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INDIGO+: A Unified INN-Guided Probabilistic
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Abstract—Generative diffusion models are becoming one of
the most popular prior in image restoration (IR) tasks due to
their remarkable ability to generate realistic natural images. De-
spite achieving satisfactory results, IR methods based on diffusion
models present several limitations. First of all, most non-blind
approaches require an analytical expression of the degradation
model to guide the sampling process. Secondly, most existing blind
approaches rely on families of pre-defined degradation models for
training their deep networks. The above issues limit the flexibil-
ity of these approaches and so their ability to handle real-world
degradation tasks. In this paper, we propose a novel INN-guided
probabilistic diffusion algorithm for non-blind and blind image
restoration, namely INDIGO and BlindINDIGO, which combines
the merits of the perfect reconstruction property of invertible
neural networks (INN) with the strong generative capabilities of
pre-trained diffusion models. Specifically, we train the forward
process of the INN to simulate an arbitrary degradation process
and use the inverse to obtain an intermediate image that we use
to guide the reverse diffusion sampling process through a gradi-
ent step. We also introduce an initialization strategy, to further
improve the performance and inference speed of our algorithm.
Experiments demonstrate that our algorithm obtains competitive
results compared with recently leading methods both quantitatively
and visually on synthetic and real-world low-quality images.

Index Terms—Blind image restoration, diffusion models, image
restoration, invertible neural networks.

I. INTRODUCTION

I n this paper, we explore a new way to employ diffusion
models for image restoration. Image restoration (IR) is a typ-

ical inverse problem aiming to recover high-quality images from
their noisy and degraded measurements. In a typical restoration
problem, one observes y = H(x,n), where y is the degraded
and noisy version of the original image x and n is some noise.
The degradation process H can be linear or non-linear and is
often unknown. In this paper, we classify these inverse problems
as blind or non-blind IR problems based on whether we can
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access labeled training pairs that are degraded in the same way as
the measurement (fully supervised setting) or not. Specifically,
the non-blind case includes two situations: either we know the
expression of the forward operator, or we can simulate it without
knowing its analytical expression and can therefore produce
labeled image pairs. In the blind case, we do not have access to
the labeled data and therefore do not have any way to simulate
the actual degradation process.

This inverse problem is normally solved by addressing the
classic trade-off between a data fidelity and a regularization term
based on proper priors. While this approach goes back to the
classic Tikhonov regularization, a wealth of new models and
regularizers have emerged over the years often driven by the
idea of sparsity. These have led to the development of many
model-based reconstruction methods.

Recently, there has been a shift towards developing data-
driven approaches, in particular based on deep learning archi-
tectures where the regularization is implicitly learned through
the data and we refer to [5] for a recent review on the topic. The
plug-and-play (PnP) framework [6] is a typical example where
the prior can be learned through data. PnP is based on iterating
between a step that enforces some forms of data consistency and
a denoising step where the denoiser can be implemented with
a deep neural network. In this context, the denoiser effectively
acts as a data-driven regularizer. Interestingly, this heuristic has
led to many remarkable results and we refer to [7] for a recent
overview on the topic.

The generative prior of diffusion models [8], [9], [10], [11],
[12] has now become one of the most popular priors in image
restoration problems due to their remarkable ability to approxi-
mate the natural image manifold. A line of work [13], [14], [15],
[16], [17], [18], [19], [20], [21], [22], [23], [24] has focused on
leveraging the rich image priors and strong generative capability
of pretrained diffusion models to solve IR problems. Among
them, earlier works [13], [14], [15], [16] have focused on linear
degradation models and noiseless measurements. Two popular
categories of approaches have then been proposed for investi-
gating noisy and non-linear inverse problems. Decomposition-
based approaches [17], [18], [19], [20] run singular value de-
composition (SVD), range-null space decomposition or matrix
decomposition on intermediate results during iterations to guide
the sampling process. Gradient-based approaches [21], [22],
[23], [24] propose to incorporate consistency-imposing gradient
steps in between the reverse diffusion steps.
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Despite achieving satisfactory results, the aforementioned
methods have inevitably limited generalization capabilities
because their algorithms are designed under non-blind
degradation settings. To alleviate this limitation, several dif-
fusion model-based approaches [25], [26], [27] have been re-
cently developed for unknown degradation operators in spe-
cific tasks such as image deblurring [25], [26] and low-light
enhancement [27]. Towards a more diverse and complicated
degradation process, DifFace [2] introduces a pre-trained IR
network g(·) (e.g., based on CNN or Transformer) to obtain an
initial distortion-invariant clean image as a starting point, xN ,
for the subsequent diffusion sampling process. In the framework
of DR2 [1], smooth results are first predicted by an iterative
refinement similar to ILVR [13] during sampling and then further
processed by a pre-trained IR network g(·) to achieve high-
quality details. PGDiff [3] constrains the high-quality image
space during the posterior sampling process with a constraint
on the MSE between g(y) and the denoised intermediate output
obtained at step t of the diffusion reverse process. StableSR [4]
uses the Stable Diffusion model [28] for image super-resolution
and is further equipped with a time-aware encoder and a con-
trollable feature wrapping module.

The above non-blind and blind IR approaches have demon-
strated the effectiveness of the generative diffusion models for
IR tasks. However, they are faced with the following limitations:
(1) In the task of non-blind IR, most existing approaches require
a closed-form expression of the degradation model to guide the
sampling process. However, the image processing pipeline of
many modern imaging systems is so complex that it is often
impossible to describe it explicitly. (2) In the task of blind IR,
most existing blind IR approaches rely on pre-defined degrada-
tion models for training the IR network g(·), which also limits
their flexibility in real-world scenarios.

