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Abstract

In low-level vision such as single image super-resolution (SISR), traditional MSE or
L1 loss function treats every pixel equally with the assumption that the importance
of all pixels is the same. However, it has been long recognized that texture and edge
areas carry more important visual information than smooth areas in photographic
images. How to achieve such spatial adaptation in a principled manner has been
an open problem in both traditional model-based and modern learning-based
approaches toward SISR. In this paper, we propose a new adaptive weighted
loss for SISR to train deep networks focusing on challenging situations such
as textured and edge pixels with high uncertainty. Specifically, we introduce
variance estimation characterizing the uncertainty on a pixel-by-pixel basis into
SISR solutions so the targeted pixels in a high-resolution image (mean) and their
corresponding uncertainty (variance) can be learned simultaneously. Moreover,
uncertainty estimation allows us to leverage conventional wisdom such as sparsity
prior for regularizing SISR solutions. Ultimately, pixels with large certainty (e.g.,
texture and edge pixels) will be prioritized for SISR according to their importance
to visual quality. For the first time, we demonstrate that such uncertainty-driven
loss can achieve better results than MSE or £, loss for a wide range of network
architectures. Experimental results on three popular SISR networks show that
our proposed uncertainty-driven loss has achieved better PSNR performance than
traditional loss functions without any increased computation during testing. The
code is available at https://see.xidian.edu.cn/faculty/wsdong/Projects/UDL-SR.htm

1 Introduction

Single image super-resolution (SISR) aims at reconstructing high-resolution (HR) images from their
corresponding degraded low-resolution (LR) images. Since the publication of super-resolution with
convolutional neural network (SRCNN) [1]], there has been a flurry of works on deep learning-based
approaches toward SISR - e.g., EDSR [2], DPDNN [3]], RCAN [4]], SAN [5], and MoG-DUN [6].
The unifying theme along this line of research appears to be that deeper, bigger, and more complex
networks can achieve improved SISR performance by facilitating the reconstruction of high-frequency
details such as textures and edges in photographic images. Such improvement has been achieved
by novel network architectures (e.g., skip connections [2]), new attention mechanism (e.g., residue
channel attention [4]]), and closed-loop supervision [[7]]. Surprisingly, most of these existing methods
have adopted MSE or £, loss to optimize the parameters of networks.

The commonly used practice, such as MSE or L4 loss, treats every pixel equally regardless of whether
the pixel is in texture/edge regions or smooth areas. The optimality of such non-adaptive loss function
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(a) Img_001 from Setl4

(c) SR image f(y) (d) Difference map |& — f(y)|

Figure 1: Illustration of the difference (d) between HR image (b) and SR image (c) reconstructed by
EDSR network [2] on dataset Set14 [8]. The image reconstructed by EDSR network is shown in (c)
and (d) shows the absolute difference between the HR image and SR image. Best viewed in color.

has been questioned in the literature of SISR calling for the proposition of perceptual loss function
(e.g., [9]). From a Bayesian perspective, the assumption underlying the MSE or £; loss is that each
pixel obeys the independent and identically distribution with the same variance. Taking £, loss as an
example, the likelihood of all pixels in an image can be formulated as
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where X and y denote the pair of HR and LR image, f("W)(-) denotes an arbitrary SISR network
parameterized by W, and C; denote spatially invariant constants. However, such assumption of
stationarity or spatial invariance of image prior model is invalid for photographic images in the real
world. For instance, if one compares the ground-truth (HR image) and the SR image reconstructed
by EDSR as shown in Fig. |I| (c), it can be observed that texture areas (e.g., hair of baboon)
are not restored as good as smooth areas (e.g., nose of baboon). Fig.[I](d) depicts the absolute
difference between the HR image and reconstructed SR image, from which we can observe spatial
variation of the difference map. Such observation implies that the uncertainty of texture and edge
areas as characterized by the variance is much larger than that in smooth areas. How to address such
uncertainty-driven loss for SISR sets up the stage for this paper.

