, following the experimental setting
adopted in recent DM-based methods for IPs [64, 68, 71].
To assess reconstruction quality and demonstrate that our
methods balance the perception-distortion tradeoff [1], we
report both distortion and perceptual metrics. Specifically,

3Due to the page limit, the experimental results on FFHQ are presented
in the supplementary material.
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Algorithm 2 Robust Diffusion Solver using Conjugate Gra-
dient Method (Robust-CG)
Require: Data prediction network xθ(·, ·), measurement vector

y, forward operator A(·), noise schedule {σti}Ni=0, {αti}Ni=0,
time dependent parameters {rti}Ni=0, {γti}Ni=0, Gaussian
noise level σ, finite-difference approximation parameter η, to-
tal number of sample steps and iterations N , J , the Huber loss
threshold parameter δ

1: Sample x̃tN ∼ N (0, In)
2: for i = N, . . . , 1 do
3: x̄

(0)
0 = x̂0 = x̂0(x̃ti , ti)

4: ȳ = 1
γ2
ti

+σ2 (γ
2
tiy + σ2A(x̂0))

5: W
(0)
δ = Wδ(ȳ −A(x̄

(0)
0 ))

6: L = 1
2

(
1

r2ti
∥x̄(0)

0 − x̂0∥22 + 1
γ2
ti

∥W (0)
δ (ȳ−A(x̄

(0)
0 ))∥22

)
7: d0 = g0 = −∇

x̄
(0)
0

L
8: for j = 0, . . . , J − 1 do
9: ωj =

(
W

(j)
δ A(x̄

(j)
0 + ηdj)−W

(j)
δ A(x̄

(j)
0 )

)
/η

10: αj = (gT
j gj)/

(
1

r2ti
dT
j dj +

1
γ2
ti

ωT
j ωj

)
11: x̄

(j+1)
0 = x̄

(j)
0 + αjdj

12: W
(j+1)
δ = Wδ(ȳ −A(x̄

(j+1)
0 ))

13: L = 1
2
( 1
r2ti

∥x̄(j+1)
0 − x̂0∥22 + 1

γ2
ti

∥W (j+1)
δ (ȳ −

A(x̄
(j+1)
0 ))∥22)

14: gj+1 = −∇
x̄
(j+1)
0

L

15: dj+1 = gj+1 +
gT
j+1gj+1

gT
j gj

dj

16: end for
17: Sample x̃ti−1 ∼ N (αti−1 x̄

(J)
0 , σ2

ti−1
In)

18: end for
19: return x̃t0

we use the peak signal-to-noise ratio (PSNR) and structural
similarity index (SSIM) to evaluate distortion, and learned
perceptual image patch similarity (LPIPS) [69] to measure
perceptual quality. We also report the Fréchet Inception
Distance (FID) [21] for the main experiments to quantify
perceptual quality. We use bold to indicate the best perfor-
mance, underline for the second-best.

For linear IPs, we compare our methods with base-
line DM-based methods, including DPS [9], DiffPIR [71],
DCPS [24], RED-diff [41], and DAPS [68]. For nonlinear
deblurring tasks, we compare our methods with DPS, RED-
Diff, and DAPS. Experiments on all main tasks are con-
ducted under Gaussian noise with the noise level σ = 0.05.
To validate the robustness of our methods under differ-
ent contamination levels, we set the contamination factor
ρ = 0.02 or 0.10 following [23, 59]. For all tasks, we set
the value of all entries of the outlier vector ξi to −1, which
is consistent with the measurement boundary y ∈ [−1, 1].
All experiments are run on a single NVIDIA GeForce RTX
4090 GPU.

4.1. Inpainting and super-resolution
For linear IPs, we first evaluate the performance of our
methods on two tasks, namely the inpainting (random 70%
masking) and super-resolution (4× downscaling) tasks. The
settings for both tasks follow those established in previous
works [9, 64, 68]. For the inpainting task, the threshold
for Huber loss δ is set to 0.01 in Robust-GD and 0.02 in
Robust-CG. For the super-resolution task, δ is set to 0.02 in
Robust-GD and 0.005 in Robust-CG. The finite difference
approximation parameter η in Robust-CG is set to 10−3 for
both tasks.4 The results presented in Table 1 demonstrate
that Robust-CG performs the best across almost all metrics.
Robust-GD also performs well compared to other recent
DM-based methods and exhibits robustness against outliers.
We visualize the experimental results for the inpainting and
super-resolution tasks in Figures 2 and 3, respectively. The
results demonstrate that our approaches yield better perfor-
mance against outliers and reconstruct images that are visu-
ally more similar to the reference image.

