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Abstract

Image restoration aims to recover high-quality images from
degraded observations. When the degradation process is
known, the recovery problem can be formulated as an in-
verse problem, and in a Bayesian context, the goal is to sam-
ple a clean reconstruction given the degraded observation.
Recently, modern pretrained diffusion models have been
used for image restoration by modifying their sampling pro-
cedure to account for the degradation process. However,
these methods often rely on certain approximations that can
lead to significant errors and compromised sample quality.
In this paper, we propose a simple modification to existing
diffusion-based restoration methods that exploits the fre-
quency structure of the reverse diffusion process. Specif-
ically, our approach, denoted as Frequency Guided Pos-
terior Sampling (FGPS), introduces a time-varying low-
pass filter in the frequency domain of the measurements,
progressively incorporating higher frequencies during the
restoration process. We provide the first rigorous analy-
sis of the approximation error of FGPS for linear inverse
problems under distributional assumptions on the space of
natural images, demonstrating cases where previous works
can fail dramatically. On real-world data, we develop an
adaptive curriculum for our method’s frequency schedule
based on the underlying data distribution. FGPS signifi-
cantly improves performance on challenging image restora-
tion tasks including motion deblurring and image dehaz-
ing. The source code is available at https://github.
com/darshanthaker/FGPS.

1. Introduction
Image restoration is a fundamental problem in computer vi-
sion whose goal is to recover high-quality images from de-
graded observations. Many image restoration problems can
be cast as inverse problems, where the task is to recover
an underlying signal x0 2 Rn from noisy measurements
y 2 Rm that are obtained from x0 via

y = A(x0) + z. (1)

In the above, A : Rn
! Rm denotes the forward oper-

ator, which we assume to be known, and z 2 Rm is ad-
ditive Gaussian noise. In most applications, recovering x0

is difficult because the forward operator is a many-to-one
mapping. To address this challenge, researchers incorpo-
rate prior knowledge about x0, including sparsity [5, 16],
low-rank structure [4, 6], total variation [32], or deep gen-
erative priors [3, 29]. One way of enforcing this knowledge
is by solving a regularized optimization problem where the
objective is to find an x0 that maximizes the likelihood un-
der the chosen prior model while satisfying the constraint
y = A(x0). Another approach is to follow the Bayesian
viewpoint where instead of recovering an exact x0, we sam-
ple from p(x | y) where Equation (1) is the model for
p(y | x0) [38]. The advantage of this interpretation is that
we can draw multiple plausible samples. In image restora-
tion tasks, the diversity of samples can help the user pick a
visually appealing reconstruction.

Recently, diffusion models [20, 36] have shown tremen-
dous success in modeling complex probability distributions,
allowing one to generate diverse and visually coherent sam-
ples in image, video, and audio tasks [14, 21, 25]. During
training, diffusion models learn to reverse a gradual nois-
ing process that transforms data x0 to pure noise xT over T
steps, where xt denotes an intermediate step of the reverse
diffusion process. At test time, they generate samples by
iteratively denoising random noise, progressively refining it
into coherent data. Naturally, these models can also be used
to develop samplers for p(x | y) in inverse problem set-
tings. However, while one can train a problem-specific dif-
fusion model to sample directly from p(x | y) [33], this re-
quires training new diffusion models for every inverse prob-
lem, limiting the practical use of such approaches.

A popular approach which does not require training a
new diffusion model for p(x | y) is to modify the sam-
pling process of a pretrained unconditional diffusion model
so that it produces samples that are consistent with the
given measurement y [9, 24, 35, 37, 41]. These methods
are based on decomposing the conditional score function
rxt log p(xt | y) as rxt log p(xt) + rxt log p(y | xt)
using the Bayes rule. While the first term is learned by a
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pretrained unconditional diffusion model, the second term
is analytically intractable in general because xt is the result
of a complex denoising process. Thus, in practice, we use
approximations for this term, typically by first computing
µ0|t = E[x0 | xt] using the learned diffusion model, known
as the Tweedie estimate [17], and following the gradient of
a loss that measures the deviation between A(µ0|t) and y.
While intuitive, the approximation error from the Tweedie
estimate is difficult to control. Previous work has attempted
to address this by designing heuristics that ensure that the
modifications to xt respect the intermediate data manifold
learned by the diffusion model. However, these approaches
make strong assumptions about the data manifold’s struc-
ture, such as linearity, or require that µ0|t remains on the
clean data manifold throughout all iterations [10, 42].

