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Abstract

In recent years, it has become popular to tackle image
restoration tasks with a single pretrained diffusion model
(DM) and data-fidelity guidance, instead of training a ded-
icated deep neural network per task. However, such “zero-
shot” restoration schemes currently require many Neural
Function Evaluations (NFEs) for performing well, which
may be attributed to the many NFEs needed in the origi-
nal generative functionality of the DMs. Recently, faster
variants of DMs have been explored for image generation.
These include Consistency Models (CMs), which can gen-
erate samples via a couple of NFEs. However, existing
works that use guided CMs for restoration still require tens
of NFEs or fine-tuning of the model per task that leads to
performance drop if the assumptions during the fine-tuning
are not accurate. In this paper, we propose a zero-shot
restoration scheme that uses CMs and operates well with
as little as 4 NFEs. It is based on a wise combination
of several ingredients: better initialization, back-projection
guidance, and above all a novel noise injection mechanism.
We demonstrate the advantages of our approach for image
super-resolution, deblurring and inpainting. Interestingly,
we show that the usefulness of our noise injection tech-
nique goes beyond CMs: it can also mitigate the perfor-
mance degradation of existing guided DM methods when
reducing their NFE count. The source code is available at
https://github.com/tirer-lab/CM4IR

1. Introduction

Image restoration problems appear in a wide range of appli-
cations, where the goal is to recover a high-quality image
x∗ ∈ Rn from its degraded version y ∈ Rm, which can be
incomplete, noisy, blurry, low-resolution, etc. In many pop-
ular tasks, the relation between y and x∗ can be expressed
using a linear observation model

y = Ax∗ + e (1)

Figure 1. Super-resolution ×4 with bicubic kernel and noise level
of 0.05. From left to right and top to bottom: original, observation,
DPS [6] (1000 NFEs), DiffPIR [40] (20 NFEs), DDRM [15] (20
NFEs) and our CM4IR (4 NFEs).

Figure 2. Deblurring with Gaussian kernel and noise level of
0.025. From left to right and top to bottom: original, observa-
tion, DPS [6] (1000 NFEs), DiffPIR [40] (20 NFEs), DDRM [15]
(20 NFEs) and our CM4IR (4 NFEs).
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where A ∈ Rm×n is a measurement operator with m ≤
n, and e ∼ N (0, σ2

yIm) is an additive white Gaussian
noise. Examples include: denoising, inpainting, deblur-
ring, super-resolution, computed tomography, magnetic res-
onance imaging, and more. Each of these tasks is associated
with a different structure of A. Importantly, image restora-
tion problems are ill-posed: fitting the observation y does
not ensure a successful recovery and thus prior knowledge
on the nature of x∗ needs to be utilized.

Since the breakthroughs in deep learning a decade ago
[16], it has become common to address these problems
by training a different deep neural network (DNN) for
each predefined observation model in a supervised manner
[7, 17]. Specifically, given a collection of high-quality im-
ages {x∗

i }, training pairs {yi,x
∗
i } are generated by map-

ping x∗
i to yi using (1), and a DNN is trained to invert the

map. However, these “task-specific” DNNs suffer from a
huge performance drop when the observations at test-time
mismatch (even slightly) the assumptions made in training
[2, 21, 29, 32], which limits their applicability in many prac-
tical cases.

An increasingly popular alternative to “task specific”
DNNs are “zero-shot” approaches, where a pretrained DNN
imposes only the signal prior while agreement of the re-
construction with the observations (of potentially arbitrary
model) is handled at test-time. Different choices of such
DNNs include plain denoisers [35] as used in [28, 33, 36],
generative adversarial networks [10] as used in [5, 13],
and recently (unconditional) diffusion/score models (DMs)
[12, 24] as used in [3, 6, 9, 15, 23, 25, 34, 40].

Despite their flexibility to the observation model, the
main limitation of zero-shot restoration schemes that are
based on DMs is that they require many Neural Function
Evaluations (NFEs) of highly overparameterized models.
The core reason for this is inherited from the original gen-
erative functionality of the DMs, which itself requires many
NFEs. Indeed, the restoration schemes are based on equip-
ping sampling schemes, consisting of many iterations of
denoising and noise injection, with data-fidelity guidance.
For a given DM, sophisticated guidance techniques can re-
duces the number of NFEs from 1000 NFEs [6] to a cou-
ple of dozens [15, 40], but to our knowledge not less than
this. More details on the connections between types of data-
fidelity guidance, their acceleration aspect, and the relation
of guided DMs to proximal algorithms can be found in [9].

