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Abstract

Diffusion model-based image restoration (IR) aims to use
diffusion models to recover high-quality (HQ) images from
degraded images, achieving promising performance. Due
to the inherent property of diffusion models, most existing
methods need long serial sampling chains to restore HQ
images step-by-step, resulting in expensive sampling time
and high computation costs. Moreover, such long sampling
chains hinder understanding the relationship between inputs
and restoration results since it is hard to compute the gra-
dients in the whole chains. In this work, we aim to rethink
the diffusion model-based IR models through a different per-
spective, i.e., a deep equilibrium (DEQ) fixed point system,
called DeqIR. Specifically, we derive an analytical solution
by modeling the entire sampling chain in these IR models as
a joint multivariate fixed point system. Based on the analyti-
cal solution, we can conduct parallel sampling and restore
HQ images without training. Furthermore, we compute fast
gradients via DEQ inversion and found that initialization
optimization can boost image quality and control the gen-
eration direction. Extensive experiments on benchmarks
demonstrate the effectiveness of our method on typical IR
tasks and real-world settings.

1. Introduction

Image restoration (IR) aims at recovering a high-quality
(HQ) image from a degraded input. Recently, diffusion
models [37, 61] are attracting great attention because they
can generate higher quality images than GANs [23] and
likelihood-based models [44]. Based on diffusion models
[37, 61], many IR methods [20, 41, 68] achieve compelling
performance on different tasks. Directly using diffusion
models in IR, however, suffers from some limitations.

First, diffusion model-based image restoration (DMIR)
models rely on a long sampling chain to synthesize HQ im-
ages step-by-step, as shown in Figure 2 (a). As a result,
it will lead to expensive sampling time during the infer-
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Figure 1. Comparisons of different zero-shot DMIR methods in
various IR applications on different datasets.

ence. For example, DPS [20] based on DDPM [37] needs
1k sampling steps. To accelerate the sampling, some DMIR
methods [41, 68, 87] use DDIM [61] to make a trade-off be-
tween computational cost and the restoration quality. Based
on this, these methods can reduce sampling steps to 100
or even fewer. Unfortunately, it may degrade the sample
quality when reducing the sampling steps [52]. It raises an
interesting question: is it possible to develop an alternative
sampling method without sacrificing the sample quality?

Second, the long sampling chain makes understanding the
relationship between the restoration and inputs difficult. In
practice, sampling different Gaussian noises as inputs may
have diverse results for some IR tasks (e.g., inpainting and
colorization). Such diversity is not necessary for some IR
tasks, e.g., super-resolution (SR) or deblurring. Nevertheless,
different initializations may affect the quality of SR and
deblurring. It raises the second question: is it possible to
optimize the initialization such that the generation can be
improved or controlled? However, it is difficult for existing
methods to compute the gradient along the long sampling
chain as they require storing the entire computational graph.

In this paper, we rethink the sampling process in IR from a
deep equilibrium (DEQ) based on [57]. Specifically, we first
derive a proposition to model the sampling chain as a fixed
point system, achieving parallel sampling. Then, we use a
DEQ solver to find the fixed point of the sampling chain.
Last, we use modern automatic differentiation packages to
compute the gradients with backpropagating and understand
the relationship between input noise and restoration.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 2. Comparisons of sequential sampling and our parallel sampling.

We summarize our contributions as follows:
• We prove that the long sampling chain in DMIR can be

formulated in a parallel way. Then we analytically for-
mulate the generative process as a deep equilibrium fixed
point system. Moreover, the generation has a convergence
guarantee with few timesteps and iterations.

• Compared with most existing DMIR methods with se-
quential sampling, our method is able to achieve parallel
sampling, as shown in Figure 2 (b). Moreover, our method
can be run on multiple GPUs instead of a single GPU.

• Our model has more efficient gradients using DEQ inver-
sion than existing DMIR methods which need a large com-
putational graph for storing intermediate variables. The
gradients can be computed through standard automatic
differentiation packages. Moreover, we found that the ini-
tialization can be optimized with the gradients to improve
the image quality and control the generation direction.