Our work aims to better understand and control this ap-
proximation error by analyzing images in the frequency do-
main. Our main contributions are:

1. We develop a new unsupervised diffusion-based im-
age restoration algorithm, denoted as Frequency Guided
Posterior Sampling (FGPS). Our algorithm leverages the
observation that diffusion models generate images hier-
archically in the frequency domain [30]. Thus, to control
the approximation error from estimating rxt log p(y |

xt), we apply a time-varying low-pass filter to y which
progressively includes higher frequency ranges during
the reverse diffusion process.

2. We then perform a precise theoretical analysis of the
approximation errors in posterior sampling methods for
linear inverse problems under distributional assumptions
on the data. Next, exploiting the frequency distribution
of natural images, we give precise examples of forward
operators where FGPS has small approximation error
compared to prior work.

3. In practice, we develop a data-dependent curriculum for
the low-pass filters which allows the reverse process
to adapt to spectral properties of the data distribution.
While being easy to implement, our algorithm leads to
a significant boost in performance on challenging linear
and nonlinear image restoration problems, such as mo-
tion deblurring and image dehazing.

2. Background
2.1. Diffusion Models
Diffusion models are a class of score-based generative mod-
els that sample from a given data distribution by learning
to reverse a gradual noising process [20, 36]. This noising
process, known as the forward process, is represented in
continuous time as an Itô Stochastic Differential Equation

(SDE) for t 2 [0, 1]

dxt = �
1

2
�(t)xtdt +

p
�(t)dwt. (2)

The SDE is characterized by its drift coefficient � 1
2�(t)

and diffusion coefficient
p
�(t), with wt representing the

standard Wiener process over the interval [0, 1]. The ini-
tial condition of this SDE is a datapoint x0 ⇠ p(x). The
drift and diffusion coefficients are chosen such that xt goes
from the clean data distribution at t = 0 to pure noise
x1 ⇠ N (0, I) at t = 1. A special case is known as the
Variance-Preserving SDE (VP-SDE), where we can write
the transition density pt(xt | x0) as

p(xt | x0) = N (
p
↵̄tx0, (1� ↵̄t)I) , (3)

for ↵̄t = e
R t
0 �(s) ds [20].

The reverse process aims to remove the noise from x1

and draw a sample from x0 following the reverse-time SDE

dxt =


�
�(t)

2
xt � �(t)rxt log pt(xt)

�
dt +

p
�(t)dw̄t ,

(4)
where t and the new Wiener process w̄t both run in reverse.
A seminal result of Anderson gives that this reverse process
has the same probability distribution as the forward pro-
cess for every t [1]. In order to estimate the time-dependent
score function rxt log pt(xt), diffusion models use the de-
noising score matching technique to train a neural network
s✓(·) that predicts the noise added to a datapoint, which ap-
proximates the score function [40]. Sampling from p(x)
is performed by solving a discrete-time version of Equa-
tion (4) over T steps, where xT ⇠ N (0, I) [20, 37].

2.2. Posterior Sampling
In inverse problems, we are given measurements y as in
Equation (1), and the goal is to recover the underlying clean
x0 given y. Throughout the paper, we will refer to A as
the known forward operator. Because A is not invertible in
general, the inverse problem can be highly ill-posed, neces-
sitating data modelling assumptions.

A popular Bayesian strategy to solve the problem is to
develop samplers for p(x | y) assuming we have a prior for
p(x) modeled by a pretrained generative model such as a
diffusion model. For instance we can extend Equation (4) to
sample from p(x | y) by using a conditional score function

dxt =


�
�(t)

2
xt � �(t)rxt log pt(xt | y)

�
dt+

p
�(t)dw̄t.