Attempts to reduce the number of NFEs required for im-
age generation is an active research topic. Some works fo-
cus on modifying the sampling schemes (“reversed flows”)
of pretrained DM [14, 22]. A greater acceleration is
achieved using new training strategies for the denoising
models [1, 20, 27]. Among those, a prominent alterna-
tive to DMs are Consistency Models (CMs) [27], which can
generate samples via a couple of NFEs. However, existing

works that use guided CMs for restoration still require tens
of NFEs [27] or fine-tuning of the model per task [39]. Note
that the latter is not a zero-shot strategy and, as such, [39]
is prone to suffer from significant performance drop if the
assumptions during the fine-tuning (e.g., the noise level) are
not accurate.

Contribution. In this paper, we propose a zero-shot
restoration scheme that utilizes CMs and, with as little as
4 NFEs, outperforms alternative zero-shot methods (which
use many more NFEs) on popular tasks such as image
super-resolution, deblurring and inpainting. Our approach
is based on a wise combination of several ingredients: bet-
ter initialization, back-projection guidance, and above all a
novel noise injection mechanism.

Our noise injection mechanism deviates from existing
techniques in two aspects that allow us to reduce the number
of iterations. First, we decouple the noise level of the de-
noising operation from the noise level of the injection, such
that it takes into account noise that originates from the data-
fidelity guidance and gives the denoiser more “freedom” to
modify its input. Second, we split the amount of injected
noise between the stochastic noise and an estimated noise
(anti-correlated to the one in [22]) that boosts the sampling
scheme. We formally motivate this split by: 1) showing that
it preserves properties of marginal distribution of the sam-
ples when omitting the guidance (the aforementioned noise
decoupling takes the guidance into account), and 2) identi-
fying it as a “noisy variant” of Polyak acceleration [18].

Finally, we show that the usefulness of our noise injec-
tion technique goes beyond CMs: it can also mitigate the
performance degradation of existing guided DM methods
[15, 40] when the number of iterations (NFEs) that they use
is drastically reduced.

2. Background and Related Work

2.1. DMs and CMs

Let pdata(x) denote the data distribution. Diffusion/score-
based generative models [12, 14, 24, 26] are based on
reversing a user-designed “forward flow” where pdata is
diffused till it reaches the tractable Gaussian distribution
N (0, σ2

maxI). The forward flow can be expressed by the
stochastic differential equation (SDE)

dxt = h(xt, t)dt+ g(t)dwt, (2)

where t ∈ [0, T ] with constant T > 0, h and g are the
drift and diffusion coefficients, respectively, and {wt} de-
notes the standard Brownian motion. We denote the dis-
tribution of xt by pt(x), so p0 = pdata and we aim for
pT = N (0, σ2

maxI).
As pointed out by [26], based on a result of [4], the for-
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ward SDE is associated with a reversed SDE

dxt =
[
h(xt, t)− g(t)2∇x log pt(xt)

]
dt+ g(t)dw̃t,

(3)

where w̃ is a standard Brownian motion when time flows
backwards from T to 0, and dt is an infinitesimal negative
timestep. Interestingly, [26] showed that the reversed SDE
has an associated ordinary differential equation (ODE),
dubbed Probability Flow (PF), whose solution trajectories
sampled at t are distributed according to pt(x):

dxt =

[
h(xt, t)−

1

2
g(t)2∇x log pt(xt)

]
dt. (4)

One can approximately obtain a sample of pdata from an ini-
tial xT ∼ pT in a “reversed flow”, provided that he has
an accurate estimator of ∇x log pt(·), known as the score
function of pt, and sufficiently good discretization and inte-
gration of the reversed SDE/ODE.

In DMs, a common choice is h(xt, t) = 0, known as
the VE-SDE formulation [14, 26]. In this case, by (2), xt

is a noisy version of an unscaled data sample x0 ∼ p0 with
additive Gaussian noise of some level σt, depending on the
choice of g(t). For xt = x0 + σtϵt with ϵt ∼ N (0, I), we
have that −σ2

t∇x log pt(xt) = xt−E[x0|xt] = σtE[ϵt|xt],
where the first equality is Tweedie’s formula [8] and the sec-
ond equality follows from E[x0|xt] = E[xt − σtϵt|xt] =
xt − σtE[ϵt|xt]. Therefore, conceptually, there is equiva-
lence between learning: 1) the score function [24, 26], 2)
the MMSE denoiser [14], or 3) the MMSE of the noise
[12]. Similar equivalence, up to scaling factors, holds in

the VP-SDE formulation, where h(xt, t) = −1

2
β(t)xt and

g(t) =
√
β(t) [12, 26].