• Extensive experiments on benchmarks demonstrate the
effectiveness of our zero-shot method on different IR tasks,
as shown in Figure 1. Moreover, our method performs well
in real-world applications that may contain unknown and
non-linear degradations.

2. Related Work
Deep implicit learning (DIL). DIL attracts more and
more attention and has emerging applications. Different
from explicit learning, DIL is based on dynamical systems,
e.g., optimization [1, 24, 27, 32, 62], differential equation
[17, 28, 34], or fixed-point system [3, 4, 35]. For the fixed-
point system, DEQ [3] is a new type of implicit model and it
models sequential data by directly finding the fixed point and
optimizing this equilibrium. Recently, DEQ has been widely
used in different tasks, e.g., semantic segmentation [4], ob-
ject detection [64, 65], robustness [46, 69, 75], optical flow
estimation [5], and generative models like normalizing flow
[51]. Notably, DEQ-DDIM [57] apply DEQs to diffusion
models [37] by formulating this process as an equilibrium
system. However, applying DEQs in diffusion model-based
IR methods is non-trivial because the generative process is
complex, and formulating such a process is very challenging.

Diffusion model-based image restoration. Previous image
restoration (IR) methods [25, 26] use convolutional neural
networks (CNN) to achieve impressive performance on IR.
Up to now, many researchers propose to design the network
architecture using residual blocks [14, 42, 82], GANs [7–
9, 36, 54, 56, 66, 67, 83], attention [10–13, 15, 16, 21, 47–
49, 71, 74, 76–78, 80, 85], and others [29, 30, 38, 43, 73, 81]
to improve the IR performance.

Recently, denoising diffusion probabilistic models
(DDPM) [37] developed a powerful class of generative mod-
els that can synthesize high-quality images [23] from noise
step-by-step. Based on the diffusion models, existing IR
methods [20, 41, 68] can be divided into supervised meth-
ods and zero-shot methods. The supervised methods aim
to train a conditional diffusion model in the image space
[59, 60, 70, 79] or the latent space [50, 58, 63, 72]. How-
ever, these methods need training diffusion models for the
specific degradations and have limited generalization perfor-
mance to other degradations in different IR tasks.

For zero-shot IR methods, they use a pre-trained diffu-
sion model (e.g., DDPM [37] and DDIM [61]) to restore
images without training [20, 41, 68]. For example, based
on a given reference image, ILVR [19] guides the genera-
tive process in DDPM and generates high-quality images.
Based on DDPM, DPS [20] solves the inverse problems via
approximation of the posterior sampling using 1000 steps of
the manifold-constrained gradient. Similar to DPS, DiffPIR
[87] integrates the traditional plug-and-play method into the
diffusion models. Repaint [53] also employs a pre-trained
DDPM as the generative prior for the image inpainting task.
To accelerate the sampling, there are some IR methods us-
ing DDIM. For example, DDRM [41] applies a pre-trained
denoising diffusion generative model to solve a linear in-
verse problem with 20 sampling steps. This method uses
SVD on the degradation operator, which is similar to SNIPS
[40]. Based on SVD, DDNM [68] applies range-null space
decomposition in linear image inverse problem and refines
the null-space iteratively. Here, DDNM uses DDIM as the
base sampling strategy with 100 sampling steps. However,
all of these methods use the serial sampling chain, resulting
in a long sampling time and expensive computational cost.
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3. Preliminaries
Image restoration. Image restoration aims at synthesiz-
ing high-quality image x̂ from a degraded observation y =
A (x) + nσ, where A is some degradation (e.g., bicubic),
x is the original image, and nσ is a non-linear noise
(e.g., white Gaussian noise) with the level σ. The solution
can be obtained by optimizing the following problem:

x̂ = argminx 1/2σ2 ∥A(x)− y∥22 + λR(x), (1)

whereR(x) is a reguralization term with a trade-off param-
eter λ, e.g., sparsity and Tikhonov regularization.
Diffusion models. DDPM [37] is a generative model that
can synthesize high-quality images with a forward process
(i.e., diffusion process) and a reverse process. The forward
process gradually introduces noise from Gaussian distribu-
tion N (·) with specific noise levels to the data, i.e.,