To address the above issues, we propose an INN-guided prob-
abilistic diffusion algorithm for both non-blind1 and blind image
restoration. During the sampling process of diffusion model,
we impose an additional data-consistency step by introducing
an off-the-shelf light-weight invertible neural network (INN).
Specifically, we pre-train the forward process of INN to simulate
an arbitrary degradation process. At testing stage we alternate
between an unconditional diffusion sampling step that gives us
an intermediate image consistent with the diffusion model and a
consistency step guided by the INN that forces the reconstruction
to be consistent with the measurements. In particular, given at
each step an estimated image, the forward part of the INN pro-
duces a coarse image which we then force to be consistent with
the measurements and the details estimated by the diffusion pro-
cess. We then use the inverse part of the INN as a reconstruction
process to obtain an intermediate result that guides the next step
of the reverse diffusion process. Therefore, our method guides
the sampling towards satisfying the consistency constraint while
maintaining rich details provided by the diffusion prior. In the
task of non-blind IR, INN is pretrained with datasets on any
specific degradation, so it is no longer limited by the requirement

1The work on non-blind inverse problem was presented in part at IEEE MMSP
conference 2023 [24].

of knowing the analytical expression of the degradation model.
In the task of blind IR, we first initialize the parameters of INN
by training it with synthetic dataset pairs that model different
degradation processes. Then, by alternating between refining
the INN parameters for the unknown degradation model and
updating intermediate image results with the guidance of INN
during sampling, our approach is more flexible and can handle
unknown degradation settings in real-world scenarios.

We summarize our contributions as follows:
� We propose a novel INN-guided probabilistic diffusion al-

gorithm for non-blind and blind image restoration, namely
INDIGO and BlindINDIGO. In contrast to most existing
approaches, our algorithm introduces prior degradation
information to the diffusion reverse process by simulating it
with INN, which help to boost IR performance and improve
flexibility.

� To the best of our knowledge, this is the first attempt to
combine the merits of the perfect reconstruction property
of INN with strong generative prior of diffusion models
for blind image restoration. With the help of INN, our
algorithm effectively estimates the details lost in the degra-
dation process and is able to handle arbitrary degradation
processes.

� We further introduce an initialization strategy to accelerate
our algorithm by reducing the number of timestep.

� Extensive experiments show that our approach for both
non-blind and blind image restoration achieves state-of-
the-art results compared with other methods on syntheti-
cally degraded and real low-quality images (see Fig. 1 for
an example).

II. BACKGROUND

A. Review of Denoising Diffusion Probabilistic Models

Diffusion models, e.g. [8], [9], [10], [11], [12], [29], [30], se-
quentially corrupt training data with slowly increasing noise, and
then learn to reverse this corruption in order to form a generative
model of the data. Here we describe a classic diffusion model:
denoising diffusion probabilistic model (DDPM) [8]. DDPM
defines a T -step forward process transforming complex data
distribution into simple Gaussian noise distribution and a T -step
reverse process recovering data from noise. The forward process
slowly adds random noise to data, where, in the typical setting,
the added noise has a Gaussian distribution. Consequently, the
forward process yields the present state xt from the previous
state xt−1:

q(xt|xt−1) = N (xt;
√

1− βtxt−1, βtI) (1)

wherext is the noisy image at time-step t,βt is a predefined scale
factor. As noted in [8], the above process allows us to sample an
arbitrary state xt directly from the input x0 as follows:

xt =
√
ᾱtx0 +

√
1− ᾱtε (2)

where αt = 1− βt, ᾱt =
∏t

i=0 αi and ε ∼ N (0, I). For the
reverse process, we can calculate the posterior distribution
q(xt−1|xt,x0) using Bayes theorem and write the expression
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Fig. 1. Comparisons with state-of-the-art blind image restoration approaches [1], [2], [3], [4] on the real-world low-quality images. Our algorithm produces
high-quality reconstruction results and preserves more details than the recent leading methods. (Zoom in for best view).

of xt−1 using (2) as follows:

xt−1 =
1√
αt

(
xt − 1− αt√

1− ᾱt
ε

)
+ σtz, (3)

whereσt =
√

1−ᾱt−1

1−ᾱt
βt and z ∼ N (0, I). To predict the noise ε

in the above equation, DDPM uses a neural network εθ(xt, t) for
each time-step t. To train εθ(xt, t), DDPM uniformly samples
a t from {1, . . ., T} and updates the network parameters θ with
the following gradient descent step:

∇θ||ε− εθ(
√
ᾱtx0 +

√
1− ᾱtε, t)||22, (4)

where x0 is a clean image from the dataset and ε ∼ N (0, I) is
random noise. By replacing ε with the approximator εθ(xt, t)
in (3) and iterating it T times, DDPM can yield clean images
x0 ∼ q(x) from initial random noises xT ∼ N (0, I), where
q(x) represents the image distribution in the training dataset.

Solvers of inverse problems that use diffusion models have
shown remarkable performance and versatility, and can be di-
vided into two groups. The first group of methods [31], [32],
[33], [34], [35] has focused on designing and training conditional
diffusion models suitable for image reconstruction tasks. The
second group [13], [14], [15], [16], [17], [18], [19], [20], [21],
[22], [23], [24] has instead focused on keeping the training of
unconditional diffusion models unaltered, and only modify the
inference procedure to enable sampling from a conditional dis-
tribution. The approach proposed in this paper falls in the latter
category and has the advantage of leveraging the pre-trained
diffusion models to make them serve as a strong generative prior
without the need of retraining diffusion models.