A denoiser fθ(x, σ), where x is the signal and σ is the
noise level, can be parameterized in different ways. For
example, [14] parameterized it as

fθ(x, σ) = cskip(σ)x+ cout(σ)Fθ (cin(σ)x, cnoise(σ)σ) ,
(5)

where Fθ is the DNN and cskip(·), cout(·), cin(·), cnoise(·) are
coefficient functions that are set manually. Their denoiser is
trained for the range of noise level σ that is required for the
reversed flow by minimization of

Eσ,x0∼pdata,x∼N (x0,σ2I) [λ(σ)d (fθ(x, σ),x0)] (6)

where λ(σ) is a weighting function the loss and the distance
metric is d(x, x̃) = ∥x− x̃∥22, aligned with MMSE estima-
tion.

After training, the sampling schemes are based on nu-
merical solvers (discretization and integration) of the re-
versed SDE (3), which boil down to random Gaussian ini-
tialization of xT and iterations of denoising and noise in-
jection with decreasing noise levels. Many works also use

the choice g(t) =
√
2t, which leads to a simple σt = t

[14, 26, 27]. Then, for a sequence of time points T =
τN > τN−1 > . . . > τ2 > τ1 = ϵ (discretization of
[ϵ, T ] with ϵ ≈ 0+ and typically T = 1) and initializa-
tion xτN ∼ N (0, τ2NI), a typical sampling scheme with
n = N,N − 1, ..., 1 reads as

x0|τn = fθ(xτn , τn) (7)
z ∼ N (0, I) (8)
xτn−1

= x0|τn + τn−1z (9)

Attempts to reduce the overall number of NFEs in the
sampling scheme include improving the estimated denoised
signal using two NFEs per iteration [14] (i.e., second-order
integrator) or replacing the noise injection in (9) with the
DDIM procedure [22]:√

1− η2τn−1ẑ+ ητn−1z, (10)

where η ∈ [0, 1] is a hyperparameter that trades between the
stochastic noise z and the estimated noise

ẑ = (xτn − fθ(xτn , τn))/τn. (11)

Note (10) slightly differs from the presentation in [22],
since they use VP-SDE formulation and a noise estimator
model (i.e., zθ(xτn , τn) rather than ẑ and fθ(xτn , τn)).

However, despite these efforts, with a denoiser (or
noise estimator) optimized as in (6), even techniques that
use more sophisticated updates require not less than three
dozens NFEs for high-quality image generation [14].

To achieve a significant decrease in the number of NFEs,
recent works have proposed different training strategies for
the denoising models [1, 20, 27]. Among them, Consistency
Models (CMs) [27] has received much attention.

CMs attempt to train a denoiser fθ in a way that bet-
ter promotes that it outputs the same clean image x0 for
different points along path of the PF ODE (4) from xT

to x0. To this end, the most performant training tech-
nique in [27] is based on distilling a pre-trained DM Φ to
obtain by deterministic numerical integration x̂Φ

tn , an ap-
proximation of the point xtn on the PF path from xT to
x0, given x0. For a predetermined sequence for training
T = tN > tN−1 > . . . > t2 > t1 = ϵ, which may differ
from the one used for sampling, the common training loss
(6) (with σ = t) is replaced with

En∼U [1,N−1],x0∼pdata,xtn+1
∼N (x0,t2n+1I)

(12)[
λ(t)d

(
fθ(xtn+1

, tn+1), fθ−(x̂Φ
tn , tn)

)]
,

where fθ− is a “target” copy of the denoiser whose parame-
ters θ− are exponential moving average of θ with stopgrad.
To avoid degenerate constant output of fθ, a specific param-
eterization (5) is used: cskip(ϵ) = 1 and cout(ϵ) = 0, which
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ensures that fθ(x, ϵ) = x. We refer the reader to [27] for
additional details on the architecture, coefficients functions
and the training procedure of CMs. We note that [27] pro-
poses also an approach for training the denoiser without dis-
tillation, but the aforementioned approach performs better,
so we choose to consider CMs trained in this way.

Remarkably, CMs have been shown to generate quite
good images already with 1 NFE, i.e., simply by xT ∼
N (0, T 2I) and x0|T = fθ(xT , T ). The results are im-
proved when using the iterative sampling (7)-(9) even with
very small N and well chosen {τn}.