In this paper, we propose a new adaptive weighted loss (uncertainty-driven loss) for SISR by
assigning texture and edge areas with higher weights during the training process. Unlike previous
work of perceptual loss [9] focusing on characterizing content and style consistency, we target at
explicitly estimating the variance field underlying the unknown HR image in the first step, which
can be exploited as an auxiliary signal for guiding the SISR solution in the second step. A direct
consequence of our two-step learning approach is that it delivers not only higher visual quality but
also improved objective performance such as PSNR and SSIM. Moreover, uncertainty estimation
perspective allows us to easily incorporate existing models such as Jefferey’s prior [TT1]] into the
proposed SISR solution. It follows that the network training boils down to two sequential steps in
which the variance map is estimated from the first step and serves as the attention signal for the
second step. The main technical contributions are summarized as follows.

* Uncertainty modeling and estimation. We propose to cast SISR into a Bayesian estimation
framework under which SR image (mean) and uncertainty (variance) are derived simulta-
neously. Unlike previous works in which pixels with large uncertainty are attenuated for
high-level vision tasks, we advocate to prioritize them for low-level vision tasks such as
SISR.

* Uncertainty-driven loss (UDL). The estimation of variance map facilitates the training
of SISR network by dividing it into two steps. In the first step, an estimating sparsity
uncertainty (ESU) loss function was derived from the classical Jeffrey’s prior to estimate the
variance map. In the second step, the estimated variance map serves as the guidance signal
leading to adaptive weighted loss named uncertainty-driven loss LypL.

* Universality of UDL. The proposed uncertainty loss can easily be employed in any existing
SISR network to improve performance and do not increase any additional computation cost
during testing.

» Experimental results on three different baseline networks show that our proposed uncertainty-
driven loss has achieved better PSNR performance than traditional MSE or £, loss.



2 Related Work

2.1 Uncertainty in Deep Learning

Many works [[12H14] have introduced uncertainty into the regression with input-dependent noises
problems, and studied the nature and behavior of uncertainty for a long time. More recently, modeling
uncertainty in deep learning have improved the performance and robustness of deep networks in
many computer vision tasks [15H17] such as image classification [[18], image segmentation [15} [16],
and face recognition [[17, [19]. The uncertainty in deep learning can be roughly divided into two
categories [20]. Epistemic/model uncertainty describes how much the model is uncertain about its
predictions. Another type is aleatoric/data uncertainty which refers to noise inherent in observation
data. In [13]], they presented a Bayesian deep learning framework combining aleatoric uncertainty
with epistemic uncertainty for per-pixel semantic segmentation and depth regression tasks. Chang et
al.[17] investigated the data uncertainty with estimated mean and variance in face recognition. Those
uncertainty-based loss function proposed by those works [[15H17]] can be summarized as
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where f(y;) and ? denote the learned mean and variance respectively. Using above loss function
indeed improved their robustness to noisy data. In those tasks, the pixels with high uncertainty were
regarded as unreliable pixels which would bear loss attenuation. On the contrary, in SISR tasks, the
pixels with high uncertainty (e.g., complex texture or edge areas) should be prioritized since those
regions visually more important than pixels in smooth areas. That can explain why applying above
loss into SISR directly leads performance decline.

2.2 Modeling Uncertainty for SISR

To the best of our knowledge, only two works [21 [22]] have studied the behavior of uncertainty for
SISR in the open literature. [22] used batch-normalization uncertainty to analyze SISR uncertainty,
improving the robustness of the network against adversarial attack. The most recent advance related
to our work is Gradient Rescaling Attention Model (GRAM) [21]], which analyses the effect of
aleatoric/data uncertainty on SISR reconstruction. By decreasing the loss attenuation of large
variance pixels, GRAM achieves better results than applying above uncertainty loss into SISR directly.
However, GRAM [21] loss remains attenuated when the variance of pixels is high, which contradicts
the intuition of prioritizing texture and edge pixels. Thus, GRAM [21] is still inferior to baseline
methods since the proposed method fails to prioritize the pixels of large variance. Different from
GRAM, we propose a novel uncertainty-driven loss (UDL) to enforce the network concentrating
more on the pixels with large variance aiming at better reconstruction of texture and edge regions.
By quantifying the uncertainty in SISR under deep Bayesian framework, our proposed method has
achieved better results than baseline methods.