Figure 2. Visualization results of our methods and other DM-
based approaches for the inpainting task, with Gaussian noise
(σ = 0.05) and a contamination fraction of ρ = 0.10.

Figure 3. Visualization results of our methods and other DM-
based approaches for the super-resolution task, with Gaussian
noise (σ = 0.05) and a contamination fraction of ρ = 0.10.

4.2. Linear image deblurring
We also evaluate the performance of our methods on two
deblurring tasks for linear IPs, namely Gaussian deblur-
ring and motion deblurring. For Gaussian and motion de-

4More detailed setup for the two proposed algorithms is presented in
the supplementary material.
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CelebA (256 × 256) ImageNet (256 × 256) CelebA (256 × 256) ImageNet (256 × 256)

PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓
ρ Methods Super-resolution (4×) Inpainting (random 70%)

0.02

DPS 23.99 ± 1.40 0.655 ± 0.075 0.184 ± 0.057 66.96 20.86 ± 3.48 0.495 ± 0.189 0.447 ± 0.154 181.15 26.68 ± 1.32 0.748 ± 0.058 0.148 ± 0.048 63.49 23.49 ± 3.48 0.620 ± 0.171 0.361 ± 0.155 144.56

DiffPIR 20.75 ± 1.68 0.561 ± 0.049 0.486 ± 0.073 239.75 18.66 ± 2.24 0.389 ± 0.087 0.591 ± 0.094 248.36 25.83 ± 1.40 0.695 ± 0.039 0.316 ± 0.088 150.54 23.49 ± 2.65 0.651 ± 0.064 0.325 ± 0.104 133.38

DCPS 20.64 ± 2.09 0.591 ± 0.081 0.370 ± 0.103 193.03 18.00 ± 2.71 0.395 ± 0.144 0.613 ± 0.143 238.36 30.70 ± 1.37 0.865 ± 0.031 0.103 ± 0.037 68.34 23.63 ± 4.11 0.727 ± 0.110 0.244 ± 0.102 117.91

RED-diff 22.23 ± 1.76 0.679 ± 0.028 0.472 ± 0.067 192.54 20.81 ± 2.38 0.594 ± 0.077 0.544 ± 0.086 229.77 24.69 ± 1.15 0.656 ± 0.030 0.392 ± 0.086 152.93 22.49 ± 2.37 0.599 ± 0.047 0.423 ± 0.095 185.72

DAPS 22.51 ± 1.98 0.685 ± 0.048 0.403 ± 0.087 236.29 20.97 ± 1.90 0.633 ± 0.062 0.519 ± 0.110 241.92 25.57 ± 1.98 0.691 ± 0.048 0.298 ± 0.087 195.00 23.20 ± 1.90 0.645 ± 0.062 0.277 ± 0.110 182.83

Robust-GD 29.41 ± 1.46 0.803 ± 0.035 0.145 ± 0.043 72.29 24.02 ± 3.26 0.623 ± 0.088 0.484 ± 0.130 165.10 30.47 ± 1.18 0.818 ± 0.021 0.089 ± 0.027 62.62 24.50 ± 2.95 0.710 ± 0.071 0.211 ± 0.099 83.10

Robust-CG 29.67 ± 1.62 0.831 ± 0.040 0.125 ± 0.038 64.04 24.90 ± 4.02 0.697 ± 0.129 0.375 ± 0.133 146.05 31.20 ± 1.52 0.855 ± 0.023 0.071 ± 0.021 51.42 26.55 ± 3.96 0.785 ± 0.076 0.120 ± 0.040 55.24

0.10

DPS 20.95 ± 1.40 0.607 ± 0.079 0.217 ± 0.061 70.76 18.78 ± 2.85 0.450 ± 0.188 0.496 ± 0.146 192.57 22.29 ± 1.28 0.679 ± 0.068 0.185 ± 0.055 68.02 20.19 ± 2.59 0.538 ± 0.179 0.459 ± 0.165 177.36