2.2. Restoration via Guidance of DMs
Pretrained DMs have been shown to be a powerful signal
prior for image restoration [3, 6, 9, 15, 23, 25, 34, 40]. In or-
der that the sampling scheme will produce an image that is
not only perceptually pleasing but also agrees with the mea-
surements y and the observation model (1), it is required to
equip the iterations with some data-fidelity guidance. This
guidance is typically based on the gradient of a data-fidelity
term ℓ(x;y). In other words, the update (9) (oftentimes
with the DDIM noise injection (10) [9, 15, 34, 40]) is mod-
ified into

xτn−1
= x0|τn − µn∇xℓ(x0|τn ;y) + τn−1z, (13)

where µn is the guidance scaling factor.
Least squares (LS) guidance is a typical choice

ℓLS(x;y) =
1

2
∥Ax− y∥22, (14)

∇xℓLS(x;y) = AT (Ax− y), (15)

which is used, e.g., in [6]. Yet, acceleration (less NFEs) is
obtained with the back-projection (BP) guidance [28, 30]

ℓBP(x;y) =
1

2
∥(AAT )−1/2(Ax− y)∥22, (16)

∇xℓBP(x;y) = A†(Ax− y), (17)

where A† = AT (AAT )−1 is the pseudoinverse of A,
which can be regularized and oftentimes has efficient im-
plementation (generally by conjugate gradients [11], and in
super-resolution and deblurring even by FFT [9]). See [31]
for theoretical analysis of the acceleration property. This
guidance has been used recently in [9, 23, 25, 34], some-
times under different names (e.g., “pseudoinverse guid-
ance”). When the SVD of A can be computed efficiently, a
guidance that resembles BP but can mitigate noise amplifi-
cation per singular component has been used in the DDRM
method [15]. Importantly, existing zero-shot restoration
techniques based on guided DMs still require at least a cou-
ple of dozens NFEs.

CMs pave the way to zero-shot restoration techniques
with less NFEs. However, existing works that use guided

CMs [27, 39] still have limitations. Specifically, the guided
scheme in the original CM paper [27] requires 40 NFEs. In
the very recent CoSIGN paper [39], the authors apply super-
vised fine-tuning to the model per task, which allows them
to restore perceptually pleasing images with a couple of it-
erations via BP-guidance. Yet, each NFE in [39] is more
computationally heavy as a ControlNet [37] is integrated
to the original pretrained CM. Furthermore, and more cru-
cially, this is not a zero-shot strategy and, as such, leads to
performance drop if the assumptions during the fine-tuning
(e.g., the noise level) mismatch the situation at test-time.

3. The Proposed Method
In this paper, we propose a few-step zero-shot restoration
technique that utilizes pretrained CMs. Our approach com-
bines several ingredients: initialization, BP guidance, and
above all a novel noise injection mechanism, each is de-
scribed below.

Initialization. Most of the DM based restoration tech-
niques initialize xτN with pure noise xτN ∼ N (0, T 2I), or
equivalently

xτN = xinit + τNz (18)

with z ∼ N (0, I), xinit = 0 and τN = T . This ignores the
fact that the observations vector y contains information on
the specific x∗ that we wish to restore. Therefore, in gen-
eral, we propose to set xinit = A†y. For example, if A is
bicubic downsampling (in super-resolution task), then A†

is bicubic upsampling. For inpainting, though, A is sub-
sampled rows of the identity matrix and A† = AT just fills
the missing pixels with zeros, so we propose to use a better
choice: median initialization as in [28]. Our initialization
resembles to the common practice in many methods prior to
DMs [28, 33, 36]. The difference from these works, though,
is that we still add noise of level τN to xinit. To avoid mask-
ing xinit at initialization, the noise level τN will be smaller
than T .

Guidance. Following the acceleration property of back-
projections [28, 30, 31], we choose to use the BP guidance
(17). Note that at high noise levels in y this may require
using decaying step sizes {µn}.

Noise injection. We propose a novel noise injection
mechanism that deviates from existing techniques in two
aspects.

First, we claim that in restoration tasks, the noise level of
the denoising operation and the noise level of the injection
do not need to be the same. This is due to: 1) If y contains
noise, σy > 0, then the guidance ∇xℓ(x0|τn ;y) adds to
the sample xτn−1

a noise component that originates from
y; and 2) Regardless of σy , at early iterations the estimated
signal can differ significantly from the underlying signal x∗,
and thus by increasing the denoiser’s noise level above the
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value used for the injection noise, we give the denoiser more
“freedom” in modifying its input, which in return allows
us to reduce the number of iterations. Therefore, for noise
injection of level τn we propose to apply the CM fθ with
noise level (1 + δ)τn, where δ ≥ 0 is a hyperparameter.