(5)
While one could train a conditional diffusion model to ap-
proximate the conditional score, this would require retrain-
ing models for every inverse problem we wish to solve [33].
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Instead, we use Bayes rule to write the conditional score as

rxt log p(xt | y) = rxt log p(xt)| {z }
unconditional score

+rxt log p(y | xt)| {z }
noisy likelihood score

(6)
While a pretrained diffusion model effectively approxi-
mates the unconditional score, the noisy likelihood score
remains intractable due to its factorization

p(y | xt) =

Z
p(y | x0)p(x0 | xt)dx0, (7)

where p(x0 | xt) represents the complex distribution of de-
noised estimates of xt. Even though p(x0 | xt) can be
complex, the Tweedie’s estimate gives us the posterior mean
µ0|t = E[x0 | xt] as a function of the unconditional score
function [17] (refer to Appendix A for more background).
Thus, some unsupervised methods approximate p(x0 | xt)
using µ0|t, for example as a Dirac delta around µ0|t [9] or
an isotropic Gaussian distribution with mean µ0|t [35]. This
results in tractable approximations for the conditional score
rxt log p(xt | y), but introduces a potentially large approx-
imation error. In this work, we propose a novel approxima-
tion for the conditional score and quantify its approximation
gap exactly under distributional assumptions on x0.

2.3. Signal Processing Basics
Our method relies on the frequency decomposition of nat-
ural images, so in this section, we review the terminology
used for the remainder of the paper. The Discrete Fourier
Transform (DFT) of a finite signal x 2 Rn, denoted as
F(x), maps the signal to the frequency domain. At each
DFT sample frequency fk = k

n for k = 1, . . . , n � 1,
the DFT value F(x)[fk] represents the complex-valued fre-
quency component in the signal. We define the signal’s
power spectral density as the expected squared magnitude
(the power) of the signal at different sample frequencies

S(fk) = Ex


|F(x)[fk]|2

n

�
. (8)

When S(fk) = c|fk|�� for constants c,� > 0, we say that
the signal follows a power law in the frequency domain with
parameters c,�.

3. Related Work
Inverse problems of the form in Equation (1) have been
solved for many years with different priors, such as
sparse/low-rank priors [4–6] or generative priors [3, 29].
In this work, we focus on posterior sampling methods that
use pretrained diffusion models and approximate the condi-
tional score to perform guidance [8, 9, 19, 31, 35, 37, 41].
These have been applied to inverse problems such as im-
age deblurring, super-resolution [11], and image inpainting

[9, 27]. However, they can incur significant approximation
errors as we will illustrate in Section 5. Works such as
[10, 42] propose methods to mitigate these approximation
errors, but rely on strong assumptions on the data manifold.
In this work, we use a more practical assumption that the
data obeys a power law in the frequency domain [34] in or-
der to develop a new approximation.

A line of work has studied diffusion models in a trans-
formed space to perform guidance for inverse problems
[23, 24]. This is in fact closely related to our work as our
work is akin to performing diffusion in the Fourier domain
instead, similar to [28]. Building on recent connections be-
tween diffusion models and spectral autoregression [15],
our work differs from previous approaches [8, 37] by us-
ing a frequency-guided measurement schedule rather than
one based on the unconditional diffusion model’s variance
schedule. We refer the reader to [12] for a comprehensive
survey on using diffusion models for inverse problems.

4. Frequency Guided Posterior Sampling
As illustrated in Section 2.2, the main challenge in devel-
oping unsupervised inverse problem solvers is estimating
the noisy likelihood score rxt log p(y | xt), which de-
pends on the intractable denoising distribution p(x0 | xt).
It is common to substitute this denoising distribution with
an approximation that depends only on the posterior mean
µ0|t = E[x0 | xt], which is tractable using Tweedie’s for-
mula. For example, Diffusion Posterior Sampling (DPS)
approximates the noisy likelihood score with rxt log p(y |

µ0|t) [9]. However, these methods can incur a significant
approximation error by using simple distributions centered
around the posterior mean instead of the true distribution.

The key challenge is ensuring that xt stays on the data
manifold learned by the diffusion model even after it is up-
dated using an approximation of the gradient rxt log p(y |

xt). Prior approaches address this by assuming that the
data manifold is linear or that µ0|t remains on the clean
data manifold [10, 42]. However, these assumptions are
often violated in practice. Our main insight is to use the
observation that diffusion models generate images hierar-
chically. Specifically, recent work has connected diffusion
models and inverse heat dissipation, concluding that diffu-
sion models naturally generate images from low frequen-
cies (corresponding to coarse features) to high frequencies
(corresponding to fine-grained features) [30] 1. If there is a
mismatch in frequency content between µ0|t and the mea-
surement y, updating xt by following an approximation of
rxt log p(y | xt) can move xt off the learned data mani-
fold. This problem is exacerbated during the early stages of

1This effect is because the forward process noise schedule removes
high frequency components proportional to the variance of the noise.
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the reverse process since the early stages play a crucial role
in ensuring the generated output matches the fundamental
low-frequency structure of the measurements.