DiffPIR 14.76 ± 1.71 0.290 ± 0.085 0.671 ± 0.081 328.01 13.40 ± 2.56 0.203 ± 0.092 0.769 ± 0.104 302.80 19.72 ± 1.80 0.438 ± 0.096 0.599 ± 0.142 191.35 18.90 ± 2.39 0.433 ± 0.111 0.561 ± 0.168 193.35

DCPS 15.74 ± 1.51 0.371 ± 0.103 0.578 ± 0.093 317.65 14.87 ± 2.38 0.324 ± 0.101 0.714 ± 0.092 284.75 24.26 ± 1.58 0.807 ± 0.039 0.136 ± 0.042 78.22 16.59 ± 3.13 0.411 ± 0.156 0.644 ± 0.206 212.46

RED-diff 16.10 ± 1.92 0.449 ± 0.068 0.639 ± 0.083 264.86 18.96 ± 2.31 0.412 ± 0.086 0.610 ± 0.147 271.98 19.86 ± 1.67 0.439 ± 0.081 0.623 ± 0.134 182.13 15.99 ± 2.54 0.425 ± 0.076 0.672 ± 0.088 243.29

DAPS 16.63 ± 2.45 0.428 ± 0.103 0.582 ± 0.101 333.06 15.84 ± 2.17 0.433 ± 0.079 0.660 ± 0.114 274.08 19.15 ± 2.45 0.437 ± 0.103 0.596 ± 0.101 261.25 18.02 ± 2.17 0.408 ± 0.079 0.567 ± 0.114 104.99

Robust-GD 26.52 ± 1.27 0.716 ± 0.042 0.264 ± 0.068 110.21 20.48 ± 2.17 0.488 ± 0.079 0.649 ± 0.114 233.46 23.28 ± 0.87 0.575 ± 0.057 0.374 ± 0.086 169.96 19.02 ± 2.49 0.453 ± 0.120 0.491 ± 0.185 171.40

Robust-CG 28.96 ± 1.56 0.819 ± 0.041 0.129 ± 0.039 67.41 24.28 ± 3.80 0.671 ± 0.128 0.416 ± 0.136 159.32 29.74 ± 1.29 0.809 ± 0.022 0.093 ± 0.029 58.48 25.57 ± 3.60 0.720 ± 0.076 0.143 ± 0.046 62.32

Table 1. (Linear IPs) Super-resolution (4×), inpainting (random 70%) with additive Gaussian noise (σ = 0.05) and contamination
fraction ρ = 0.02 or 0.10.

blurring, we used kernels of size 61 × 61 with standard
deviations of 3.0 and 0.5, respectively. All task settings
follow those established in previous works [9, 68]. For
both Robust-GD and Robust-CG, the threshold δ is set to
0.02 and the finite difference approximation parameter η in
Robust-CG is set to 10−4. The results are presented in Ta-
ble 2, demonstrating that our methods achieve the best per-
formance across almost all metrics. We also visualize the
experimental results for the Gaussian deblurring and mo-
tion deblurring tasks in Figures 4 and 5, respectively. Com-
pared to other methods, the results demonstrate that our ap-
proaches yield better performance against outliers and pro-
duce images that retain more details and are visually more
similar to the reference images.

Figure 4. Visualization results of our methods and other DM-based
approaches for the Gaussian deblurring task, with Gaussian noise
(σ = 0.05) and a contamination fraction of ρ = 0.10.

4.3. Nonlinear deblurring

For nonlinear deblurring, we utilize the learned blurring op-
erators from [62] with a known Gaussian-shaped kernel,
following the setting in [9, 64]. The corresponding thresh-
old parameter δ in Robust-GD and Robust-CG is set to 0.01.
The finite difference approximation parameter η in Robust-
CG is set to 0.0001. The results summarized in Table 3
demonstrate that our Robust-GD and Robust-CG methods
achieve the best performance across all tasks, highlighting
the effectiveness of our methods.