Second, to further accelerate the restoration with CMs,
ideally we would like to push the sample xτn towards x0,
i.e., in the direction x0 − xτn , beyond what we get from
one denoising operation of CM. However, we do not have
x0 but rather the denoiser’s output x0|τn . This motivates us
to define:

ẑ− := (x0|τn − xτn)/τn. (19)

For xt = x0 + tz with z ∼ N (0, I), we have that
E[z|xt] = E[(xt−x0)/t|xt] = (xt−E[x0|xt])/t. Consid-
ering x0|t as a replacement of E[x0|xt], we can understand
ẑ− as the negative estimate of the noise. Note that the sign
does not affect the similarity of ẑ− to Gaussian noise. Thus,
we propose to split the noise injection between the stochas-
tic noise z ∼ N (0, I) and the estimated ẑ−. The proposed
noise injection for generating xτn−1 reads as√

1− η2τn−1ẑ
− + ητn−1z (20)

where η ∈ [0, 1] is a hyperparameter that trades between the
two types of noise.

The full algorithm. The proposed technique, CM for
Image Restoration (CM4IR), is summarized in Algorithm 1.
In Section 4 we will show its performance with a choice of
N = 4 values of {τn}, i.e., with 4 NFEs.

Relation of (20) to DDIM. As shown in (10), recall that
the DDIM scheme [22] accelerates a baseline scheme [12]
by noise injection similar to (20) but with ẑ = −ẑ− in-
stead of ẑ− (i.e., anti-correlation). In [22], ẑ is motivated as
being a “direction pointing to the current xτn”. We claim
that for few-step restoration, attracting the update back to
the current xτn , by using ẑ instead of ẑ− is not beneficial.
This will be demonstrated empirically in Section 4.1. All
the more so, in Section 4.3 we will show that this simple
modification mitigates the performance drop of guided DM
methods [15, 40], which are based on DDIM scheme, when
drastically reducing the number of the NFEs.

Furthermore, in [22], a major motivation for the proce-
dure (10) (with η < 1) is that under their assumption on the
distribution qη(xτ1:τN |x0), for any n > 1 the distribution1

qη(xτn−1
|xτn ,x0)

= N
(
x0 +

√
1− η2τn−1

xτn − x0

τn
, η2τ2n−1I

)
(21)

from which their reversed flow is derived (by replacing x0

with its current estimate) possesses the “desired” marginal
1We modified the notations of [22] from VP-SDE to VE-SDE.

Algorithm 1 CM for Image Restoration (CM4IR)

Require: fθ(·, t) (CM denoiser), N , {τn}, {µn}, δ, η, A,
y.

1: Initialize xτN ∼ N (A†y, τ2NIn)
2: for n from N to 1 do
3: x0|τn = fθ(xτn , (1 + δ)τn)

4: gBP = A†(Ax0|t − y)

5: ẑ− = (x0|τn − xτn)/τn
6: z ∼ N (0, In)

7: xτn−1
= x0|τn − µngBP +

√
1− η2τn−1ẑ

− +
ητn−1z

8: end for
9: return x0|τ1

qη(xτn−1
|x0) = N (x0, τ

2
n−1I), which matches pretrained

DMs (no dependency on η). This property is preserved in
our case, as stated below and proved in the supplementary
material.

Proposition 3.1. Under the assumption of [22] on
qη(xτ1:τN |x0), we have qη(xτn−1 |x0) = N (x0, τ

2
n−1I)

also if we replace (xτn − x0)/τn with (x0 − xτn)/τn in
(21).

Relation to Polyak acceleration.
In his seminal work [18], Polyak suggested to acceler-

ate the gradient descent optimization of an objective, e.g.,
ℓ(x), by the iterates (with a decreasing sequence of indices
τN , τN−1, ..., τ1):

xτn−1
= xτn − µ∇ℓ(xτn) + β(xτn − xτn+1

) (22)

where µ and β are step-size and momentum hyperparam-
eters, respectively. With suitable choice of hyperparame-
ters, faster convergence than plain gradient descent can be
proved for quadratic objective functions [18, 19]. Empiri-
cally, the approach can be beneficial in other settings.

When using a prior, e.g., a denoiser fθ(·, t), a pro-
jected/proximal version of (22) reads as:

x0|τn = fθ(xτn , τn) (23)
xτn−1 = x0|τn − µ∇ℓ(x0|τn) + β(x0|τn − x0|τn+1

) (24)

Comparing (24) with Algorithm 1 (line 7), we see that
apart from the stochastic noise z, the main difference is that
our ẑ− ∝ x0|τn − xτn while the direction of Polyak accel-
eration is v := x0|τn − x0|τn+1

. Notice that xτn can be
understood as a noisy version of x0|τn+1

— and thus ẑ− is a
noisy version of v. We claim that such a noise component is
essential for our restoration scheme. Indeed, with properly
scaled noise, the input to the denoiser in the next iteration
better matches the data that the denoiser has been trained
on. This will be demonstrated empirically in Section 4.1 by
replacing ẑ− with βv in Algorithm 1 (line 7) and tuning β
in addition to other hyperparameters.
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Table 1. Ablation study on super-resolution with 4 NFEs. PSNR [dB] (↑) and LPIPS (↓) results on LSUN Bedroom validation set.