3 Methodology

Unlike traditional MSE or L; loss treating every pixel equally, the proposed new adaptive weighted
loss for SISR aims at prioritizing texture and edge pixels that are visually more important than pixels
in smooth areas. Toward this objective, we first introduce an approach of estimating intermediate
results of SR image (mean) and uncertainty (variance) simultaneously in SISR. Then, with Jeffrey’s
prior term, a regularized approach of estimating sparse uncertainty is proposed for more accurate
uncertainty estimation. An important new insight brought by this paper is that unlike high-level vision
tasks where pixels with large uncertainty are assigned lower weights to attenuate their impact [\15]],
one should prioritize these pixels in low-level vision tasks such as SISR. Such observation implies
that the attenuation of weighting coefficients in loss function needs to be properly translated into the
attention mechanism given the specific vision problem as the context.

In previous study [[15], it has been shown that explicitly representing aleatoric uncertainty can lead
to performance and robustness improvement to noise data in high-level vision tasks such as image
segmentation. Such improvement can be explained away by attenuating the weights of pixels with



large uncertainty. However, attenuation has to goojhygositedirection in low-level vision tasks such

as SISR - i.e., larger weights should be assigned to the pixels with high uncertainty (e.g., texture
and edge pixels) because they are visually more important than pixels in smooth regions. It should
be noted that existing work such as gradient rescaling strategy in GR2AMdils to recognize

such difference and does not prioritize pixels with high uncertainty. In this paper, we propose a new
adaptive weighted loss named uncertainty-driven loss (UDL) for properly turning attenuation into
attention for SISR.

Figure 2: The overview of training SISR network with proposeg, loss. The whole training
process can divided into two steps; the rst step estimates the uncertaprgcisely and the second

step generates the nal mean valugy). In stepl shown in (a), the mean valugy) and variance

are pretrained by gsy loss. During step2, as shown in (b), the mean val(@ network is trained

by Lyp. loss, while the network of inferring varianceis xed. Note that the mean valuie(y)
network of step2 starts training from the pretrained network of stepl. The Nearest Upsampling
denotes interpolation operator.

3.1 Estimating Uncertainty (EU) in SISR.

As discussed irll5], there are two classes of uncertainty in Bayesian modeling: aleatoric uncertainty
capturing noise inherent in observation data and epistemic uncertainty accounting for uncertainty
of model about its predictions. We opt to study the former (aleatoric uncertainty) and explore its
application into SISR by designing new uncertainty-driven loss (UDL) functions in this paper. In
order to better quantify aleatoric uncertainty in SISR, weys&; to denote the low-resolution (LR)
image and the corresponding high-resolution (HR) image respectively.(Dedenotes an arbitrary
SISR network and the aleatoric uncertainty can be denoted by an additive;teiithis way, the
overall observation model can be formulated as

xi=fy)+ & 3)
where represents the Laplace distribution with zero-mean and unit-variance. Existing deep-learning
based SISR methods target at training a network to learn the SR image @nfgandnly. To more
accurately characterize aleatoric uncertainty for SISR, we propose to estimate not only the SR image
(mean)f (y;) but also the uncertainty (variance) simultaneously.

For a given LR imagg; and corresponding HR image, a Laplace distributioﬁ] is assumed for
characterizing the likelihood function by

Loy BXi fO0) @
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wheref (y;) and ; denote the SR image (mean) and the uncertainty (variance) which are learned by
deep neural networks (DNNSs) respectively. Then, the log likelihood can be formulated as follows,
iXi f‘(yi)ﬂl h . In2 5)

In p(xi; ijyi)=

2The most commonly used loss function in SISR isloss which refers to Laplace distribution.
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Figure 3: SISR visual quality comparisons of EDSR2BWJith different loss function on “Img_005'
from Set5 [23] (bicubic-downsampling4). Best viewed in color.

For numerical stability, we train the networks to estimate log varianee In ; as shown in Fig. 2
(a). At last, the maximum likelihood estimation @) can be reformulated as the minimization of
following loss function for estimating uncertainty (EU) in SISR.

1 X . )
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Jeffrey's Prior for Estimating Sparse Uncertainty (ESU) in SISR. The loss functior gy includes

two terms; the rst one is associated with delity term and the second one prevents the network from
predicting in nite uncertainty for all pixels. Those two terms reach equilibrium but there is no prior
that imposed on the uncertainty estimation. Therefore, based on the observation that the uncertainty
is sparse in view of the whole image as shown in Fig. 2, we propose to impose Jeffrey'd f}ior [
p(w) / Wi on uncertainty ;, which can be expressed as

et Jixi f.(Yi)Ul)i.: leexp( Jixi fl(yi)ﬂl)
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p(xi; ilyi) = p(xijyi; i)p( i)/
Then the log likelihood and loss function can be separately formulated as follows,
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The limitations of Lgy and Lgsy loss. Applying Ley andLgsy loss leads to more accurate es-
timation of uncertainty (variance eld), but counter-intuitively, they do not directly improve the
performance of SISR. We have conducted experiments comparing those three different loss functions
to verify the above claim. As shown in Tab. 1, the average PSNR and SSIM resulggpénd