We propose a simple fix to this issue by retaining only
low frequency components of the measurements at the ini-
tial steps of the reverse process and progressively adding
high frequency components in later steps. To implement
this, we convolve the original measurement y with a time-
varying low-pass filter kt. Denoting �t(y) as this convolu-
tion, the approximation we propose for the noisy likelihood
score is

rxt log p(y | xt) ⇡ rxt log p(�t(y) | µ0|t), (9)

where µ0|t denotes the Tweedie estimate E[x0 | xt] pre-
dicted by the diffusion model. In order to compute the
above approximation, we need to compute the model like-
lihood for the new measurements. Since convolution of a
signal y with a low pass filter can be represented as a cir-
culant matrix multiplied by y, we have that �t(y) = Cty
where Ct is a time-dependent circulant matrix representing
kt. This circulant matrix has its first row as the flattened
kt and all other rows as cyclic shifts. Thus, using proper-
ties of the multivariate normal distribution, we have that the
updated model likelihood is

p(�t(y) | x0) = N (CtA(x0),�
2
yCtC

T
t ). (10)

Given this likelihood, our approximation of the noisy like-
lihood score becomes

p(�t(y) | µ0|t) = N (CtA(µ0|t),�
2
yCtC

T
t ), (11)

and its corresponding gradient is

rxt log p(�t(y) | µ0|t) = Strxt

��Cty �CtA(µ0|t)
��2

2
,

(12)
where St = (�2

yCtCT
t )�1. Since µ0|t can be computed us-

ing one network evaluation of the diffusion model, its gradi-
ent with respect to xt can be computed via backpropagation,
as in DPS. Alternating unconditional sampling and condi-
tional sampling using their corresponding score functions
gives us our algorithm, which we call Frequency Guided
Posterior Sampling (FGPS) outlined in Algorithm 1.

Dataset-informed choice of kt. An important choice for
our method is choosing the sequence {kt}

T
t=1. Each kt is a

low-pass filter that should allow frequencies up till a thresh-
old ⌧t and then strongly attenuate any frequencies above ⌧t.
In order to encode that the initial steps of the reverse process
should only use low frequency components of y, we require
that ⌧T should start off small and increase as t decreases.
We denote the sequence of ⌧t as our frequency curriculum.
As datasets can have varying frequency characteristics, our

method gives flexibility to set the frequency curriculum in a
data-dependent way, as explained in Section 6.

Efficient Implementation. We efficiently compute �t(·) in
the Fourier domain. Specifically, Ct can be diagonalized
as Ct = F�1MF, where F denotes the Discrete Fourier
Transform matrix [39]. Using this property along with the
fact that F is an orthogonal matrix with determinant 1, we
have that p(�t(y) | µ0|t) = p(F�t(y) | µ0|t) = p(MFy |

µ0|t). Thus, we bypass storing the large circulant matrix
and compute �t(y) and �t(A(µ0|t)) by first taking the Fast
Fourier Transform of the input and applying a binary mask
in the frequency domain, which adds minimal computa-
tional overhead (see Appendix E).

Algorithm 1 Frequency Guided Posterior Sampling

Require: y, A, {�t(·),St,↵t, �̃t}
T
t=1

1: xT ⇠ N (0, I)
2: for t T to 1 do
3: ŝ s✓(xt, t) // Predict rxt log p(xt)
4: ↵̄t  

Qi
j=1 ↵j

5: µ0|t  
1p
↵̄t

(xt + (1� ↵̄t)ŝ) // Tweedie estimate
6: z ⇠ N (0, I)

7: x0
t�1  

p
↵t(1�↵̄t�1)

1�↵̄t
xt +

p
↵̄t�1(1�↵t)

1�↵̄t
µ0|t + �̃tz

// DDIM Sampling
8: xt�1  x0

t�1 � Strxt

���t(y)� �t(A(µ0|t))
��2

2
//

FGPS Approximation of rxt log p(y | xt)
9: end for

5. Theoretical Analysis
In this section, we utilize distributional assumptions to pro-
vide a precise theoretical analysis of the approximation er-
rors induced by traditional posterior sampling methods as
well as our proposed method.