q(xt|x0) = N
(
xt;
√
ᾱtx0, (1− ᾱt)I

)
, (2)

where ᾱt := Πt
s=1αs, αt := 1−βt and βt is a variance. For

the reverse process, the previous state xt−1 can be predicted
with µ̃t and σ̃t, which is formulated as:

q(xt−1|xt,x0) = N
(
xt−1; µ̃t(xt,x0), σ̃

2
t I

)
, (3)

where µ̃t(xt,x0) :=
√
ᾱt−1βt

1−ᾱt
x0 +

√
αt(1−ᾱt−1)

1−ᾱt
xt =

1√
αt
(xt − 1−αt√

1−ᾱt
ϵ) and σ̃2

t := 1−ᾱt−1

1−ᾱt
βt. Here, the noise

ϵ ∼ N (0, I) can be estimated by ϵθ(xt, t) in each time-step.
To apply µ̃t to the image inverse problem, one can replace
x0 with x̂0|t conditioned on the degraded image y, i.e.,

xt−1 =

√
ᾱt−1βt

1− ᾱt
x̂0|t +

√
ᾱt(1− ᾱt−1)

1− ᾱt
xt + σ̃tϵ, (4)

where x̂0|t can be estimated by using a degradation A to map
the denoised image x0|t =

1√
ᾱt
(xt −

√
1− ᾱtϵθ(xt, t)) in

the degradation space [68], i.e.,

x̂0|t = A†y + (I −A†A)x0|t, (5)

where A† is the pseudo-inverse of A.
Deep equilibrium models. Deep equilibrium models
(DEQs) [3] are infinite depth feed-forward networks that
can find fixed points in the forward pass. Given an input
injection x, an hidden state νk+1 can be predicted by using
an equilibrium layer fθ parametrized by θ, i.e.,

νk+1 = fθ
(
νk;x

)
, k = 0, . . . , L−1. (6)

When increasing the depth towards infinity, the model tends
to converge to a fixed point (equilibrium) ν∗, i.e.,

lim
k→∞

fθ
(
νk;x

)
= fθ (ν

∗;x) = ν∗. (7)

To solve the equilibrium state ν∗, one can use some fixed
point solvers, like Broyden’s method [6], or Anderson ac-
celeration [2], and it can be accelerated by the neural solver
[17] in the inference.

4. Methodology
4.1. Deep Equilibrium Diffusion Restoration

Most existing zero-shot IR methods [20, 41, 68] restore
high-quality images step-by-step with long serial sampling
chains. Such an inherent property comes from the diffusion
models, and it will lead to expensive sampling time and
high computation costs. This issue may be intractable if
we need a gradient by backpropagating through the long
sampling chains which often result in out-of-memory in
the experiments. To address this issue, we present a main
modeling contribution in this paper.
Fixed point modeling. Motivated by [57], our goal is to
formulate diffusion model-based IR as a deep equilibrium
fixed point system. Specifically, given a degraded image y
and Gaussian noise xT , the sampling chain x0:T−1 can be
treated as multivariable of the DEQ fixed point system, we
first formulate x0:T−1 as follows:

x0:T−1 = F (x0:T−1; (xT ,y)), (8)

where xT ∼ N (0, I) and y are the input injections, and
F (·) is a function that performs sequential data across all
the sample steps simultaneously. To formulate the function
F in Eqn. (8), we first provide the following proposition for
the parallel sampling.

Proposition 1 (Parallel sampling) Given a degradation
matrix A, a degraded image y and a Gaussian noise image
xT ∼ N (0, I), for k ∈ [1, . . . , T ], the state xT−k can be
predicted by previous states {xT−k+1, . . . ,xT }, i.e.,

xT−k =

√
ᾱT−k√
ᾱT

(
I −A†A

)
xT +A†AzT−k+1

+

T−1∑
s=T−k

√
ᾱT−k√
ᾱs

(
I −A†A

)
zs+1,

(9)

where zs = c0sϵθ(xs, s) +
√
ᾱs−1A

†y + c1sϵs, the coeffi-
cients are defined as c0s := c2s −

√
(1− ᾱs)/αs(I −A†A),

c1s :=
√
1− ᾱsη and c2s :=

√
1− ᾱs

√
1− η2, 0 ≤ η < 1.