Figure 5. Visualization results of our methods and other DM-based
approaches for the motion deblurring task, with Gaussian noise
(σ = 0.05) and a contamination fraction of ρ = 0.10.

4.4. High Gaussian noisy condition
We follow [4, 27, 54] and validate the robustness of our
proposed Robust-GD and Robust-CG methods under high
Gaussian noisy conditions. We conduct experiments on the
CelebA dataset, using 100 randomly selected validation im-
ages for super-resolution and inpainting tasks. We set the
noise level at σ = 0.5 as in [54], and the contamination
fraction at ρ = 0.02. The settings for these two tasks
are identical to those detailed in Section 4.1. The results
presented in Table 4 demonstrate that our methods achieve
the best performance compared to all other DM-based ap-
proaches, confirming the robustness of our methods against
high Gaussian noise.

4.5. Ablation study
We validate the effect of the Huber loss threshold parameter
δ in our algorithms and the finite-difference approximation
parameter η in the Robust-CG method. Additionally, we
present the performance of Robust-GD with varying learn-
ing rates ηx and compare the use of gTg versus gTd terms
for calculating αj in Robust-CG (referencing Eq. (21)) in
the supplementary material.

4.5.1. Huber loss threshold parameter
To evaluate the effect of the Huber loss threshold param-
eter δ, we test the Robust-CG method on 100 validation
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CelebA (256 × 256) ImageNet (256 × 256) CelebA (256 × 256) ImageNet (256 × 256)

PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓
ρ Methods Gaussian deblurring Motion deblurring

0.02

DPS 25.14 ± 1.48 0.680 ± 0.074 0.152 ± 0.044 62.67 21.82 ± 3.73 0.532 ± 0.184 0.358 ± 0.137 139.39 23.44 ± 1.43 0.633 ± 0.078 0.182 ± 0.053 68.37 20.34 ± 3.31 0.480 ± 0.181 0.425 ± 0.142 180.41

DiffPIR 22.45 ± 1.00 0.482 ± 0.074 0.493 ± 0.084 211.40 19.85 ± 1.90 0.367 ± 0.101 0.676 ± 0.109 250.67 20.48 ± 0.95 0.362 ± 0.070 0.608 ± 0.082 274.28 17.13 ± 1.58 0.250 ± 0.091 0.703 ± 0.139 286.64

DCPS 22.45 ± 1.83 0.563 ± 0.097 0.307 ± 0.087 172.98 18.49 ± 2.62 0.356 ± 0.144 0.593 ± 0.146 224.90 21.65 ± 3.99 0.585 ± 0.184 0.351 ± 0.240 148.53 14.22 ± 3.16 0.245 ± 0.148 0.765 ± 0.238 265.70

RED-diff 27.99 ± 1.56 0.751 ± 0.051 0.273 ± 0.067 85.72 23.80 ± 3.68 0.603 ± 0.136 0.558 ± 0.144 169.24 24.80 ± 1.42 0.573 ± 0.066 0.381 ± 0.086 150.30 21.66 ± 3.03 0.459 ± 0.095 0.565 ± 0.095 269.02

DAPS 23.73 ± 2.11 0.586 ± 0.098 0.362 ± 0.092 202.42 20.35 ± 2.11 0.450 ± 0.098 0.619 ± 0.092 251.12 23.74 ± 3.15 0.621 ± 0.121 0.330 ± 0.173 63.44 19.27 ± 3.15 0.447 ± 0.121 0.544 ± 0.173 232.58

Robust-GD 30.00 ± 1.75 0.825 ± 0.044 0.132 ± 0.040 63.44 25.96 ± 3.90 0.679 ± 0.120 0.424 ± 0.131 159.84 29.87 ± 1.86 0.801 ± 0.049 0.116 ± 0.045 81.80 25.80 ± 3.79 0.696 ± 0.106 0.300 ± 0.139 115.26
Robust-CG 29.48 ± 1.81 0.820 ± 0.051 0.150 ± 0.047 63.50 24.79 ± 4.34 0.673 ± 0.155 0.458 ± 0.162 169.11 29.27 ± 2.36 0.793 ± 0.065 0.136 ± 0.057 87.09 24.94 ± 4.13 0.665 ± 0.124 0.376 ± 0.154 152.85