5.1. Mind the (Approximation) Gap
Since we rely on a spectral characterization of the reverse
diffusion process, our analysis requires two key properties.

1. We need to analyze the frequency characteristics of the
data as well as the interplay between the frequency char-
acteristics of the data and the forward operator.

2. To quantify the approximation gap, we need to compute
the true conditional score.

For the first property, we look at the power spectral density
of the data, as defined in Equation (8), which tells us how
much the signal’s power is distributed across different fre-
quencies. For the second property, it is natural to suppose
the clean data x0 comes from a multivariate Gaussian dis-
tribution. Although these two properties seem conflicting,
the following lemma establishes an equivalence between the
data power spectral density and the data covariance.
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Lemma 1. Let fk = k
n for k = 0, . . . , n�1 denote the DFT

sample frequencies for a signal of length n. Then, there ex-
ists a covariance matrix ⌃f such that for x ⇠ N (0,⌃f ),
the following two properties hold. First, the signal x fol-
lows a power law in the frequency domain with parame-
ters c,� > 0, i.e., it has a power spectral density S(fk) =
c|fk|�� for the non-zero DFT sample frequencies fk. Sec-
ond, the eigenvalues of ⌃f are precisely c|fk|�� .

This is a special case of a classical result known as the
Wiener-Khinchin Theorem [7]. Note that this does not im-
ply that all random vectors that follow a power law in the
frequency domain are Gaussian. For example, natural im-
age data tends to follow a radially averaged power law in the
frequency domain, but is far from Gaussian [34]. Neverthe-
less, this lemma gives a distributional assumption that mim-
ics the spectral properties of natural image data, which we
will show already elucidates failure cases of existing meth-
ods. Next, we use these assumptions to exactly quantify the
approximation gap of our method.

Theorem 2. Suppose x0 is drawn from N (0,⌃) and we are
given linear measurements y = A(x0)+z, where A(x0) =
Ax0 and z ⇠ N (0,�2

yI). Suppose that the intermedi-
ate value xt of the continuous-time reverse diffusion from
Equation (5) can be written as xt =

p
↵̄tx0 +

p
1� ↵̄t✏

where ✏ ⇠ N (0, I). Then, we have that the true noisy like-
lihood score rxt log p(y | xt) is

(A�t)
T(A⌃0|tA

T + �2
yI)�1(y �Aµ0|t), (13)

where �t =
p
↵̄t⌃(↵̄t⌃ + (1 � ↵̄t)I)�1, µ0|t = E[x0 |

xt] = �txt and ⌃0|t = Cov[x0 | xt] = ⌃ �
p
↵̄t�t⌃.

Moreover, the FGPS approximation rxt log p(Cty | µ0|t)
can be analytically calculated as

(CtA�t)
T (�2

yCtC
T
t )�1(Cty �CtAµ0|t). (14)

The proof is in Appendix B. The difference of Equation (13)
and Equation (14) gives a precise expression for the approx-
imation gap of our method. The ↵̄t corresponds to the vari-
ance schedule of standard diffusion models such as DDPM
[20]. Our assumption that xt =

p
↵̄tx0+

p
1� ↵̄t✏ isolates

the effects of the approximation gap as the generated sam-
ple is exactly x0. Our framework also allows us to analyti-
cally study the approximation gap for other inverse problem
solvers. Below, we give one example for the popular Diffu-
sion Posterior Sampling (DPS) solver.

Corollary 3. Under the same assumptions and notation
as in Theorem 2, we have that the DPS approximation
rxt log p(y | µ0|t) can be analytically calculated as

��2
y (A�t)

T (y �Aµ0|t). (15)

To the best of our knowledge, this is the first time any distri-
butional assumptions have been used to characterize the ex-
act approximation gap of any inverse problem solver. While
[9] and [42] provide upper and lower bounds on this gap,
these bounds do not exploit the structure of the data distri-
bution and as such, can be loose. We formally compare the
approximation gap of FGPS and DPS in Appendix C.

5.2. Approximation Gap on Synthetic Data
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FGPS (Ours), Filter Width=1

DPS, Filter Width=1

FGPS (Ours), Filter Width=5

DPS, Filter Width=5

FGPS (Ours), Filter Width=10

DPS, Filter Width=10

Figure 1. We show the exact approximation gap for FGPS and
DPS across diffusion timesteps when the data follows a power law
in the frequency domain and the forward operator is a a high-pass
filter (Dirac kernel minus a Gaussian kernel) of varying width. The
width denotes the � of the Gaussian kernel. Note the y-axis is in
log-scale.