Proof Please refer to the proofs in Supplementary. □

From the proposition, xT−k is related to subsequent states
xT−k+1:T and the degraded image y. It means that our
method is different from most existing diffusion model-
based IR methods which update xt based only on xt+1.
Based on our proposition, the timestep T can be small using
DDIM [61]. In addition, the proposition can be extended
to start from the intermediate state. Motivated by [79], we
can predict the intermediate state using a restoration model
(e.g., [18, 48, 84, 86]) to provide prior information from the
restoration model during the sampling processing when the
degradation matrix A is unknown or inaccurate.
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Algorithm 1 Implementation of RootSolve(·)
Require: A degraded image y, a pre-trained diffusion model,
timesteps T , iterations K, an integer parameter m ≥ 1

1: Initialize xT ∼ N (0, I),x
(0)
i = xT , i = 0, . . . , T−1

2: Calculate x
(1)
0:T−1 = F

(
x
(0)
0:T−1; (xT ,y)

)
3: for k from 1 to K do
4: mk = min{m, k}
5: Gk = [gk−mk

, . . . , gk]
6: Solve least-squares problem for α=[α0, . . . , αmk

]
7: αk = argminα ∥Gkα∥2, s.t.,α⊤1 = 1
8: Update the sequence
9: x

(k+1)
0:T−1 =

∑mk

i=0(αk)iF
(
x
(k−mk+i)
0:T−1 ; (xT ,y)

)
10: end for
11: return x∗

0 := xK+1
0

Based on our proposed proposition, we can formulate the
right side of Eqn. (9) as xT−k = f(xT−k+1:T ;y). Then,
we can write all sampling steps as a “fully-lower-triangular”
inference process, i.e.,

xT−1

xT−2

...
x0

 =


f(xT ;y)

f(xT−1:T ;y)
...

f(x1:T ;y)

 , (10)

where the function f can be implemented in all sequential
states in parallel, corresponding to Eqn. (8), i.e., x0:T−1 =
F (x0:T−1; (xT ,y)). To find the solution to the fixed
point of Eqn. (10), we apply commonly used fixed point
solvers like Anderson acceleration [2] which can acceler-
ate the convergence of the fixed-point sequence. To this
end, we first define the residual g(x0:T−1; (xT ,y)) =
F (x0:T−1; (xT ,y)) − x0:T−1. Then, we can directly in-
put the residual to the Anderson acceleration solver and
obtain the final converged fixed point, i.e.,

x∗
0:T−1 = RootSolve (g(x0:T−1; (xT ,y))) , (11)

where x∗
0 is our desired result at the end of sampling, and

RootSolve(·) is a fixed point solver using Anderson accel-
eration, which is implemented in Algorithm 1. For con-
venience, we define gk := g(x

(k)
0:T−1; (xT ,y)). Note that

RootSolve(·) can be implemented in the PyTorch package,
and we use the same hyper-parameters as [57]. Moreover,
Algorithm 1 is guaranteed to converge to a fixed point, which
is verified in the experiment sections. Note that we do not
train all functions and diffusion models.

Compared with most existing diffusion model-based IR
methods [20, 68], our method operating all states in parallel
results in more accurate estimations of the intermediate latent
states xt, requiring fewer sampling steps. It implies that we
are able to obtain the better final sample x∗

0 based on these
accurately estimated intermediate latent states xt.

Algorithm 2 Initialization Optimization via DEQ inversion
Require: A degraded image y, a pre-trained diffusion model,
update rate λ, total steps S.