B. Wavelet Transform and Invertible Neural Networks

The wavelet transform is widely used in many imaging ap-
plications due to its ability to concentrate image features in
a few large-magnitude wavelet coefficients, while small-value
wavelet coefficients typically contain noise and can be shrunk
or removed without affecting the image quality. The lifting
scheme [36] is often used to construct a wavelet transform.
As shown in Fig. 2(a), the forward wavelet transform converts
the input signal into coarse and detail components and then the
original signal is reconstructed by the inverse transform. Specif-
ically, the lifting scheme first splits the signal x = (xk)k∈Z into
an even xe = (x2k)k∈Z and an odd part xo = (x2k+1)k∈Z . A
predictor is used to predict the odd part from the even part,
and thus the difference between the odd part and its prediction

Fig. 2. The wavelet transform obtained using the lifting scheme.

reflects high-frequency details d of the signal. Based on this
difference, the update step is used to adjust the even part to make
it a smoother coarse version c of the original signal. The above
lifting procedure implementing the forward wavelet transform
can be described as:

d = xo − P (xe), c = xe + U(d). (5)

The inverse transform can immediately be found by reversing the
operations and flipping the signs. Therefore, the original signal
can be recovered as follows:

xe = c− U(d), xo = d+ P (xe). (6)

The above equations illustrate that no matter how P and U
are chosen, the scheme is always invertible and thus leads
to critically sampled perfect reconstruction filter banks [36].
Furthermore, this scheme allows multiple levels and multiple
pairs of predictors and updates (see Fig. 2(b)).

Inspired by the above idea, Huang et al. [37] propose a lifting-
inspired invertible neural network (LINN) for image denoising.
The forward transform of LINN non-linearly converts the input
noisy image into coarse channel and detail channels. A denoising
network performs the denoising operation on the detail part,
and then the backward transform of the LINN reconstructs
the denoised image using the original coarse channel and the
denoised detail channels. In this architecture, INN consists of
several invertible blocks where P and U in (5) and (6) become
functions parameterized by neural networks. Specifically, the
Predict and Update networks are applied alternatively to update
the coarse and detail parts. The m-th pair of update and predict
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Fig. 3. Overview of our INDIGO for non-blind image restoration. Given a
degraded image y during inference, the diffusion posterior sampling is guided
by our data-consistency step with INN at each step t. We show the detailed
algorithm in Algorithm 1.

operations of the k-th level INN can be expressed as:

dk
m = dk

m−1 − P k
m

(
ckm−1

)
, (7)

ckm = ckm−1 + Uk
m

(
dk
m

)
, (8)

where dk
m and ckm denotes the updated detail part and coarse

part using the m-th Predict network P k
m(·) and Update network

Uk
m(·), respectively. Similarly, the inverse transform of the k-th

level INN can be expressed as:

ckm−1 = ckm − Uk
m

(
dk
m

)
, (9)

dk
m−1 = dk

m + P k
m

(
ckm−1

)
. (10)

There are also other choices for INN architectures, including
coupling layer [38], affine coupling layer [39], reversible resid-
ual network [40] and i-RevNet architecture [41]. The invertible
architecture that we design in this paper is based on the lifting-
inspired invertible blocks in [37]. However, we use an alternative
training strategy where we try to ensure that the coarse version
produced by the network is as close as possible to the measured
degraded image y.

III. INDIGO+ APPROACH

A. Overview

For a general image restoration problem y = H(x,n), we
aim to obtain an image x̃ that ensures data consistency while
maintaining realistic textures. To simultaneously achieve these
two goals, we leverage the merit of the perfect reconstruction
property of INN and the strong generative prior of pretrained
diffusion models. An overview of the proposed approach is
shown in Figs. 3 and 4. We first train our INN so that its forward
part [c,d] = fφ(x) decomposes an image x in a coarse and
detail part so that c ≈ H(x,n). In other words, fφ(·) is trained
to mimic the degradation process H. Then during the diffusion
posterior sampling process, we impose an additional data con-
sistency step after each original unconditional sampling update.
Specifically, we first utilize our pretrained INN to decompose

the intermediate result x0,t into the coarse part ct that should
approximate the degraded measurements and the detail part dt

that models the details lost during the degradation. We then
replace ct with the given observed measurements y. Next, the
INN-optimized image x̂0,t is constructed by inverse transform
f−1
φ (·) of INN. Therefore, this INN-optimized result x̂0,t guides

the sampling towards satisfying the consistency constraint. Si-
multaneously, x̂0,t maintains rich details obtained by diffusion
posterior sampling without affecting data consistency. Then, the
diffusion posterior sampling at the following step is guided by
our data-consistent result, x̂0,t, through a gradient operation.
Due to the fact that we train an INN to model the degradation
process, our algorithm is more flexible than other methods and
also more effective given that the invertibility property of the
INN ensures that we compute implicitly the equivalent of an
inverse at each iteration.

In the following subsections, we will explain in details how
our approach can solve non-blind and blind inverse problems,
respectively.

B. INDIGO for Non-Blind Image Restoration

In this subsection, we start with non-blind inverse problems
and introduce the design of our INN and how it works in the
diffusion process.