In this subsection, we probe the approximation gap of
our method and DPS on synthetic data, and we give exam-
ples of forward operators where FGPS results in a signif-
icantly less approximation gap than DPS. In order to con-
struct these examples, we note that Theorem 2 depends cru-
cially on how the forward operator A interacts with the data
covariance ⌃, particularly through the term A⌃0|tA

T . In-
tuitively, if the data covariance is chosen to be ⌃f from
Lemma 1, the frequency characteristics of the data and the
forward operator would be misaligned when the forward
operator is a high-pass filter, so the measurement contains
primarily high-frequency components. Some natural imag-
ing systems fall into this regime, e.g., phase contrast mi-
croscopy where intensity measurements are high-pass fil-
tered versions of refractive index.

To verify the above intuition, we begin by simulating 1-
D signals x0 ⇠ N (0,⌃f ) that follow a power law in the
frequency domain, which uses the construction of ⌃f given
in Lemma 1. Then, the corresponding measurements for
these signals are y = Ax0 + z with z ⇠ N (0, I) , where
A is the convolution matrix corresponding to convolution
with a Dirac kernel minus a Gaussian kernel of standard
deviation �. This kernel approximates a high-pass filter.

Figure 1 shows the approximation gap of DPS and
FGPS as a function of the diffusion timesteps (where higher
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timesteps correspond to a lower value of ↵̄t) for the variance
schedule used in the DDPM model for T = 1000 [20]. In
accordance with our intuition, we see that the DPS approx-
imation worsens significantly as we increase t, likely be-
cause higher frequency noise components in xt are ampli-
fied by the high-pass filter. In contrast, we find our method
has an approximation gap that is several orders of magni-
tude smaller than DPS in the early stages of the reverse pro-
cess. As the early stages of the reverse process are when
the generated image develops coarse features, we argue it is
crucial that the approximation gap is small in these phases.
Refer to Appendix E for the full experimental details.

6. Experiments
Although our theoretical results were restricted to cases
where FGPS provably improved over existing methods, we
now turn to empirical validation of FGPS on several real-
world datasets and image restoration tasks.

6.1. Experimental Setup
Datasets. We evaluate our method on two datasets:
the Flickr-Faces-HQ (FFHQ 256x256) dataset of high-
resolution faces [22], and the ImageNet-1000 dataset of di-
verse objects [13]. We utilize pretrained diffusion models
from [9] and [14] for the FFHQ and ImageNet datasets re-
spectively, using a class-conditional model for ImageNet.

Tasks. We consider four challenging image restoration
tasks for our experimental evaluation. The first three are
linear inverse problems: Gaussian deblurring, motion de-
blurring, and deconvolution with a high-pass filter. The last
is a nonlinear inverse problem: image dehazing. The de-
tails of the four forward operators we consider can be found
in Appendix E. All measurements have Gaussian measure-
ment noise added with standard deviation 0.05.

Baselines and Metrics. We compare against several com-
petitive unsupervised methods. The first two baselines are
popular unsupervised diffusion-based solvers: Diffusion
Posterior Sampling (DPS) [9], a method that approximates
the conditional score with a Dirac delta around the pos-
terior mean, and Score-SDE/ILVR [8, 37], a method that
uses a sequence of noisy measurements computed using
the diffusion model variance schedule. Then, we compare
to two state-of-the-art methods focused on mitigating the
approximation gap problem: Manifold Constrained Gra-
dient (MCG) [10] and Diffusion with Spherical Guidance
(DSG) [42]. For image dehazing, we further compare to two
problem-specific baselines: DoubleDIP [18] and AOD-Net
[26], a supervised method trained to dehaze images from
pairs of clean-hazy images. We use the same pretrained
score function for all diffusion-based methods. We evaluate
our method on two perceptual metrics, FID and LPIPS dis-
tance, and two distortion-based metrics, PSNR and SSIM.

Frequency Curriculum. For both FFHQ and ImageNet
across all tasks, in our method we set ⌧1 and ⌧T to be
75⇤100

256 % and 10⇤100
256 % of the overall frequency range re-

spectively. We set different frequency curricula for the two
datasets as described in Section 4. We find the exponen-
tial schedule works well for face datasets with many high-
frequency details, while the uniform schedule is better for
diverse, multiclass datasets like ImageNet. We emphasize
that kt does not require extensive tuning, as a simple sched-
ule already beats baseline methods (see Appendix G).