L gy are notably lower than the original results. The reason behind this observation is thatboth

andL gsy loss functions have incorporated the variance terfpi(ito the divisor of the absolution
difference term. Consequently, a pixel with a large variance will be penalized after the division
and has less impact on the overall loss function. Note that such attenuation of pixels with large
uncertainty is preferred for high-level vision tasks, as demonstrated in previous W63]on

image classi cation [18], image segmentation [15, 16], and face recognition [17, 19].

Low-level vision tasks such as SISR are much different. As shown in Fig. 1, pixels with large
uncertainty carry visually important information such as textured and edges. They need to be
prioritized (opposite to attenuation) and given larger instead of smaller weights. To verify such claim,
we have presented a simple example comparing the visual results betygandL sy as shown

in Fig. 3. It can be seen that the uncertainty captured gy loss is better thah gy loss. The
improvement oL gy in EQ. (9) overL gy in Eq. (6) is attributed to the prioritization of pixels with

large uncertaintyq; values). Fig. 3 (f) clearly demonstrate superiority of exploiting the sparsity
constraint with the uncertainty estimation.



Table 1: Average PSNR and SSIM results Birdegradation on ve datasets for investigating three
different loss. The best performance is showbatd. We record the results itt2  10° iterations.

Setb [23] Set14 [8] BSD100 [24] Urban100 [25] Mangal09 [26]
PSNR| SSIM PSNR | SSIM PSNR | SSIM PSNR | SSIM PSNR | SSIM
Original | 30.93] 0.8740 [ 27.80 | 0.7627 | 27.05 [ 0.7190 | 24.71 | 0.7351 [ 28.14 | 0.8693
EDSR-S[2] 4 Leu 30.19 | 0.8627 | 27.29 | 0.7538 | 26.78 | 0.7120 | 24.21 | 0.7179 | 26.78 | 0.8481
Lesu 30.31| 0.8637 | 27.39 | 0.7543 | 26.83 | 0.7124 | 24.27 | 0.7192 | 26.92 | 0.8496

‘ Base Model‘ Scale‘ Loss

3.2 Uncertainty-Driven Loss (UDL) for SISR

Improvement oL gsy overL gy inspired us to go one step further. To better prioritize pixels with
large uncertainty, we propose a hew adaptive weighted loss named uncertainty-driven loss (UDL)
for SISR. UnlikeL gsy loss putting a larger weight to the second term thap, we suggest that the

rst term can also be modi ed to directly associate the aleatoric/data uncertaiftiyof. That is,
instead of usingxp( s;) to attenuate the importance of pixels with large uncertainty, we need to
use a monotonically increasing function to prioritize them. Linear scaling would be a natural option,
which leads to the following loss function

1 . .
N & ixi flydiin (10)
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wheregy = s; min(s;) is a non-negative linear scaling function. To prevent uncertainty value
from degenerating into zeros, the result of uncertainty estimation network in the rst step will be
passed to the second step as the attention sigrmllf ), as shown in Fig. 2. By leveraging the log
variance to represent the challenging and cumbersome pixels with higher uncertainty, we propose
a new weighted loss named uncertainty-driven logs, . In Lyp, loss, texture and edge pixels

with higher uncertainty tend to have larger weights than those in smooth regions. In summary, the
uncertainty estimation serves as the bridge connecting two steps: it is the output of the rst step;
but passed on to the second step as the guidance required for calcuigsinpss.

3.3 Two-step Training of Dual Networks

As shown in Fig. 2, the whole training process can be divided into two steps; the rst step estimates
the uncertainty precisely and the second step generates the nal mean ¥/&luewith the aid from

the estimated uncertaintyfrom stepl. More speci cally, the mean valti¢y) and variance are
pre-trained by gsy loss during stepl as shown in Fig. 2 (a). After the uncertainty has been estimated,
the mean valué (y) network is trained by yp. loss with variance as shown in Fig. 2 (b), while

the network of inferring variance is xed.