Task Method Alg.1 with δ=0 and η=1 Alg.1 with δ=0 and ẑ i/o ẑ− Alg.1 with δ=0 and βv (Polyak) i/o ẑ− Alg.1 with δ=0 CM4IR

SRx4 σy=0.025 24.49 / 0.349 24.64 / 0.348 23.37 / 0.367 25.94 / 0.298 26.14 / 0.295
SRx4 σy=0.05 23.37 / 0.361 20.95 / 0.606 22.30 / 0.434 25.51 / 0.320 25.60 / 0.320

Table 2. Super-resolution, deblurring and inpainting. PSNR [dB] (↑) and LPIPS (↓) results on LSUN Bedroom validation set.

Task Method CM (40 NFEs) CoSIGN (task spec.) DDRM (20 NFEs) DiffPIR (20 NFEs) CM4IR (Ours, 4 NFEs)

SRx4 σy=0.025 24.66 / 0.344 26.10 / 0.205 25.67 / 0.316 25.09 / 0.374 26.14 / 0.295

SRx4 σy=0.05 23.62 / 0.449 20.35 / 0.569 25.08 / 0.354 23.83 / 0.457 25.60 / 0.320
Gauss. Deblurring σy=0.025 26.07 / 0.339 19.74 / 0.342 28.94 / 0.221 27.48 / 0.319 29.00 / 0.213
Gauss. Deblurring σy=0.05 24.18 / 0.453 19.08 / 0.543 27.35 / 0.280 26.14 / 0.363 27.42 / 0.258

Inpaint. (80%) σy=0 22.39 / 0.366 23.16 / 0.397 19.40 / 0.545 22.78 / 0.464 25.43 / 0.284
Inpaint. (80%) σy=0.025 22.17 / 0.417 23.22 / 0.368 19.16 / 0.548 22.65 / 0.477 25.34 / 0.295
Inpaint. (80%) σy=0.05 21.56 / 0.476 23.22 / 0.442 19.09 / 0.560 22.38 / 0.496 25.28 / 0.328

Table 3. Super-resolution, deblurring and inpainting. PSNR [dB] (↑) and LPIPS (↓) results on LSUN Cat validation set.

Task Method CM (40 NFEs) CoSIGN (task spec.) DDRM (20 NFEs) DiffPIR (20 NFEs) CM4IR (Ours, 4 NFEs)

SRx4 σy=0.025 25.63 / 0.366 N/A 26.93 / 0.329 26.70 / 0.349 27.18 / 0.328
SRx4 σy=0.05 24.03 / 0.459 N/A 26.05 / 0.371 25.45 / 0.399 26.53 / 0.349

Gauss. Deblurring σy=0.025 26.69 / 0.346 N/A 29.84 / 0.258 27.93 / 0.330 29.76 / 0.247
Gauss. Deblurring σy=0.05 24.54 / 0.453 N/A 28.33 / 0.316 26.64 / 0.370 28.06 / 0.299
Inpaint. (80%) σy=0.025 21.89 / 0.478 N/A 18.51 / 0.648 22.78 / 0.498 25.89 / 0.364
Inpaint. (80%) σy=0.05 21.07 / 0.523 N/A 18.48 / 0.649 22.49 / 0.514 25.34 / 0.423

4. Experiments

In this section, we examine the performance of CM4IR. We
apply it with N = 4, so per task there are 4 time points
values {τn}Nn=1 (noise levels) that can be tuned. Note that
other works that use CMs (for either generation or restora-
tion) [27, 39] require careful tuning of the time points. Yet,
to reduce the tuning effort, here we use only two hyperpa-
rameters for this goal: γ > 0 and small αN > 0, and set
αn−1 = αn(1 + γ) and τn =

√
1− αn. As for the other

hyperparameters, we generally use µn = 1, η = 0.1.

Datasets. We consider the datasets LSUN bedroom and
LSUN cat (256×256), for which there exits both well pre-
trained CMs [27] and DMs (specifically DDPMs) [12]. For
the test images, we consider 300 validation images for each
dataset (as done in [39]). In the supplementary material we
also report results for ImageNet 64×64.