0.10

DPS 22.06 ± 1.42 0.646 ± 0.077 0.178 ± 0.051 63.49 19.70 ± 2.89 0.490 ± 0.185 0.405 ± 0.131 160.82 20.90 ± 1.37 0.596 ± 0.082 0.208 ± 0.058 68.96 18.60 ± 2.80 0.437 ± 0.186 0.455 ± 0.130 192.53

DiffPIR 18.07 ± 1.02 0.355 ± 0.083 0.622 ± 0.083 308.93 16.60 ± 1.67 0.274 ± 0.098 0.740 ± 0.088 292.01 17.11 ± 0.93 0.259 ± 0.071 0.712 ± 0.078 340.27 14.59 ± 1.52 0.180 ± 0.081 0.781 ± 0.117 317.89

DCPS 15.46 ± 1.65 0.302 ± 0.124 0.575 ± 0.095 331.91 12.89 ± 2.54 0.193 ± 0.123 0.702 ± 0.092 305.81 12.60 ± 3.45 0.174 ± 0.176 0.927 ± 0.292 338.22 10.29 ± 1.92 0.112 ± 0.084 0.953 ± 0.183 332.85

RED-diff 22.96 ± 1.70 0.626 ± 0.076 0.391 ± 0.090 139.05 20.76 ± 2.68 0.497 ± 0.118 0.645 ± 0.129 219.67 17.36 ± 2.52 0.311 ± 0.109 0.836 ± 0.185 303.61 16.71 ± 3.08 0.270 ± 0.116 0.807 ± 0.171 347.46

DAPS 16.18 ± 2.26 0.356 ± 0.122 0.561 ± 0.104 297.13 14.17 ± 2.26 0.253 ± 0.122 0.720 ± 0.104 308.08 14.99 ± 3.01 0.331 ± 0.130 0.718 ± 0.178 292.81 12.45 ± 3.01 0.226 ± 0.130 0.823 ± 0.178 305.09

Robust-GD 29.27 ± 1.68 0.817 ± 0.044 0.138 ± 0.041 65.59 24.90 ± 3.71 0.660 ± 0.114 0.453 ± 0.130 171.81 29.44 ± 1.76 0.789 ± 0.048 0.123 ± 0.046 84.79 25.27 ± 3.55 0.669 ± 0.103 0.330 ± 0.134 128.60
Robust-CG 29.38 ± 1.78 0.819 ± 0.051 0.151 ± 0.047 62.52 24.73 ± 4.29 0.672 ± 0.155 0.450 ± 0.163 167.56 28.91 ± 2.16 0.777 ± 0.062 0.144 ± 0.057 91.22 24.57 ± 3.80 0.638 ± 0.119 0.401 ± 0.151 165.45

Table 2. (Linear IPs) Gaussian deblurring and motion deblurring with additive Gaussian noise (σ = 0.05) and contamination fraction
ρ = 0.02 or 0.10.

CelebA (256 × 256) ImageNet (256 × 256)
ρ Methods PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓

0.02

DPS 23.42 ± 1.54 0.632 ± 0.076 0.203 ± 0.055 69.71 21.01 ± 3.53 0.493 ± 0.174 0.439 ± 0.148 191.88

RED-diff 22.49 ± 1.61 0.490 ± 0.064 0.568 ± 0.116 169.33 18.53 ± 2.31 0.289 ± 0.067 0.727 ± 0.111 305.67

DAPS 20.90 ± 1.81 0.428 ± 0.113 0.658 ± 0.177 237.47 20.22 ± 1.81 0.457 ± 0.113 0.530 ± 0.177 202.20

Robust-GD 28.25 ± 1.55 0.766 ± 0.037 0.136 ± 0.040 68.55 26.40 ± 3.61 0.741 ± 0.084 0.214 ± 0.100 83.52
Robust-CG 26.89 ± 1.59 0.733 ± 0.055 0.192 ± 0.060 85.30 23.66 ± 3.80 0.634 ± 0.137 0.411 ± 0.147 201.28