Modelling the degradation process with INN: By exploiting
the invertibility of INN, we propose to treat its forward transform
fφ as a simulator of the degradation process and treat its inverse
transform f−1

φ as the reconstruction process. To realize this
framework, we start with adopting the lifting-inspired invertible
blocks in [37] (as in Section II-B), which can be expressed as
follows:

[c,d] = fφ(x), x = f−1
φ (c,d), (11)

where the forward transform of INN generates the coarse and
detail parts, c and d, while the inverse transform of INN can
perfectly recover the input original image from c and d. To
model the degradation process, we impose that c resembles y.
Given a training set {xi,yi}Ni=1, which contains N high-quality
images and their low-quality counterparts, we optimize our INN
with the following loss function:

L (φ) =
1

N

N∑
i=1

∥∥f c
φ(x

i)− yi
∥∥2
2
, (12)

where φ denotes the set of learnable parameters of our INN and
f c
φ(x

i) and fd
φ(x

i) denote the first and second part of the output
of fφ(xi), respectively. Once we constrain one part of the output
of fφ(xi) to be close to y, due to invertibility, the other part of
the output will inevitably represent the detailed information lost
during the degradation process.

Sampling with the guidance of pretrained INN: In the un-
conditionally trained DDPM [8], the reverse diffusion process
iteratively samples xt−1 from p(xt−1|xt) to yield clean images
x0 ∼ q(x) from initial random noise xT ∼ N (0, I). Here, we
rewrite (3) with the pre-trained approximator εθ(xt, t) and split
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Fig. 4. Overview of our BlindINDIGO for blind image restoration. Given a degraded image y during inference, our approach first predicts a clean version y0

with the initialization prediction network (IPN) and extract an implicit degradation embedding γdeg with the degradation estimation module (DEM). Next, starting
from a diffused y0, the diffusion posterior sampling is guided by our data-consistency step with INN at each step t. We show the detailed algorithm in Algorithm 2.

it into the following two equations:

x0,t =
1√
ᾱt

(xt −
√
1− ᾱtεθ(xt, t)) (13)

and

xt−1 =

√
αt(1− ᾱt−1)

1− ᾱt
xt +

√
ᾱt−1βt

1− ᾱt
x0,t + σtz. (14)

As illustrated in (13), x0,t is the predicted clean image from the
noisy image xt. To solve inverse problems, we need to refine
each unconditional transition using y to ensure data consistency.
In our proposed algorithm, we impose our data-consistency step
by modifying the clean imagex0,t instead of the noisy imagext.

As shown in Algorithm 1, we impose an additional data
consistency step (in blue) with our off-the-shelf INN after each
original unconditional sampling update. In this additional step,
we apply the forward transform fφ(·) to the intermediate result
x0,t leading to the decomposition of x0,t into coarse and detail
part ct, dt respectively. We then replace the coarse part ct with
the measurements y. The INN-optimized x̂0,t is then generated
by applying the inverse transform f−1

φ (·) to {y,dt}. Thus, the
INN-optimized x̂0,t is composed of the coarse information y
and the details generated by the diffusion process. To incorporate
the INN-optimized x̂0,t into the DDPM algorithm, we update
xt with the guidance of the gradient of ‖x̂0,t − x0,t‖22. With
the help of INN, our algorithm effectively estimates the details
lost in the degradation process and is no longer limited by the
requirement of knowing the exact expression of the degradation
model, since the degradation is learned through data.

C. BlindINDIGO for Blind Image Restoration

In the previous section, our INN is learned using a fully
supervised approach given that we assume to have access to
a training set {xi,yi}Ni=1 where the degradation in yi is fully
consistent with the degradation of the actual measurements.
In practical scenarios, many images undergo complex and un-
known degradation processes. Some works [25], [26] solve this
by assuming a closed-form expression of the degradation process

Algorithm 1: Non-Blind INDIGO.

and then they predict the parameters in this expression. In this
work, by simulating several degradation processes and through
finetuning, our approach can deal with unknown, linear and
non-linear degradation processes. The algorithm is described
in Fig. 4 and Algorithm 2.

Conditonal INN for blind image restoration: Since one set of
parameters φ in fφ(x) can simulate one type of degradation, we
take different degradation labels as an additional input to guide
the forward and inverse transform of INN, i.e., fφ(x,γdeg), to
simulate multiple different degradation processes. To extract the
degradation information γdeg , we utilize a pre-trained Degrada-
tion Estimation Module (DEM) to model the degradation implic-
itly in the latent feature space, since real-world degradations are
usually too complex to be modeled with an explicit combination
of multiple degradation types. As depicted in Fig. 5, we keep
the basic invertible blocks of [37] and modulate them with the
degradation vector γdeg . Specifically, the image is split into two
parts by a splitting operator. Then the Prediction Network (PNet)
conditioned on the coarse part aims to predict the detail part,
while the Update Network (UNet) conditioned on the detail
part is used to adjust the coarse part to make it smoother.
The Prediction and Update networks are applied alternatively
to generate the coarse and detail parts c and d. The details
of how the degradation vector γdeg controls the features are
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Fig. 5. The forward and inverse transform of our INN during inference.

Fig. 6. (a) The architecture of the PNet/UNet. (b)The architecture of the
CResBlcok [42].

Algorithm 2: BlindINDIGO.

shown in Fig. 6. The degradation vector γdeg is passed through a
fully-connected layer and a channel-wise multiplication is added
to the original Residual block [43] to control the summation
weight. To train this conditional INN, the loss function becomes:

L (φ) =
1

N

N∑
i=1

∥∥f c
φ(x

i,γi
deg)− yi

∥∥2
2
, (15)

where f c
φ(x

i,γi
deg) denotes the first part of the output of

fφ(x
i,γi

deg) and the implicit degradation vector γi
deg is gen-

erated by a pretrained DEM hκ(·). Here, the training set
{xi,yi,γi

deg}Ni=1 contains N high-quality images, their low-
quality counterparts, and the implicit degradation vector γi

deg =

hκ(y
i) generated by a pretrained DEM.