1: Initialize xT ∼ N (0, I),xi = xT , i = 0, . . . , T−1
2: for steps from 1 to S do
3: Disable gradient computation, and compute x∗

0:T−1

according to Algorithm 1
4: x∗

0:T−1 = RootSolve (g(x0:T−1; (xT ,y)))

5: Enable gradient computation, and compute loss and
use the 1-step grad ∂L/∂xT

6: Update xT with a gradient descent:
7: xT ← xT + λ∂L/∂xT

8: end for
9: return xT

4.2. Initialization Optimization via DEQ Inversion

Different initializations have diverse generations in some
IR tasks, e.g., colorization and inpainting. However, such
diversity of generation is hard to control, and it is harmful
to SR or deblurring which requires guaranteeing the identity.
To address this, we provide an interesting perspective to
explore the initialization of our diffusion model.

To achieve this, we first define a general loss function
that can provide additional information. Specifically, given
a degraded image y and the output of RootSolve, i.e., x∗

0,
then the loss can be defined as

L = ℓ (ϕ(x∗
0), φ(y)) , (12)

where ℓ can be L2 loss or perceptual loss. For example, ϕ
can be A and φ is an identity function; or ϕ is an identity
function and φ is a pre-trained IR model [18, 48]. Based on
the loss, we apply the implicit function theorem to compute
the gradients of the loss L w.r.t. xT , i.e.,

∂L
∂xT

=− ∂L
∂x∗

0:T

(
J−1
g

∣∣
x∗

0:T

) ∂F (x∗
0:T−1; (xT ,y))

∂xT
, (13)

where J−1
g

∣∣
x∗

0:T

is inverse Jacobian of g(x0:T−1; (xT ,y))

evaluated at x∗
0:T . In practical, we use an approximation ver-

sion, i.e., M ≈ J−1
g |x∗

0:T
, e.g., 1-step gradient (i.e., M =

I) [31–33]. Note that the pre-trained diffusion model is
frozen. The gradients can be computed by using standard
autograd packages in PyTorch. Then, xT can be updated
along the gradient, as shown in Algorithm 2.

Different from existing diffusion model-based IR meth-
ods which have a large computational graph to store the
gradients in the whole process, our method is more efficient
due to the DEQ inversion. In addition, with the help of
the inversion method, our zero-shot IR methods can be ex-
tended to supervised learning by replacing the loss (12) with
L = ∥x∗

0 − x0∥2F which we leave it in the future work.
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Datasets Methods 2×SR 4×SR Deblur (Gaussian) Deblur (anisotropic) NFEs
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ /Iters

ImageNet

Baseline 29.63 0.875 0.165 25.15 0.699 0.351 18.22 0.529 0.433 20.86 0.544 0.480 -
DGP [55] 22.32 0.583 0.426 18.35 0.398 0.529 21.81 0.522 0.472 20.77 0.459 0.504 1500
DPS [20] 22.40 0.597 0.405 20.34 0.488 0.464 22.04 0.569 0.394 21.82 0.561 0.381 1000
ILVR [19] 23.36 0.613 0.334 22.76 0.583 0.383 - - - - - - 100
DiffPIR [87] 27.16 0.790 0.214 24.31 0.649 0.350 25.32 0.673 0.296 23.37 0.535 0.439 100
DDRM [41] 31.43 0.906 0.117 26.21 0.745 0.288 40.70 0.978 0.040 37.69 0.964 0.057 20
DDNM [68] 31.81 0.908 0.097 26.49 0.753 0.266 43.83 0.989 0.018 38.40 0.970 0.038 100
DeqIR (Ours) 32.35 0.913 0.082 27.47 0.781 0.230 43.42 0.987 0.021 39.47 0.973 0.036 15