Note that the mean valdgy) network of step2 starts training from the pre-trained network of stepl.
Such partial parameter sharing is a salient property of our proposed dual networks with parallel
symmetric attentiond7]. In theory, we can extend the two-step training into multiple-step training by
alternating between the estimation of uncertainty (varian@nd mean valué(y). Conceptually,

an improved estimation of unknown HR image can leads to an improved estimation of aleatoric
uncertainty and vice versa. This line of reasoning will lead to the pursuit of a deep equilibrium model
[28] for SISR; but it is beyond the scope of this paper.

3.4 Discussions: Why UDL Outperforms GRAM?

To the best of our knowledge, only one work GRARU] has studied data uncertainty in SISR,
which is the most related to our work. We will discuss connections and differences between proposed
UDL and GRAM [21] here. First, both GRAMZ1] and our work has found out that applying the
traditional uncertainty loss designed for high-level computer vision tasks into SISR task directly
results in performance decline. For high-level computer vision tasks, the pixels with higher uncertainty
indicates less con dence in nal inference, which needs loss attenuation. However, for SISR tasks, the
pixels with higher uncertainty (e.g., texture and edge pixels) should be prioritized with larger weights
because they are visually more important than pixels in smooth regions. To solve this problem,
GRAM [21] proposes to use uncertainty to generate an attention mask that decreases loss attenuation.
However, GRAM PR1] loss still is attenuated when the variance of pixels is high. Thus, GRAM
[27] is still inferior to baseline method since it still does not prioritize pixels with high uncertainty.



Different from GRAM, we propose an uncertainty-driven loss to assign the pixels with high variance
more weight to prioritize them. Besides, modeling uncertainty under Bayesian framework allows
us to leverage sparsity prior for a more precise estimation of uncertainty. Ultimately, our proposed
method consists of those two technical contributions that achieve better results than baseline methods
and outperform GRAM.

4 Experiments

4.1 Experimental Settings

Datasets and Metrics.800 high-quality (2K resolution) images from the DIV2K datag] have
been used for training. Following EDSR]| ve standard benchmark datasets: S&5][ Set14 B],
BSD100R4], Urban100 R5], Mangal09 26] are used for testing. Performance evaluation in terms
of of PSNR and SSIM [30] metrics is conducted on the luminance (Y) channel only.

Training Setting. We randomly select 16 RGB LR patches sizediBy 48as the inputs. The image
patches are randomly rotated by 9280 , 270 and ipped horizontally. The ADAM algorithm31]
with ;1 =0:9; ,=0:999 =10 @is adopted to optimize the network. The initial learning rate is
10 4 and decreases by half for evety 10° minibatch updates.

Degradation models. To demonstrate the effectiveness of our proposed uncertainty-driven loss
in varying degradation scenarios, we have designed the following experiments with two different
degradation models. L&l denotes bicubic downsampling. The second or@Dswhich uses
Gaussian blur followed by nearest downsampling to generate LR images. Speci cally, we apply
11 11sized Gaussian kernel with a standard deviatli@for blurring in our experiments.

SISR Networks. We choose three different networks to verify the effectiveness of proposgd
loss. The rstone is EDSR-S or called baseline networlkejn EDSR-S P] mainly consists of 16
Resblock with 64 channels, haviigpM parameters. The second one is DPDRNjhere denoiser
network is U-net under model-guided framework. The last one is a big network EIpSRBhsisting

of 32 Resblock with 256 channels, havid@V parameters. The analysis of training cost can be
found in our supplementary material.

4.2 Ablation Study

Table 2: Average PSNR and SSIM results Birdegradation on ve datasets for investigating three
different loss. The best performance is showbatd. We record the results h  10° iterations.

Set5 [23] Setl4 [8] BSDI00 [24] Urban100 [25] | Mangal09 [26]
PSNR M | PSNR M | PSNR M | PSNR M | PSNR ™

Original 3161 | 0.8862 | 28.22 | 0.7721 | 27.30 | 0.7271 | 25.25 | 0.7575 | 29.31 | 0.8907
EDSR-S[2] 4 LeytLup. | 31.83 | 0.8895 | 28.33 | 0.7754 | 27.37 | 0.7297 | 25.49 | 0.7665 | 29.70 | 0.8959
Lesutlupt | 31.90 | 0.8897 | 28.37 | 0.7755 | 27.40 | 0.7301 | 25.54 | 0.7671 | 29.77 | 0.8967