Guiding posterior sampling with INN: Similar to non-blind
INDIGO, we still apply the forward transform fφ(·) to the
intermediate result x0,t and then replace its coarse part ct with
the measurements y. The INN-optimized x̂0,t is then generated
by applying the inverse transform f−1

φ (·). The invertibility of
the INN allows us to compute the gradient step in either the
measurement or the image domain. In the non-blind case, we
only operate in the image domain. For the blind case, to further
improve the reconstruction performance, we operate in both
domains. Specifically, we take the gradient of the following loss:

Ltotal = λFLF (ct,y) + λILI(x̂0,t,x0,t), (16)

where we constrain the measurement space with LF (ct,y) and
the high-quality image space with LI(x̂0,t,x0,t). Here, λF and
λI denote the loss weights of LF and LI , respectively. In our
implementation, we set λF = 2.5, λI = 1, LF (ct,y) = ‖ct −
y‖22 and LI(x̂0,t,x0,t) = ‖V (x̂0,t)− V (x0,t)‖22, where V (·)
denotes the feature embedding space of VGG16 [45] network.
We discuss the detailed implementation and ablation study in
Section IV-C5.

Finetuning our INN during sampling: By replacing the INN
in Algorithm 1 with the above pretrained conditional INN, our
approach can deal with multiple inverse problems. However,
both conditional INN and the DEM are trained with synthetic
degradation data pairs that may not model exactly the actual
degradation. In real-world scenarios with more complex degra-
dations, the parameters of our INN need to be refined to simulate
the degradation processes more accurately. We achieve this by
finetuning the parameters in INN at testing stage. This is done
at the end of each iteration as shown in Algorithm 2. In this step
given the current estimated image x0,t, the parameters of our
INN, fφ, are updated to reduce LF (ct,y) in (16).

Accelerating our algorithm with initialization: To acceler-
ate our algorithm by reducing the number of timesteps, we
introduce an initialization strategy. As observed in [2], [14],
starting from a single forward diffusion with better initialization
instead of Gaussian noise significantly reduces the number of
sampling steps in the diffusion posterior sampling process.
Following [2], and as shown in Algorithm 2, we first produce
an initial restored image, gω(y), using an image restoration
method. By construction, this image would already look con-
sistent with the measurements but lacks details. Then it is
forward-diffused (noise-added) to generate the starting point
of sampling, xN =

√
ᾱNgω(y) +

√
1− ᾱNη. In our setting,

gω(·) is the SwinIR [46] method trained with L2 Loss.

D. Algorithm 1 vs. Algorithm 2

In summary, Algorithm 1 can be used in fully supervised set-
tings and for the case of the single, fixed degradation. It requires
training data pairs which are degraded in the same way as the
testing dataset to train the INN. To evaluate Algorithm 1, we need
to train different INNs for different degradations. Algorithm 2
can be used for multiple degradations including unseen cases.
For example, to reconstruct measurement y from degradation
model H during inference, in the non-blind case (Algorithm 1)
we have access to labeled dataset {xi,yi = H(xi)}Ni=1 to train
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TABLE I
QUANTITATIVE (PSNR↑/FID↓/LPIPS↓/NIQE↓) COMPARISON ON 4× SR WITH DIFFERENT LEVELS OF GAUSSIAN NOISE

our INN, while in the blind case (Algorithm 2) we need to
generate a dataset with several distortion models: {xi,yi =
Hj(xi)}Ni=1, Hj ∈ {Hj}Jj=1 to train our INN and the correct
H may not belong to {Hj}Jj=1.

IV. EXPERIMENTAL RESULTS

A. Results on Non-Blind Image Restoration

1) Implementation Details: Empirically, we set ζ = 0.5 and
T = 1000 in Algorithm 1. To implement our INN, we follow
the structure of the invertible blocks in [37]. Specifically, our
INN consists of 2 levels of the lifting-inspired invertible blocks
and each block is constructed using the same set of 4 pairs of
PNet and Unet as in [37]. Each PNet/Unet network consists of
an input convolutional layer, 2 residual blocks with depth-wise
separable convolution layers, and an output convolutional layer.
The number of feature channels in PUNet is set to 32 and the
spatial filter size in depth-wise separable convolutional layers is
set to 5. The total number of learnable parameters of our INN is
0.71M.

We test our method on the FFHQ 256×256 1k validation
dataset [47], CelebA HQ 256×256 1k validation dataset [48],
and a real-world SR dataset DRealSR [44]. For the face photo
reconstruction, we utilize a pre-trained unconditional diffusion
model trained on the FFHQ training dataset by [22] and select
10k images from the FFHQ training dataset to train our INN.
For the natural image reconstruction on [44], we utilize the pre-
trained unconditional diffusion model trained on ImageNet [49]
by [10] and use DRealSR [44] training dataset to train our INN.
We apply our proposed method to three settings for inverse
problems: bicubic downsampling with/without noise, non-linear
degradation model based on combining downsampling with
jpeg compression, real-world degradation model. In this section,
we assume the degradation model is known, so for the first
two settings, we synthesize training and testing data using the
same degradation. For the third setting, we train our INN with
DRealSR training dataset [44], which is a large-scale diverse
SR benchmark obtained by zooming digital single-lens reflex
(DSLR) cameras to collect real low-resolution (LR) and high-
resolution (HR) images. After simulating its degradation with
our INN, we test our algorithm with DRealSR test dataset [44].
The reconstruction results are evaluated with PSNR, FID [50],
LPIPS [51] and NIQE [52].