CelebA-HQ

Baseline 35.87 0.953 0.099 30.12 0.857 0.240 18.94 0.704 0.337 23.16 0.727 0.354 -
DGP [55] 28.61 0.809 0.279 25.25 0.690 0.405 27.02 0.738 0.372 25.73 0.663 0.426 1500
DPS [20] 28.71 0.818 0.219 25.01 0.710 0.282 27.56 0.775 0.229 26.91 0.754 0.234 1000
ILVR [19] 27.31 0.783 0.234 27.09 0.775 0.245 - - - - - - 100
DiffPIR [87] 32.51 0.882 0.156 28.60 0.795 0.228 30.63 0.835 0.197 29.32 0.802 0.232 100
DDRM [41] 36.76 0.953 0.074 31.91 0.880 0.149 43.06 0.983 0.036 41.27 0.976 0.053 20
DDNM [68] 36.37 0.950 0.065 31.86 0.876 0.136 46.99 0.991 0.021 43.43 0.983 0.037 100
DeqIR (Ours) 36.63 0.954 0.062 32.22 0.889 0.155 47.18 0.992 0.019 43.57 0.984 0.036 15

Table 1. Quantitative results of zero-shot IR methods (including super-resolution and deblurring) on ImageNet and CelebA-HQ. Best
results are highlighted as first , second and third .

DDNM Ours GTDDRMDiffPIRDPSDGPLQ

Figure 3. Qualitative results of zero-shot 4× super-resolution methods on ImageNet and CelabA-HQ.

5. Experiments
Experiment settings. We conduct typical IR tasks, includ-
ing SR, deblurring, colorization, and inpainting. Specifically,
we consider 2× and 4× bicubic downsampling for SR, Gaus-
sian and anisotropic for deblurring, use an average grayscale
operator in colorization, and use text and stripe masks in
inpainting. For convenience, we choose ImageNet [22] and
CelebA-HQ [39] with 100 classes [87] and the image size
of 256×256 for validation, which have the same trend on 1k
classes. For fair comparisons, we use the same pre-trained
diffusion models [23] and [53] for ImageNet and CelebA-
HQ, respectively. More details are put in Supplementary.

Evaluation metrics. We use PSNR, SSIM and LPIPS as
the evaluation metrics for most IR tasks. For the task of
colorization, we use the Consistency metric [68] and FID
because PSNR and SSIM cannot reflect the performance
[68]. In general, higher PSNR and SSIM, and lower LPIPS
and FID mean better performance. In addition, we report the
number of NFEs (timesteps) or iterations for each method.

5.1. Evaluation on Image Super-Resolution
We compare our method with a GAN-based IR method
(e.g., DGP) and SOTA zero-shot diffusion model-based IR
methods (e.g., DPS [20], DiffPIR [87], DDRM [41] and
DDNM [68]) on ImageNet and CelebA-HQ datasets. In
addition, we use the bicubic upscaling as a baseline for SR.

In Table 1, our method outperforms most methods under
different metrics on both ImageNet and CelebA-HQ. In par-
ticular, compared with the competitive IR method DDNM,
our method on ImageNet surpasses it by an LPIPS margin
of up to 0.036, and by a PSNR margin of up to 0.98dB.
Moreover, our method only needs 15 iteration steps, com-
pared with DDNM (100 steps). We provide more details and
quantitative results of other scales in Supplementary.

For the qualitative results, our method achieves the best
visual quality containing more realistic textures, as shown in
Figure 3. These visual comparisons align with the quantita-
tive results, demonstrating the effectiveness of our method.
More visual results are put in Supplementary Materials.
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Figure 4. Qualitative results of zero-shot image deblurring (Gaussian) methods.

Methods Text mask Stripe mask
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

Baseline 14.55 0.642 0.515 9.02 0.131 0.730
Palette [59] 38.09 0.978 0.027 25.91 0.733 0.343
DDRM [41] 37.25 0.969 0.223 34.34 0.933 0.223
RePaint [53] 38.54 0.974 0.039 36.25 0.951 0.086
DDNM [68] 39.45 0.980 0.023 36.75 0.957 0.076
DeqIR (Ours) 39.72 0.981 0.026 36.99 0.948 0.091

Table 2. Comparisons of zero-shot inpainting methods on CelebA.

