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Abstract
In this paper, we propose a new control framework called the moving endpoint control to restore images corrupted

by different degradation levels using a single model. Our Contribution can be summarized as
•We are the first to use convolutional RNN for image restoration with unknown degradation levels, where the

unfolding time of the RNN is determined dynamically at run-time by a policy unit (could be either handcrafted or
RL-based).
• The proposed model achieves state-of-the-art performances with significantly less parameters and better running

efficiencies than some of the state-of-the-art models.
•We reveal the relationship between the generalization power and unfolding time of the RNN by extensive experi-

ments. The proposed model, DURR, has strong generalization to images with varied degradation levels and even
to the degradation level that is unseen by the model during training.
• The DURR is able to well handle real image denoising without further modification. Qualitative results have

shown that our processed images have better visual quality, especially sharper details compared to others.

Introduction
In this paper, we propose a single image restoration model that can robustly restore images with varied
degradation levels even when the degradation level is well outside of that of the training set. Our
proposed model for image restoration is inspired by the recent development on the relation between
deep learning and optimal control.

Our proposed model for image restoration is inspired by the recent development on the rela-
tion between deep learning and optimal control. The key idea is to consider the residual block
xn+1 = xn + f (xn) as an approximation to the continuous dynamics Ẋ = f (X). In particular, the
training process can be understood as solving the following control problem:

min
w

(
L(X(T ), y) +

∫ τ

0
R(w(t), t)dt

)
s.t. Ẋ = f (X(t), w(t)), t ∈ (0, τ ) (1)

X(0) = x0.

Here x0 is the input, y is the regression target or label, Ẋ = f (X,w) is the deep neural network with
parameter w(t), R is the regularization term and L can be any loss function to measure the difference
between the reconstructed images and the ground truths.

In the context of image restoration, the control dynamic Ẋ = f (X(t), ω(t)), t ∈ (0, τ ) can be, for
example, a diffusion process learned using a deep neural network. The terminal time τ of the diffusion
corresponds to the depth of the neural network. Previous works simply fixed the depth of the network,
i.e. the terminal time, as a fixed hyper-parameter. However the optimal terminal time of diffusion
differs from image to image. Furthermore, when an image is corrupted by higher noise levels, the
optimal terminal time for a typical noise removal diffusion should be greater than when a less noisy
image is being processed. This is the main reason why current deep models are not robust enough
to handle images with varied noise levels. In this paper, we no longer treat the terminal time as a
hyper-parameter. Instead, we design a new architecture that contains both a deep diffusion-like network
and another network that determines the optimal terminal time for each input image. We propose a
novel moving endpoint control model to train the aforementioned architecture. We call the proposed
architecture the dynamically unfolding recurrent restorer (DURR). Our new model can be written as

min
w,τ (x)

L(X(τ ), y) +

∫ τ (x)

0
R(w(t), t)dt

s.t. Ẋ = f (X(t), w(t)), t ∈ (0, τ (x)) (2)
X(0) = x.
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Pipeline of the dynamically unfolding recurrent restorer (DURR).

Training the restoration unit
If the terminal time τ for every input xi is given (i.e. given a certain policy), the restoration unit
can be optimized accordingly. We would like to show in this section that the policy used during
training greatly influences the performance and the generalization ability of the restoration unit. More
specifically, a restoration unit can be better trained by a good policy. We tested three policies:

•Naive Policy: fix the loop time τ as a constant for every input

•Refined Policy: manually assign an unfolding time for each degradation level during training

The training is done on both single noise level (σ = 40) and multiple noise levels (σ = 35, 45).

As we can see, the refined policy brings the best performance on all the noise levels including 40. The
restoration unit trained for specific noise level (i.e. σ = 40) is only comparable to the one with refined
policy on noise level 40. The restoration unit trained on multiple noise levels with naive policy has the
worst performance.

Training the policy unit
We discuss two approaches that can be used as policy unit:

Handcraft policy: One potential stopping criterion of the diffusion is no-reference image quality
assessment, which can provide quality assessment to a processed image without the ground truth
image. However, to the best of our knowledge, the performances of these assessments are still far
from satisfactory. Because of the limitations of the handcraft policies, we will not include them in our
experiments.

Reinforcement learning based policy: The role of the policy network is to stop the iteration of the
restoration unit when an ideal image restoration result is achieved. The reward function of the policy
unit can be naturally defined by

r({Xi
n}) =

{
λ (L(xn−1, yi)− L(xn, yi)) If choose to continue
0 Otherwise (3)

In order to solve the problem, we need to optimize two networks simultaneously, i.e. the restoration
unit and the policy unit. The first is an restoration unit which approximates the controlled dynamics
and the other is the policy unit to give the optimized terminating conditions. The objective function we
use to optimize the policy network can be written as

J = EX∼πθ
Ni∑
n

[r({Xi
n, w})], (4)

where πθ denotes the distribution of the trajectories X = {Xi
n, n = 1, . . . , Ni, i = 1, . . . , d} under

the policy network P (·, θ). Thus, reinforcement learning techniques can be used here to learn a neural
network to work as a policy unit. We utilize Deep Q-learning as our learning strategy and denote
this approach simply as DURR. However, different learning strategies can be used (e.g. the Policy
Gradient).

Results

Denoising Results
The training set and test set of BSD500 (400 images) are used for training. For the training process of
the restoration unit, the noise levels of 25, 35, 45 and 55 are used.

BM3D WNNM DnCNN-B UNLNet DURR

𝜎 = 25 28.55 28.73 29.16 28.96 29.16

𝜎 = 35 27.07 27.28 27.66 27.50 27.72

𝜎 = 45 25.99 26.26 26.62 26.48 26.71

𝜎 = 55 25.26 25.49 25.80 25.64 25.91

𝜎 = 65 24.69 24.51 23.40 - 25.26

𝜎 = 75 22.63 22.71 18.73 - 24.71

Average PSNR (dB) results for gray image denoising on the BSD68 dataset. Values with ∗ means the
corresponding noise level is not present in the training data of the model. The best results are indicated

in red.
We test our model and DnCNN on extreme noise level 95dB. DURR has strong generalization to

images with varied degradation levels and even to the degradation level that is unseen by the model
during training.

Ground Truth, Noisy Input(10.48dB), DnCNN Ouput(14.46dB) and DURR Output(24.94dB)
respectively.

Ground Truth, Noisy Input(10.48dB), DnCNN Ouput(14.72dB) and DURR Output(21.00dB)
respectively.

JPEG Deblocking Results
Quantitative results of LIVE1 dataset are shown in the table below. Though the number of parameters
of DURR is significantly less than the DnCNN-3, the proposed DURR outperforms DnCNN-3 in
most cases. Specifically, considerable gains can be observed for our model on seen QFs, and the
performances are comparable on unseen QFs.

QF JPEG SA-DCT AR-CNN DnCNN-3 DURR

10 27.77 28.65 28.53 29.40* 29.23*

20 30.07 30.81 30.88 31.59 31.68

30 31.41 32.08 32.31 32.98 33.05

40 32.45 32.99 33.39 33.96 34.01*

The average PSNR(dB) on the LIVE1 dataset. Values with ∗ means the corresponding QF is not
present in the training data of the model. The best results are indicated in red and the second best

results are indicated in blue.
More details see: https://i.buriedjet.com/projects/DURR/