2) Results With Bicubic Downsampling Degradation Model:
We compare our method with 3 state-of-the-art methods based
on diffusion models: ILVR [13], DDRM [18], and DPS [22].
As shown in Table I, we evaluate all methods on the problem

Fig. 7. Comparisons with state-of-the-art image restoration approach [22]
on solving the non-blind super-resolution problem (x4) on FFHQ validation
dataset.

of bicubic downsampling (4×) with different levels of Gaussian
noise on the FFHQ dataset. Please note that in the first setting
which we named ‘ours’, we apply our consensus strategy (see
Appendix A). To further accelerate the sampling strategy, we
use DDIM [9] as the sampling strategy with time step 250
and present the results as ‘ours-DDIM’. Further discussion on
sampling with DDIM can be seen in Section IV-C6. One can
observe that our method outperforms all baseline methods in
all metrics. Moreover, as it can be seen in Fig. 7, our algorithm
produces high-quality reconstruction results while preserving
realistic details.

3) Results With Non-Linear Degradation Model: As de-
scribed in the introduction, our flexible INN can handle a variety
of degradation processes. In this setting, a bicubic downsam-
pling operator is first performed on a high-quality image and
then a JPEG compression degradation is applied to save the
low-resolution image into JPEG format, where the jpeg factor
and downsampling scale are 20 and 4, respectively. As shown in
Fig. 8, our algorithm can still produce high-quality images from
heavily degraded input measurements. It can be seen that our
results produce realistic details while ensuring data consistency.
Note that the methods we compared against in Section IV-A2
are not able to support this type of degradation, so for this case,
we only show our results.

4) Results With Real Degradation Model: In Fig. 9, we show
the results of our algorithm on reconstructing images from
real-world degradation processes using DRealSR [44] with scale
factor 4. As for Section IV-A3, since we simulate the degradation
with INN, our solution is no longer limited by the requirement
of knowing the exact expression of the degradation process. We
can observe that our algorithm can produce, also in this case,
high-quality results for real-world degradation.
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Fig. 8. Results of our algorithm on solving the non-blind inverse problem
with Jpeg compression on CelabA HQ validation dataset.

Fig. 9. Result of our algorithm on reconstructing real images from
DRealSR [44] with resolution enhancement by a factor 4 per direction (non-
blind).

B. Results on Blind Image Restoration

1) Implementation Details: Empirically, we set T = 1000,
N = 400, ζ = 1.5, and l = 1e-5 in Algorithm 2. Based on the
framework for the non-blind setting, we adopt CResblocks [42]
for our PNet/UNet, where the number of feature channels is set
to 32 and the dimension of γdeg is 128. The total number of
learnable parameters of our INN is 0.91M. We directly utilize
the pre-trained implicit degradation estimator in [53] as DEM
and we follow DifFace [2] to implement our IPN by using a
pre-trained SwinIR [46] Network.

We test our method on blind face restoration and blind nat-
ural image restoration. For the face photo reconstruction, we
utilize a pre-trained unconditional diffusion model trained on
the FFHQ training dataset by [2] and select 10k images from
the FFHQ training dataset to train our INN. For the natural
image reconstruction on ImageNet validation dataset [49], we
utilize the pre-trained unconditional diffusion model trained on
ImageNet [49] by [10] and use DIV2K [54] training dataset to
train our INN. Following previous works [1], [55], [56], [57],
[58], [59], we adopt a commonly used degradation model as
follows to synthesize training data:

y = [(x� kσ)↓r + nδ]JPEGq , (17)

where the high quality imagex is first convolved with a Gaussian
blurring kernel kσ followed by a downsampling operation with
a scale factor r. After that, additive white Gaussian noise nδ is
added to the image, and finally the noisy image is compressed
by JPEG with quality factor q. To train our INN, we set r = 4,

and randomly sample values of σ, δ and q from the intervals
[3, 9], [5, 50], and [30, 80] respectively. The reconstruction
results are evaluated with PSNR, LPIPS [51], BRISQUE [60],
Identity Similarity (IDS) using the ArcFace similarity [61].

2) Results on Synthetic Degradation: We test our method on
CelebA HQ 512×512 1k validation dataset [48] and ImageNet
validation dataset [49] on synthetic degradation. We compare
our method with 4 state-of-the-art methods based on diffusion
models: PGDiff [3], DifFace [2], DR2 [1], and StableSR [4]. To
evaluate these methods on different levels of degradation, we test
them on mild (σ = 4, δ = 15, q = 70), medium (σ = 6, δ = 25,
q = 50) and severe (σ = 8, δ = 35, q =30) degradations respec-
tively. We provide the quantitative comparison on different levels
of degradations in Table II and we see that our approach achieves
significant gains over existing works, in particular, for medium
and severe degradations. To further accelerate the sampling
strategy, we use DDIM [9] as the sampling strategy with T=250,
N = 100 and present the results as ‘ours-DDIM’. One can
observe that DDIM can speed up the reconstruction process with
a slight reduction in perceptual quality. Further discussion on
sampling with DDIM can be seen in Section IV-C6. Qualitative
comparisons in Figs. 10–12 demonstrate the superiority of our
BlindINDIGO in comparison to existing methods on different
levels of degradations. Fig. 13 demonstrates the robustness of
our approach, enabling its application to a variety of categories,
including cats, dogs, and lions. Here, we measure the runtime
of all the approaches on an Nvidia RTX 3080 GPU and show
complexity comparison in Table III. The parameter numbers
here do not include the parameters of the pre-trained diffusion
model.