To further verify the effectiveness of sparse uncertainty estimation at step1, we have conducted an
ablation study to compare the nal PSNR/SSIM results gf, with L gy or with Lgsy at stepl. In

our ablation study, we have used! bicubic down-sampling degradation on ve frequently-used
benchmark datasets with EDSR-S backb@hejs shown in Tab. 2, both gy+L yp. andL gsy+L ypL

loss have achieved better performance than original loss. BekigdgsiL yp. l0ss obtains better
results thark gy+L yp. due to more accurate uncertainty estimation as shown in Fig. 3 (e) and (f).

‘ Base Model‘ Scale‘ Loss

4.3 Analysis of Different Weighted Loss

There are many different weighted loss guided by different weight maps, siaioasmap, Gra-
dient_mapwhich can also reveal the challenging pixels. We have conducted experiments with a
weighted loss function where the weight is a pixel-wise gradiefrasr_map The PSNR results of

ve benchmark datasets for investigating the in uence of different weighted loss functions can be
summarized in Tab. 3.

TheHR_gradient_mapndLR_gradien_maplenote calculating gradient map from high-resolution
(ground truth) images and low-resolution images respectively. The calculation of gradient can be
formulated as

V(ET) = 10+155) 1@ )HGET) = 16 +1) 13 ) 63T ) = (VAT ) H () )jj2: (11)



Table 3: Average PSNR and PSNR results withBl degradation on ve datasets for investigating
the in uence of different weighted loss functions. The best performance is shoboidn

Weighted loss | Set5 Setl4 BSD100 Urban100 Mangal09
Baseline 31.61] 0.00 | 28.22| 0.00 27.30 | 0.00 25.25 0.00 29.31 0.00
Uncertainty(Ours)| 31.90| 0.29' | 28.37 | 0.15' 27.40 | 0.10° 2554 ] 0.29 29.77 0.46'
Error_map 31.77] 0.16' | 28.30| 0.08' 27.35 0.05' 25.40 0.15' 29.57 0.26'
HR_gradient_map 31.68| 0.07" | 28.27| 0.05' 27.35 | 0.05 2542 [ 017 29.45 0.14
LR_gradient_map 31.69| 0.08" | 28.29| 0.07 27.35 | 0.05 2538 | 0.13 29.50 0.19

wherel denotes pixels value ang denotes position of pixels. Note that we adjust the scaling
functions ofError_map, HR_gradient_map and LR_gradient_najget the best performance.

From the Tab. 3, one can be observed that other weighted loss functions can indeed improve the PSNR
results, but only to certain degrees. Comparing four different weight maps, our proposed uncertainty
weighted loss function can bring the biggest improvement. AlthougEtler_mapcan represent the
variance of a single pixel, thérror_maplacks semantic information or local information to capture a
more precise estimation of variance comparing uncertainty. With regard to the gradient map of HR or
LR images, those gradient maps only well match the edges of images and have a certain correlation
to variance. Comparing the visual resultsswfor_map, HR_gradient_magndLR_gradient_map

with uncertainty mapthose maps only detect edges of images and fail re ecting complex texture
details which are important to nal reconstruction performance. Therefore, uncertainty-weighted loss
can is still valuable for achieving the best performance among other weighted maps.

4.4 Analysis of Different Scaling Functions

We have conducted experiments with several various monotonically increasing functions (including
linear and non-linear) and the results can be summarized in Tab. 4.

Table 4: Average PSNR and PSNR results witlBl degradation on ve datasets for investigating
the in uence of different scaling functions. The best performance are shobwldh

Scaling functions Set5 Setl4 BSD100 Urban100 Mangal09
Baseline 31.61| 0.00 | 28.22| 0.00 27.30 | 0.00 25.25 0.00 29.31 0.00
s min(s) 31.90| 0.29' | 28.37| 0.15 27.40 | 0.10 2554 10.29 29.77 0.46'
exp(s) 31.80] 0.19' | 28.34| 0.12 27.40 | 0.10' 25,53 | 0.28 29.66 0.35'
exp(s)®=2 31.86| 0.25' | 28.36| 0.14' 27.41 | 0.11 25.55 | 0.30 29.71 0.40'
log(s) min(log(s)) | 31.89| 0.28" | 28.39| 0.17 27.42 | 0.12 2557 [0.32 29.74 0.43

The best and second-best performances are showalin Overall, four various monotonically
increasing functions have achieved better results than the baseline method. The best two scaling
functions are linear scaling and log scaling with a slight difference as shown in the above table. Since
the linear scaling function achieves a comparable performance with low computational cost, we
advocate this choice in this paper.