0.10

DPS 21.26 ± 1.45 0.609 ± 0.077 0.211 ± 0.052 70.11 19.19 ± 2.80 0.455 ± 0.179 0.463 ± 0.147 183.46

RED-diff 16.37 ± 1.96 0.274 ± 0.088 0.922 ± 0.167 288.09 14.95 ± 2.39 0.166 ± 0.087 0.998 ± 0.185 336.14

DAPS 15.89 ± 2.17 0.232 ± 0.110 1.036 ± 0.174 439.06 15.21 ± 2.17 0.228 ± 0.110 0.947 ± 0.174 316.56

Robust-GD 27.06 ± 1.29 0.711 ± 0.037 0.156 ± 0.044 80.23 24.55 ± 3.07 0.636 ± 0.084 0.253 ± 0.093 108.10
Robust-CG 26.80 ± 1.54 0.728 ± 0.058 0.188 ± 0.061 89.73 23.67 ± 3.75 0.632 ± 0.135 0.404 ± 0.143 191.30

Table 3. Nonlinear deblurring with additive Gaussian noise (σ =
0.05) and contamination fraction ρ = 0.02 or 0.10.

Super-resolution (4×) Inpainting (random 70%)
Methods PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

DPS 20.55 0.546 0.246 21.90 0.604 0.212

DiffPIR 15.68 0.192 0.643 20.31 0.471 0.382

DCPS 18.77 0.476 0.315 22.54 0.620 0.202

RED-diff 12.88 0.109 0.793 17.47 0.186 0.873

DAPS 14.29 0.143 0.784 16.99 0.181 0.901

Robust-GD 22.16 0.590 0.279 23.91 0.690 0.179
Robust-CG 23.04 0.632 0.245 24.62 0.689 0.200

Table 4. Super-resolution (4×) and inpainting (random 70%)
with additive Gaussian noise (σ = 0.5) and contamination fraction
ρ = 0.02.

images from the CelebA dataset for Gaussian and motion
deblurring tasks, using a contamination factor of ρ = 0.10
and a Gaussian noise level of σ = 0.05. The correspond-
ing experimental results for Robust-GD are presented in the
supplementary material. We choose the value of δ within
{0.005, 0.01, 0.02, 0.04}. The results presented in Table 5
indicate that Robust-CG performs similarly across these dif-
ferent threshold values, demonstrating the robustness of our
method to the selection of the threshold parameter.

4.5.2. Finite-difference approximation parameter
We validate the effect of the finite-difference approximation
parameter η in the Robust-CG method on two tasks, namely
Gaussian deblurring and the nonlinear deblurring task. We
use 100 validation images from the CelebA dataset with
a contamination factor of ρ = 0.10 and a Gaussian noise

Gaussian Deblurring Motion Deblurring
Threshold δ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

0.005 28.75 0.804 0.164 27.91 0.786 0.161

0.010 29.04 0.811 0.157 28.55 0.793 0.146

0.020 29.38 0.819 0.151 28.91 0.777 0.144

0.040 29.64 0.823 0.145 27.67 0.681 0.220

Table 5. Performance of Robust-CG with different value of the
Huber loss threshold δ on Gaussian deblurring and motion de-
blurring with additive Gaussian noise (σ = 0.05) and contamina-
tion fraction 0.10.

level of σ = 0.05. We choose three values of η within
{0.0010, 0.0005, 0.0001}. The results presented in Table 6
indicate that the choice of η does not affect the reconstruc-
tion results for Gaussian deblurring and has a slight effect
on the results for the nonlinear deblurring task.

Gaussian Deblurring Nonliear Deblurring
Parameter η PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
0.0010 29.38 0.819 0.151 25.97 0.681 0.212

0.0005 29.38 0.819 0.151 26.37 0.703 0.195

0.0001 29.38 0.819 0.151 26.80 0.728 0.188

Table 6. Performance of Robust-CG with different value of finite-
difference approximation parameter η on Gaussian deblurring
and nonlinear deblurring with additive Gaussian noise (σ =
0.05) and contamination fraction 0.10.

5. Conclusion

In this paper, we present Robust-GD and Robust-CG,
two novel DM-based methods to address IPs contami-
nated with outliers. Numerical results demonstrate the
effectiveness of our proposed methods in mitigating
the influence of outliers, thereby confirming their supe-
rior robustness compared to existing DM-based methods.
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