Step Size Schedule. In practice, we take St to be a hy-
perparameter as opposed to being fixed as (�2

yCtCT
t )�1 in

order to further control the effect of the approximation er-
ror. We adopt the choice that DPS makes where the step
size is 

k�t(y)��(A(µ0|t))k2
I for a hyperparameter . Us-

ing the intuition from Figure 1 that the approximation gap
is small in the initial steps of the reverse process, we set 
large initially and decay it following a cosine curve.

6.2. Results
Empirical Validation of Theoretical Results. In Figure 2,
we consider two forward operators on an example from the
FFHQ dataset: a) a standard Gaussian blurring low-pass fil-
ter, and b) the high-pass filter we studied in our theoretical
analysis. As expected, prior approaches such as Diffusion
Posterior Sampling [9] and variants [10, 42] perform well
at Gaussian deblurring. However, when the forward opera-
tor is a high-pass filter, remarkably these approaches all fail
to produce coherent outputs, which aligns with our theoret-
ical results about the large approximation gap of existing
methods. FGPS on the other hand is still able to produce
high-quality reconstructions.

Results on Linear Inverse Problems. Table 1 shows our
main results for linear inverse problems. On the FFHQ
dataset, for simple tasks such as Gaussian deblurring, FGPS
gives comparable performance to baselines, which already
have strong reconstruction performance. However, on more
complex image restoration tasks such as motion deblurring,
our method outperforms the baselines in almost all metrics.
Notably, even though Score-SDE/ILVR uses a sequence of
noisy measurements, this sequence is not adapted to the fre-
quency characteristics of the data, which results in lower
quality reconstructions as compared to our method (see Ap-
pendix F for further discussion). In Figure 3, we see the
qualitative differences between the methods. For high-pass
filter operators, existing methods generate visually implau-
sible images, indicating that the approximation errors push
the denoised outputs away from the natural image manifold.
In contrast, our method is able to accurately reconstruct the
underlying ground truth image. For blurry images, we see
that DPS tends to produce smoothed images, losing high-
frequency details. While DSG is able to improve upon this
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MeasurementGround Truth DPS MCG DSG Ours

High-pass filter

Low-pass filter

Figure 2. Even for linear inverse problems, SOTA diffusion-based methods (DPS, MCG, DSG) can struggle to solve inverse problems when
the forward operator is convolution with a high-pass filter. In contrast, our method is still able to achieve a high quality reconstruction.

Gaussian Blur Motion Blur High-Pass Filter
Method FID# LPIPS# PSNR" SSIM" FID# LPIPS# PSNR" SSIM" FID# LPIPS# PSNR" SSIM"

FFHQ Dataset

Score-SDE/ILVR [8, 37] 58.79 0.266 23.34 0.648 69.10 0.387 18.59 0.457 85.35 0.356 11.86 0.600
MCG [10] 310.33 1.035 11.64 0.143 296.93 0.771 11.54 0.127 151.77 0.581 12.48 0.466
DPS [9] 21.69 0.116 26.01 0.743 27.15 0.153 24.17 0.688 121.57 0.694 6.17 0.222
DSG [42] 44.63 0.294 22.75 0.633 32.74 0.257 25.66 0.687 17.81 0.246 12.12 0.695
FGPS (Ours) 21.89 0.139 25.44 0.727 20.48 0.127 25.48 0.723 10.02 0.124 18.79 0.739

ImageNet Dataset

Score-SDE/ILVR [8, 37] 104.81 0.676 16.27 0.318 100.54 0.665 16.62 0.290 226.51 0.784 10.69 0.345
MCG [10] 320.63 1.005 12.01 0.121 306.43 0.963 11.80 0.076 295.10 1.000 11.62 0.278
DPS [9] 98.02 0.517 17.35 0.364 77.74 0.407 20.90 0.551 111.73 0.569 10.66 0.396
DSG [42] 87.51 0.375 20.75 0.524 107.25 0.453 19.58 0.488 110.85 0.546 8.425 0.382
FGPS (Ours) 56.46 0.294 21.70 0.574 49.25 0.267 22.01 0.601 24.44 0.192 15.96 0.686

Table 1. Quantitative comparison of different methods on FFHQ and ImageNet validation datasets. Bolded entries indicate best perfor-
mance and underlined entries indicate second best performance.

and generate images with fine-grained characteristics of the
underlying image, it tends to also generate artifacts. In con-
trast, due to our frequency curriculum, our method is able
to generate images with high perceptual quality. We give
further qualitative comparisons to baselines in Appendix G.