(@) HR (b) HR (c) EDSR-S (d) EDSR-S-GRAM  (e) EDSR:Syp -Ours (f) Our Uncertainty
Figure 4: SISR visual quality comparisons of EDSR2Bith different loss function on “Img_004'
and “Img_016' from Urban100 [25] (bicubic-downsampling). Best viewed in color.



(a)Img_095 (b) HR (c) DPDNN (d) DPDNN-GRAM (e) DPDNN:- yp-Ours (f) Our Uncertainty

Figure 5: SISR visual quality comparisons of DPDN8#] \vith different loss function on “Img_095'
from BSD100 [24] (bicubic-downsampling4). Best viewed in color.

Table 5: Average PSNR and SSIM results Bbrdegradation on ve benchmark datasets. The best
performance is shown ibold. Note thatlL yp -Ours denotes adoptirigesy at stepl and. yp, at
step2 for simplicity.

Sei5 [23] Setl4[8] | BSDI00[24] | Urbani00[25] | Mangalod [26]
‘ Base M°de" Sca'e‘ Loss } PSNR| SSIM | PSNR| SSIM } PSNR] SSIM } PSNR]| SSIM } PSNR]| SSIM }
Original | 37.66 | 0.8504] 33.22| 0.9146] 31.95 | 0.8969] 30.71 | 0.9205] 37.79 | 0.9752
EDSR-S[2]| 2 | GRAM[21] | 37.48 | 0.9589| 32.99 | 0.9126| 31.76 | 0.8946| 30.11 | 0.9134| 37.38 | 0.9739
Lup.-Ours | 37.95 | 0.9604| 33.50 | 0.9165| 32.13 | 0.8991| 31.54 | 0.9304| 38.38 | 0.9767
Original | 37.75 | 0.9600 33.30 | 0.9150] 32.09 | 0.8990| 31.50 | 0.9220 - -
DPDNN[3]| 2 | GRAM[21] | 37.74 | 0.9597| 33.27 | 0.9148| 31.98 | 0.8973| 30.97 | 0.9238| 38.14 | 0.9758
Lup.-Ours | 38.00 | 0.9605| 33.63 | 0.9176| 32.16 | 0.8995| 31.72 | 0.9331| 38.55 | 0.9769
Original | 38.11| 0.9602| 33.92 | 0.9195| 32.32 | 0.9013| 32.93 | 0.9351| 39.10 | 0.9773
EDSR[2] | 2 | GRAM[21] | 37.87 | 0.9604| 33.43 | 0.9164| 32.08 | 0.8990| 31.46 | 0.9301| 37.91 | 0.9765
LupL-Ours | 38.29 | 0.9615| 34.14 | 0.9236| 32.40 | 0.9027| 32.99 | 0.9446| 3953 | 0.9787
Original | 33.90 | 0.0231] 29.95 | 0.8352| 28.85 | 0.7996] 27.30 | 0.8344] 32.52 | 0.9369
EDSR-S[2]| 3 | GRAM[21] | 33.27 | 0.9178| 29.60 | 0.8298| 28.60 | 0.7936| 26.52 | 0.8142| 31.14 | 0.9258
LuoL-Ours | 34.15 | 0.9251| 30.15 | 0.8388| 28.99 | 0.8021| 27.72 | 0.8430| 32.97 | 0.9406
Original | 33.93 | 0.9240 30.02 | 0.8360| 29.00 | 0.8010| 27.61 | 0.8420 - -
DPDNN[3] | 3 | GRAM[21] | 33.92 | 0.9241| 3000 | 0.8362| 28.86 | 0.8000| 27.37 | 0.8353| 32.41 | 0.9373
Lup,-Ours | 34.30 | 0.9267| 30.31 | 0.8419| 29.10 | 0.8047| 28.02 | 0.8505 33.27 | 0.9435
Original | 34.65 | 0.9280| 30.52 | 0.8462| 29.25 | 0.8093| 28.80 | 0.8653| 34.17 | 0.9476
EDSR[2] | 3 |GRAM[21] | 34.34 | 0.9270| 3028 | 0.8412| 20.07 | 0.8044| 27.98 | 0.8789| 33.32 | 0.9432
Luo,-Ours | 34.83 | 0.9312| 30.69 | 0.8497| 29.28 | 0.8109| 28.99 | 0.8697 | 34.63 | 0.9502