Methods ImageNet CelebA-HQ
Cons↓ LPIPS↓ FID↓ Cons↓ LPIPS↓ FID↓

Baseline 0 0.196 90.93 0 0.210 70.69
DGP [55] - 0.256 99.86 - 0.218 73.24
DDRM [41] 265.08 0.223 79.42 472.25 0.245 57.29
DDNM [68] 45.07 0.186 77.21 51.43 0.139 45.73
DeqIR (Ours) 43.15 0.171 70.94 50.16 0.092 43.98

Table 3. Quantitative results of zero-shot colorization methods.

5.2. Evaluation on Image Deblurring
We compare the same zero-shot IR methods used in the
SR task. In addition, we use A†y as a baseline. In this
experiment, we mainly consider Gaussian and anisotropic
kernels to evaluate the performance of all models.

In Table 1, the quantitative results show that our method
achieves the best performance on all datasets, except for
Gaussian deblurring on ImageNet. Compared with DDNM
[68], the PSNR improvement of our method can be up to
1.07dB for anisotropic deblurring. In Figure 4, our gener-
ated images have the best visual quality with more realistic
details which are close to GT images. We provide more
quantitative and qualitative results (including more kernels)
in Supplementary Materials.

5.3. Evaluation on Image Inpainting
For the image inpainting task, we compare our method with
SOTA inpainting methods, including Palette [59], RePaint
[53], DDRM [41] and DDNM [68]. We also use A†y as a
baseline. In addition, we consider the text mask and stripe
mask as examples and show the results on CelebA-HQ in
Table 2. The results of more masks and results on ImageNet
are put in Supplementary Materials.

In Table 2, our method outperforms Palette [59] and
DDRM [41] significantly, and has comparable performance
with RePaint [53] and DDNM [68]. In Figure 6, taking the
“mouth” in the generated face images as an example, our
method generates clear structures and details that are not
only more realistic but also more reasonable compared to
other inpainting methods. In contrast, other methods may
introduce blur artifacts.

gray input reference w/ inversion

w/o inversion w/ inversionLR input

22.45dB 35.21dB

GT

w/o inversion

Figure 5. Interesting applications of DEQ inversion.

5.4. Evaluation on Image Colorization
We compare our method with SOTA methods (i.e., DGP
[55], DDRM [41] and DDNM [68]). We also use A†y as
a baseline. In addition to LPIPS, we additionally use the
Consistency metric and FID to evaluate the image quality.

In Table 3, our method achieves the best performance
on both ImageNet and CelebA-HQ under different metrics.
As shown in Figure 7, our method restores images with
reasonable color. In contrast, other methods may restore part
of the color (as observed in the “tree”) or unreasonable color
(e.g., evident in the “building” in DGP [55]).

5.5. Evaluation on DEQ Inversion
We extend our method using DEQ inversion to interesting
applications, e.g., SR with optimized initialization (top) and
reference-based colorization (bottom), as shown in Figure 5.
We found that optimizing the initialization is able to improve
PSNR and control the generation in the desired direction.
More details and results are put in Supplementary.
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DDNM Ours GTDDRMRePaintInput

Figure 6. Qualitative results of image inpainting methods on CelebA-HQ.
DDNM Ours GTDDRMDGPGray input

Figure 7. Qualitative results of image colorization methods on ImageNet.

5.6. Ablation Study
Effect of timesteps. We study the impact of timesteps in
our diffusion models. Specifically, we change the number of
timesteps from 2 to 35. In Figure 8 (left), the image quality
improves with additional timesteps until it stabilizes. How-
ever, more timesteps lead to a larger memory and slower
convergence. To trade off between performance and effi-
ciency, we set the timesteps to 20 in this experiment.

Effect of iterations. We investigate the impact of varying the
number of iterations in the Anderson acceleration in Figure
8 (middle). Increasing the number of iterations results in
improved performance. As we can see, 15 iterations are
sufficient to converge to satisfactory results.

Effect of hyper-parameter η. We further investigate the
influence of the hyper-parameter η in our proposed analytic
formulation, i.e., Eqn. (9). In Figure 8 (right), different
values of the hyper-parameter have different effects on the
performance. Larger values introduce more noise in the gen-
erated image, while smaller values may limit the restoration
performance. Therefore, we set the hyper-parameter η to
0.15 in this task.