Tasks. We consider image super-resolution (SR), de-
blurring and inpainting tasks, which have been examined
also in previous works, and for each of them we consider
noise levels of 0.025 and 0.05. Specifically, we consider
SR with bicubic downsampling of factor 4, and deblurring
with Gaussian kernel as used, e.g., in [9, 15]. For the in-
painting task, we consider the case of random 80% miss-
ing pixels and use median init for all the examined meth-
ods (we verified that this is beneficial for all of them). In

the supplementary material we also present results for re-
moval of superimposed text. For each competing method
we use hyperparameter settings as suggested by its authors.
The hyperparameter settings for our CM4IR are stated in
the supplementary material. We evaluate the performance
of methods by the PSNR and (VGG-)LPIPS [38] metrics.

4.1. Ablation study
We start by conducting an ablation study of CM4IR on
the super-resolution tasks, where we disable parts of Algo-
rithm 1. Specifically, we examine what happens if: 1) we
do not utilize our noise injection strategy (δ = 0, η = 1);
2) we use ẑ := −ẑ− (like DDIM [22]) instead of ẑ−; and
3) we use βv (i.e., plain Polyak acceleration with tunable
β) instead of ẑ−. Importantly: in each case we tune the hy-
perparameters, and in particular the time points (via γ and
αN ), separately for best performance.

The PSNR and LPIPS results are presented in Table 1.
We see the benefit from having the different ingredients in
CM4IR. In particular, using ẑ instead of ẑ− does not im-
prove much upon the η = 1 case. Using βv instead of ẑ−

even deteriorates the results compared to the η = 1 case.
The advantage of using ẑ− over ẑ implies that when having
only 4 NFEs, one should not promote closeness of xτn−1 to
xτn . Combining it with δ > 0 improves the PSNR (higher
gains have been observed for inpainting, as shown in the
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Figure 3. SRx4 with noise level 0.05. From left to right: original, upsampled observation, DiffPIR (20 NFEs), DDRM (20 NFEs), CM (40
NFEs), CoSIGN (task specific) and our CM4IR (4 NFEs).

Figure 4. Inpainting (80% missing pixels) with noise level 0.05. From left to right: original, observation, DiffPIR (20 NFEs), CM (40
NFEs), CoSIGN (task specific) and our CM4IR (4 NFEs).

Figure 5. Inpainting (80% missing pixels) with noise level 0.05. From left to right: original, observation, DiffPIR (20 NFEs), DDRM (20
NFEs), CM (40 NFEs) and our CM4IR (4 NFEs).

supplementary material).

4.2. Comparison with other methods
We turn to compare CM4IR with other methods. We con-
sider the guided CM scheme proposed in [27], which is
based on a predetermined sequence {τn} of size N = 40
(i.e., 40 NFEs), and thus we name it CM(40). The guid-
ance in this scheme resembles BP. The major difference of
our CM4IR from CM(40) is the noise injection, which al-
lows obtaining good results with a sequence {τn} only of
size N = 4. We also present the results of CoSIGN [39],
which is based on supervised fine-tuning to the model per
task. For fair comparison, all the methods are applied with
the same CMs.

We do not report results for CoSIGN on LSUN cat test
set, because its additional ControlNet module is trained
only on LSUN bedroom test set per task, and, unsurpris-
ingly, it completely fails (less than 10dB PSNR) on LSUN
cat even on the tasks considered in [39]. Another impor-
tant remark on CoSIGN is that while the tasks in [39] are
stated to include noise level σy = 0.05, when inspecting
their code we saw that they double the range of the clean

signal (to [−1, 1]) but did not double the noise level as done
in the literature [9, 15, 40]. Therefore, this task-specific
method is actually trained for σy = 0.025.

We compare our CM4IR also with zero-shot guided DM
approaches: DDRM [15] and DiffPIR [40], which require
20 NFEs. We apply these methods with the same DMs
downloaded from https://huggingface.co/google.

The results for the LSUN bedrom test set and the LSUN
cat test set are presented in Table 2 and Table 3, respectively.
We present qualitative results in Figures 1 - 5. More results
appear in the supplementary material.

Examining the results, we start with comparing our
CM4IR with CM(40) and CoSIGN. Clearly, CM4IR out-
performs CM(40) in all the settings. Regarding CoSIGN,
note that since CoSIGN was specifically trained for the task
of SRx4 with bicubic kernel and σy = 0.025, we cannot ex-
pect to outperform it in this setting (though, CM4IR yields
similar PSNR). Yet, the limitations of such a task-specific
approach are clearly observed in the other settings: SR with
a different noise level, deblurring and inpainting, where the
observation models are not identical to those assumed in
[39]. The lack of flexibility of task-specific approaches is
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Figure 6. Super-resolution with noise level 0.025. From left to right: original, observation, DDRM(20 NFEs), DDRM(4 NFEs, auto-
calculated), DDRM(4 NFEs, optimized) and DDRM(4 NFEs with our ẑ− instead of ẑ).