3) Results With Real Degradation Model: We also apply our
BlindINDIGO on a real-world dataset CelebChild [57] for eval-
uating the generalization of the proposed method. CelebChild-
Test contains 180 child faces of celebrities collected from the
Internet. They are low-quality and many of them are black-and-
white old photos. Since no ground-truth images are available for
this setting, we compare the image quality using BRISQUE [60]
and compare the image fidelity with Identity Similarity (IDS)
using the ArcFace similarity [61] in Table IV. We observe that
our approach achieves best or second best scores, demonstrating
its superiority in the generation of high-quality images and
effectiveness in preserving identity. The qualitative comparison
on CelebChild [57] is shown in Fig. 14.

C. Analysis and Discussion

1) Comparison to Conditional Diffusion Model and Stan-
dard Supervised Learning Approach: Different from training a
conditional diffusion model for a specific inverse problem from
scratch, we keep the same pre-trained diffusion model and only
modify the inference procedure with the guidance of INN to en-
able sampling from a conditional distribution. This strategy can
efficiently leverage the trained diffusion model trained on huge
amount of data to make it serve as a strong generative prior in
different inverse problems. In addition, it saves the cost of train-
ing, since we only need to train the INN (0.71M). Furthermore,
our blind INDIGO does not necessarily need to have access to
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TABLE II
QUANTITATIVE (PSNR↑/LPIPS↓/IDS↑) COMPARISON ON 4× SR WITH DIFFERENT LEVELS OF DEGRADATIONS

Fig. 10. Comparisons on 4x blind SR with mild degradation on CelebA-HQ.

Fig. 11. Comparisons on 4x blind SR with medium degradation on CelebA-HQ.

Fig. 12. Comparisons on 4x blind SR with severe degradation on CelebA-HQ.
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Fig. 13. Result of our BlindINDIGO on 4x super-resolution on the ImageNet dataset.

Fig. 14. Comparisons with blind state-of-the-art image restoration approaches [1], [2], [3], [4] on real-world dataset celaba-child.

TABLE III
COMPLEXITY COMPARISON WITH STATE-OF-THE-ART BLIND IMAGE

RESTORATION APPROACHES (RUNTIME/PARAMS/ITERATIONS)

TABLE IV
QUANTITATIVE (BRISQUE/IDENTITY SIMILARITY (IDS)) COMPARISON ON

REAL-WORLD FACE IMAGE RESTORATION

labeled datasets, while conditional diffusion models need them.
In this section, we compare our approach with two representative
methods from conditional diffusion models: I2SB [62] and

standard supervised learning approaches SwinIR [46] on 4x SR
with different levels of Gaussian noise on Imagenet validation
dataset. Table V shows that our approach achieves competitive
reconstruction results in the noiseless case and outperforms
significantly the other methods in noisy settings.

2) Analysis on the Sampling Process of Our Approach: We
show the visual results of the sampling process in Fig. 15. To
clearly illustrate the comparison, we present the noisy results
during the sampling process in Fig. 15(a), and the clean results
in Fig. 15(b).

Firstly, as shown in Algorithm 2, given a degraded image
y during inference, our approach first predicts a clean ver-
sion y0 with the Initialization Prediction Network (IPN). As
shown in the first row of Fig. 15(b), IPN effectively predict a
smooth result y0 which still lacks details compared to our final
result x0.

Secondly, since we setT = 1000 andN = 400 in Algorithm 2,
we start from x400 instead of x1000. As shown in Fig. 15(a), the
noise gradually decreases with iterations from t = 400 to 0.
And the second row of Fig. 15(b) shows the effectiveness of our
data-consistency step guided by the INN.

3) Effect of Our INN: Our INN is designed to simulate the
degradation process, as in [c,d] = fφ(x,γdeg). To demonstrate
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TABLE V
QUANTITATIVE (PSNR↑/FID↓) COMPARISON ON 4× SR WITH DIFFERENT LEVELS OF GAUSSIAN NOISE

Fig. 15. Sampling process of our approach.

the ability of our INN to simulate different levels of degradation,
we present the results of c and d in the second and third rows
of Fig. 18. As a reference, the first row shows the degraded
measurements y. From left to right, the level of degradation
gradually increases, and the coarse part c in the second row also
follow this trend.

4) Effect of Step Size: The value of step size ζ is essentially
the weight that is given to the data consistency of the inverse
problem. Fig. 16 shows results with different step sizes ζ in
our non-blind INDIGO in the case of noise level σ = 0.1. One
can observe that with low values of the step size, the results
we obtain have lower consistency with the given measurements.
On the other hand, setting the step size value too high leads to
artefacts that tend to amplify the noise. Therefore, we set the step
size ζ = 0.5 and ζ = 1.5 by default in our non-blind INDIGO
and BlindINDIGO, respectively.

5) Effect of Loss Function: We explore different loss func-
tion designs for our BlindINDIGO in Table VIII, where Lpix,y ,
Lpix,img, Lfea,img denote MSE loss in measurement space
between ct and y, MSE loss in image space between x̂0,t,
x0,t and perceptual loss in image space between x̂0,t, x0,t,
respectively. One can observe that the result with loss function
Lpix,y achieves best PSNR, while the result with loss function
Lpix,y and Lfea,img achieves best perceptual quality. We use
the loss function Lpix,y and Lfea,img in all our experiments for
the blind case.