Role of Dataset. For the ImageNet dataset, we observe that
FGPS significantly outperforms all baselines, especially in
perceptual quality. We conjecture that this is because on
more complex datasets with varying frequency characteris-
tics, the explicit frequency schedule for the measurement is
essential to ensure the reverse process iterates do not devi-
ate far from the intermediate noisy data manifolds learned
by the diffusion models.

Results on Image Dehazing. Table 2 shows our main re-
sults for the nonlinear image dehazing task on the FFHQ
dataset. A key strength of our method is the ability to
handle nonlinear inverse problems, unlike methods such as
[8, 24, 37]. In Figure 3, we observe that our method suc-
cessfully reconstructs finer details such as background de-
tails and facial characteristics similar to what we observed
for linear inverse problems. DSG produces slightly grainy

reconstructions, but performs much better on the dehazing
task than the other tasks. Due to the powerful generative
capacity of diffusion models, our method also performs bet-
ter than problem-specific supervised methods such as AOD-
Net [26], a phenomenon also observed in [35]. We provide
more qualitative examples in Appendix G.

Method FID# LPIPS# PSNR" SSIM"
DoubleDIP [18] 50.51 0.500 13.80 0.483
AOD-Net [26] 33.35 0.325 17.42 0.532
DPS [9] 24.24 0.137 25.88 0.806
DSG [42] 10.55 0.134 26.07 0.795
FGPS (Ours) 9.37 0.066 26.88 0.840

Table 2. Comparison of different haze removal methods. Bolded
entries indicate best performance and underlined entries indicate
second best performance.

Visualizing Measurement Sequence. In Figure 4, we
show the transformed measurements at three timesteps in
the reverse diffusion process when running FGPS. In the
early stages of the reverse process, the measurement retains
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Figure 3. Qualitative results on FFHQ and ImageNet datasets. The dotted red boxes highlight areas of the image where our method results
in higher-quality reconstructions than DPS and DSG. Zoomed in versions can be found in the Appendix.

Figure 4. Visualization of Transformed Measurements yt at dif-
ferent timesteps t, demonstrating our coarse-to-fine strategy.

only a coarse outline of the measurement. This coarse-to-
fine strategy is essential to ensuring xt remains on the data
manifold learned by the diffusion model.

Effect of Frequency Curriculum. A key ingredient of
our method is the frequency curriculum with a time-varying
low pass filter kt. To understand the effect of this curricu-
lum, we compare taking a time-dependent kt vs. a fixed
k that zeroes out frequencies above ⌧1 for all t. In Fig-
ure 5, we see that for the high-pass filter operator, the gen-
erated reconstructions are still visually implausible images
for a fixed k, indicating the frequency curriculum is crucial
to our method. Our method only requires k1 to be a low
frequency cut-off, otherwise the reconstructions look like
Figure 5. This corroborates our theoretical results, which
show that the approximation gap early on in the reverse pro-
cess greatly influences reconstruction quality. Finally, our

method does not qualitatively change with higher cutoffs
for kT . We examine this in detail in Appendix G as well as
conduct further ablation studies.

Ground Truth Measurement Fixed ! Time varying !!  

Figure 5. Qualitative Ablation Study: fixed low-pass filter vs.
time-dependent low pass filter.

7. Conclusion
In this paper, we introduce Frequency Guided Posterior
Sampling (FGPS), a method that progressively incorporates
frequency information in a data-dependent manner. We pro-
vide a theoretical analysis characterizing the approxima-
tion error of FGPS and existing diffusion-based restoration
methods, demonstrating how these errors can become se-
vere when forward operators interact with high-frequency
components of images. Our experiments on challenging im-
age restoration tasks, such as motion deblurring and image
dehazing, demonstrate that FGPS significantly outperforms
existing methods. This work opens up new directions for
analyzing diffusion-based inverse problem solvers by care-
fully considering the frequency characteristics of both the
data and the degradation process.
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