5.7. Diversity of Generation
To investigate the ability of our method, we show diverse
results for different tasks in Figure 9. With different seeds,
our method is able to generate diverse images with realistic
details on inpainting and colorization. For 32× SR, the input
face image is severely degraded, and the generated faces are
realistic but they are difficult to retain the identity.

5.8. Real-World Applications
Our method can be applied in real-world settings which may
have unknown, non-linear and complex degradations.
Old photo restoration. The degradations in old photo
restoration suffer from non-linear and unknown artifacts.
Such artifacts are often covered by a hand-drawn mask (de-
noted by Amask). The degradation can be a composite of
Amask and a colorization degradation (denoted by Acolor),
and its pseudo-inverse can also be constructed by hand. In
Figure 10 (top), our method achieves a remarkable enhance-
ment with facial details, effectively reducing the visible ar-
tifacts while preserving finer details. The inpainting and
colorization results serve as a compelling illustration of the
effectiveness of our old photo restoration technique.
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Figure 8. Ablation study of timesteps (left), iteration (middle) and hyper-parameters (right) for anisotropic deblurring on ImageNet.
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Figure 9. Diversity of generation of our method.

Real-world SR. Real-world degradations may have non-
Gaussian noise, unknown compression noise and downscal-
ing. We use a restoration model [80] to provide the prior
information to the input noise. As shown in Figure 10 (bot-
tom), our method achieves good robustness to the real noise.
Notably, our method successfully preserves the facial iden-
tity and produces realistic results with rich details.

Arbitrary size. Our method can also be used in images with
arbitrary sizes. Similarly to [48, 68], we crop a large-size
image as multiple overlapped patches and then test each
patch. Last we concatenate the generation as the final results.
We put the results in Supplementary due to the limited space.

5.9. Further Experiments
Running time. We compare the running time of different
methods for anisotropic deblurring on ImageNet. For fair
comparisons, we evaluate all methods on 256×256 input im-
ages on NVIDIA TITAN RTX using their publicly available
code. In Table 4, our method with 10 steps has a comparable
running time to DDNM [68]. DDRM [41] with 20 steps is
faster than our method, but it is worse than our method.

Comparisons with supervised learning. We compare our
zero-shot method with supervised learning methods in Ta-
ble 5. Our method outperforms GAN-based methods and
LDM [58], but it is worse than DiffIR [72]. However, these
methods have limited generalization on other tasks.
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Figure 10. Real-world applications of our method.

Methods DPS [20] DDRM [41] DDNM [68] Ours-10 Ours-15 Ours-20

Time (s) 468.85 5.26 12.67 12.11 16.53 21.19
PSNR↑ 21.82 37.69 38.40 38.58 39.21 39.47

Table 4. Running time of different methods. ∗-T: T timesteps.

Methods ImageNet CelebaA-HQ
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

SRGAN [45] 24.83 0.696 0.245 31.16 0.868 0.164
BSRGAN [83] 23.65 0.651 0.331 27.80 0.808 0.216
LDM [58] 22.34 0.606 0.318 27.18 0.783 0.208
DiffIR [72] 29.25 0.814 0.235 34.96 0.924 0.121
DeqIR (Ours) 27.44 0.782 0.235 32.19 0.887 0.154

Table 5. Comparisons of supervised learning methods and our
zero-shot method on ImageNet for 4× SR.

6. Conclusion
In this paper, we have proposed a novel zero-shot diffu-
sion model-based IR method, called DeqIR. Specifically, we
model diffusion model-based IR generation as a deep equilib-
rium (DEQ) fixed point system. Our IR method can conduct
parallel sampling, instead of long sequential sampling in tra-
ditional diffusion models. Based on the DEQ inversion, we
are able to explore the relationship between the restoration
and initialization. With the initialization optimization, the
restoration performance can be improved and the generation
direction can be guided with additional information. Ex-
tensive experiments demonstrate that our proposed DeqIR
achieves better performance on different IR tasks. Moreover,
our DeqIR can be generalized to real-world applications.
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