TABLE VI
PERFORMANCE OF OUR APPROACH WITH DIFFERENT NFE USING DDPM AND

DDIM IN TERMS OF PSNR↑/ LPIPS↓ ON 4× SR

6) Sampling With DDIM: To accelerate the sampling pro-
cess, we use DDIM [9] as the sampling strategy, which skips
steps in the reverse process to speed up the DDPM generating
process. We show the performance in terms of PSNR and LPIPS
with respect to the change in NFEs (number of neural function
evaluations) on the first 100 images of the testing dataset in
Table VI. One can observe that our algorithm achieves good per-
formance when NFE>=250, whereas when NFE=100, perfor-
mance deteriorates significantly. Moreover, as it can be seen in
Fig. 19, both versions of our algorithm, that is, the default version
based on DDPM with T = 1000 and the fast version based
on DDIM with T = 250, produce high-quality reconstruction
results while preserving realistic details. In addition, we apply
DDIM as the sampling strategy in our BlindINDIGO and present
the results in Table VII. As shown in Table VII, we investigate
effects of different components in our BlindINDIGO. We apply
our BlindINDIGO on 3 settings: synthetic seen degradation,
synthetic unseen degradation and real unseen degradation. For
synthetic seen degradation, we test with medium degradation
(σ= 6, δ= 25, q= 50). For synthetic unseen degradation, we set
σ=40, δ=0, and q=100. Both of them are evaluated on a subset
(first 100 images) of CelebA HQ validation dataset. For the real
unseen degradation setting, we evaluate our approach on a subset
(first 100 images) of WIDER-Test dataset. One can observe the
effect of DDIM sampling from cases 1 and 2, from cases 5 and
6, or from cases 8 and 9 in Table VII. Overall, this analysis
confirms that our approach is compatible with DDIM and that
DDIM can be used to accelerate the reconstruction process with
only a small compromise to the perceptual quality.

7) Effect of Initialization: As shown in Table VII, we inves-
tigate the effect of the initialization in our BlindINDIGO. When
comparing cases 3 and 4, or when comparing cases 9 and 11,
we can see that with our initialization strategy, our approach
performs better in terms of both reconstruction accuracy and
image quality.

8) Effect of Finetuning: As discussed in Section III-C, in
real-world scenarios with more complex degradations, the
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Fig. 16. Ablation study on the choice of step size schedule for our INDIGO.

TABLE VII
ABLATION STUDY ON BLINDINDIGO

TABLE VIII
ABLATION STUDY ON THE LOSS FUNCTION IN TERMS OF PSNR↑/ LPIPS↓ IN

THE CASE OF MEDIUM DEGRADATION ON A SUBSET OF CELEBAHQ-TEST

DATASET

Fig. 17. Some examples where our algorithm with the pre-trained INN does
not perform well under severe and complex real-world degradation conditions
(second column). This issue is fixed with our fine-tuning strategy (third column).

Fig. 18. Effect of our INN.

parameters of our INN need to be refined to simulate the
degradation process more accurately. We achieve this by finetun-
ing the parameters of our INN at testing stage. We investigate the
effect of finetuning in our BlindINDIGO in Table VII. One can
observe that our finetuning strategy contributes to performance
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Fig. 19. Results of our approach with T = 1000 and T = 250 (with DDIM)
on 4x super-resolution task.

improvement in both synthetic unseen degradation (cases 6 and
7) and real-world unseen degradation (cases 9 and 10). As shown
in Fig. 17, without finetuning, the output image becomes blurry
due to the inaccurate simulation of the degradation process.
Finetuning fixes this issue.

V. CONCLUSION

In this paper, we have introduced a novel approach that fully
leverages the power of pre-trained generative diffusion models
for inverse problems. We achieve this by introducing an INN
that enforces that the generative process of the diffusion model
be consistent with the measurements. This leads to a simple way
to effectively sample from the posterior rather than the prior as
in unconditional diffusion.

Besides being very effective, the approach is extremely flex-
ible since the degradation process can be learned from data and
refined at testing stage if necessary. In the non-blind case, since
we pre-train the forward process of INN to simulate an arbitrary
degradation process, we are no longer limited by the requirement
of knowing the analytical expression of the degradation model
and we can handle highly non-linear degradation processes. In
the blind case, we can handle unknown degradations due to
our approach that at testing stage alternately refine the INN to
better simulate the unknown degradation and update interme-
diate results with the guidance of INN during reverse diffusion
sampling.

Experiments demonstrate that our algorithm obtains compet-
itive results both quantitatively and visually on synthetic and
real-world low-quality images.

APPENDIX A
CONSENSUS STRATEGY

We propose a novel consensus strategy for our INDIGO. Our
insight is that the Langevin iteration in (14) has a random term z.
We can therefore create several parallel versions of that iteration
by using different realization of z. In this way our method
estimate several enhanced versions of the corrupted image that
can then be combined. However, instead of directly averaging
the outputs of our algorithm, we adopt an averaging operation
during the guidance of the gradient after each sampling step as
shown in Algorithm 3. It is noteworthy that our strategy supports
averaging multiple results. However, we show only the case of
averaging two results in the algorithm for simplicity.

In Table IX, we show our INDIGO with up to four parallel
versions with our consensus strategy in the non-blind case. It

Algorithm 3: INDIGO with Consensus Strategy.

TABLE IX
ABLATION STUDY ON OUR CONSENSUS STRATEGY ON NON-BLIND 4X

SUPER-RESOLUTION

TABLE X
ABLATION STUDY ON THE CONSENSUS STRATEGY OF OUR BLINDINDIGO ON

4X BLIND SR WITH MEDIUM DEGRADATION

can be seen that our consensus strategy with 3 parallel versions
achieves the best performance. Also, we can observe that as the
noise level increases, the PSNR gain brought by our strategy
is more significant. Therefore, in the non-blind case, we apply
our consensus strategy with 3 parallel results. In the blind case,
as shown in Table X, we observe that although our consensus
strategy brings gains in terms of LPIPS, it also has an impact on
the runtime. Taking into account the tradeoff between improved
image quality and the additional computational time required,
we decide not to employ our consensus strategy in the blind case.
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