Original 31.61] 0.8862| 28.22 | 0.7721| 27.30 | 0.7271| 25.25 | 0.7575] 29.31 | 0.8907
EDSR-S [2] 4 | GRAM[21] | 31.08 | 0.8787| 27.89 | 0.7670| 27.12 | 0.7229| 24.81 | 0.7429| 28.18 | 0.8762
LuypL-Ours | 31.90 | 0.8897| 28.37 | 0.7755| 27.40 | 0.7301| 25.54 | 0.7671| 29.77 | 0.8967
Original 31.72 1 0.8890| 28.28 | 0.7730| 27.44 | 0.7290| 25.53 | 0.7680 - -

DPDNN [3] 4 | GRAM[21] | 31.89 | 0.8913| 28.37 | 0.7772| 27.41| 0.7314| 25.63 | 0.7708| 29.70 | 0.9003
LupL-Ours | 32.20 | 0.8944| 28.60 | 0.7819| 27.56 | 0.7356| 26.09 | 0.7862| 30.38 | 0.9082
Original 32.46 | 0.8968| 28.80 | 0.7876| 27.71 | 0.7420| 26.64 | 0.8033| 31.02 | 0.9148
EDSR [2] 4 | GRAM[21] | 32.32 | 0.8971| 28.73 | 0.7858| 27.66 | 0.7395| 26.35 | 0.7955| 30.73 | 0.9125
L yp.-Ours | 32.59 | 0.8998| 28.87 | 0.7889| 27.78 | 0.7431| 26.75 | 0.8054| 31.24 | 0.9167

4.5 Results with Bl Degradation Model

For bicubic downsampling (BI), we have compared propdsgsl loss function with GRAM 21]

and original loss functions such BSEor L ; on three different SISR networks. The average PSNR
and SSIM results in Tab. 5 are cited from corresponding papers or retrained from of cially released
code. It is easy to see that our propote@, loss function is superior to GRAM[L] and original

Table 6: Average PSNR and SSIM results B degradation on ve benchmark datasets. The best
performance is shown ibold. Note thatl yp, -Ours denotes adoptingesy at stepl and. yp. at
step2 for simplicity.

Set5 [23] Setl14 [8] BSD100 [24] | Urban100 [25] | Mangal09 [26]
PSNR] SSIM | PSNR| SSIM | PSNR| SSIM | PSNR| SSIM | PSNR| SSIM
Original 31.70 | 0.8903| 28.37 | 0.7778| 27.37 | 0.7320| 25.77 | 0.7789| 29.83 | 0.9014
EDSR-S [2] 4 | GRAM[21] | 30.98 | 0.8791| 27.85 | 0.7667| 27.05 | 0.7225| 24.79 | 0.7452| 28.12 | 0.8773
LypL-Ours | 31.97 | 0.8927| 28.45| 0.7793| 27.41 | 0.7321| 25.95 | 0.7842| 30.18 | 0.9053

Original 31.86 | 0.8923] 28.38 | 0.7780| 27.36 | 0.7311] 25.82 | 0.7812| 29.77 | 0.9033
DPDNN [3] 4 | GRAM[21] | 31.75| 0.8913| 28.33 | 0.7765| 27.32 | 0.7302| 25.62 | 0.7739| 29.55 | 0.9003
LypL-Ours | 32.03 | 0.8949| 28.60 | 0.7828| 27.48 | 0.7355| 26.21 | 0.7931| 30.35 | 0.9097

Original 32.17 | 0.8975| 28.65| 0.7856| 27.59 | 0.7400| 26.56 | 0.8043| 30.66 | 0.9134
EDSR [2] 4 | GRAM[21] | 32.13 | 0.8963| 28.57 | 0.7822| 27.49 | 0.7362| 26.19 | 0.7916| 30.48 | 0.9097
L ypL-Ours | 32.37 | 0.8986| 27.74 | 0.7867 | 27.62 | 0.7407| 26.65 | 0.8065| 30.81 | 0.9149

‘ Base Model‘ Scale‘ Loss
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