Table 4. Reducing NFEs for DM-based methods. PSNR [dB] (↑) and LPIPS (↓) results on LSUN Bedroom validation set.

MethodNFEs, {τn} 20 NFEs 4 NFEs, auto-calculated 4 NFEs, optimized 4 NFEs with our ẑ− instead of ẑ

SRx4, σy = 0.025 DDRM 25.67 / 0.316 24.16 / 0.395 25.40 / 0.325 25.89 / 0.327

SRx4, σy = 0.025 DiffPIR 25.09 / 0.374 24.52 / 0.450 24.68 / 0.425 25.51 / 0.371

SRx4, σy = 0.05 DDRM 25.08 / 0.354 24.12 / 0.396 24.85 / 0.361 25.22 / 0.364

SRx4, σy = 0.05 DiffPIR 23.83 / 0.457 23.32 / 0.519 23.42 / 0.506 24.89 / 0.404

a serious limitation, as in practice, some properties of the
degradation model may be unknown apriori or vary at test-
time.

Importantly, we see the advantages of our CM4IR over
the DM-based zero-shot methods, despite the fact that it re-
quires significantly fewer NFEs. Specifically, CM4IR out-
performs DiffPIR in all tasks, and outperforms DDRM in
SR and inpainting while being competitive in deblurring.

Finally, let us state the wall-clock run-time of the zero-
shot methods. Using the same hardware – Nvidia RTX 6000
Ada Generation 48GB – the average run-time for SRx4 of
a single LSUN bedroom image is: 0.159 sec with the pro-
posed CM4IR (4 NFEs), 1.539 sec with CM (40 NFEs),
0.446 sec with DDRM (20 NFEs), 0.659 sec with DiffPIR
(20 NFEs). Note that: 1) we did not optimize the imple-
mentation of our method; (2) DDRM is restricted to tasks
where the SVD of A can be computed and stored efficiently
while CM4IR does not require SVD and is applicable in
more cases. In the supplementary material, we also report
performance advantages (better PSNR and LPIPS) of our
CM4IR over DPS (1000 NFEs) [6], whose per-image run-
time on our hardware is 75.461 sec.

4.3. Improving few-step guidance of DMs

A key component in our CM4IR is switching the sign of
the estimated noise compared to the DDIM method. This
hints that applying this modification in guided DM meth-
ods that are based on DDIM scheme, such as DDRM [15]
and DiffPIR [40], can mitigate their performance drop when
drastically reducing the number of the NFEs.

In this section, we explore the performance of DDRM
and DiffPIR with 4 NFEs. We examine three options: 1) we
let their official code set the time points (linear spacing in
DDRM and quadratic spacing in DiffPIR); 2) we optimize

the time points using the procedure described above (via γ
and αN ); and 3) we flip the sign of their injected estimated
noise, i.e., use our ẑ− instead of the DDIM’s original ẑ in
their implementation and optimize the time points (via γ
and αN ). We state the optimized values in the supp. mat.

The quantitative results for the SR tasks are presented
in Table 4 and qualitative results are presented in Figure 6.
Noticeable performance drop is observed when reducing the
NFE count from 20 to 4 without modification of the noise
injection (optimizing the four time points only slightly im-
proves the results). However, utilizing our modified noise
injection the performance is boosted, and quite remarkably,
the PSNR becomes better than in the original implementa-
tion that uses 20 NFEs. Still, the results are inferior to those
of our CM4IR, which further highlights the advantages of
using CMs, rather than DMs, for few-step zero-shot restora-
tion.

5. Conclusion
In this paper, we proposed a few-step zero-shot restora-
tion scheme, CM4IR, that utilizes the capabilities of Con-
sistency Models (CMs). We devised our method by com-
bining several ingredients: initialization, back-projection
guidance, and above all a novel noise injection mecha-
nism. Considering image super-resolution, deblurring and
inpainting tasks, we showed that applying our approach
with as little as 4 NFEs has already advantages over alter-
native methods, including zero-shot methods that use many
more NFEs of Diffusion Models (DMs).

Interestingly, we also showed that the usefulness of our
noise injection technique is not limited to CMs. Specifi-
cally, we applied it to improve the performance of existing
guided DM methods when drastically reducing NFE num-
ber. Yet, these variants did not outperform our CM4IR.
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