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Rethinking RGB Color Representation for Image Restoration Models
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Abstract

Image restoration models are typically trained
with a pixel-wise distance loss defined over the
RGB color representation space, which is well
known to be a source of blurry and unrealistic
textures in the restored images. The reason, we
believe, is that the three-channel RGB space is
insufficient for supervising the restoration models.
To this end, we augment the representation to hold
structural information of local neighborhoods at
each pixel while keeping the color information
and pixel-grainedness unharmed. The result is
a new representation space, dubbed augmented
RGB (aRGB) space. Substituting the underlying
representation space for the per-pixel losses fa-
cilitates the training of image restoration models,
thereby improving the performance without af-
fecting the evaluation phase. Notably, when com-
bined with auxiliary objectives such as adversarial
or perceptual losses, our aRGB space consistently
improves overall metrics by reconstructing both
color and local structures, overcoming the con-
ventional perception-distortion trade-off.

1. Introduction

Since VDSR (Kim et al., 2016b) and EDSR (Lim et al.,
2017), training an image-to-image deep neural network has
been a promising practice for dealing with image restoration
tasks. This has led to much interest in the learning objec-
tives for better supervision of image restoration networks.
Most of the works have focused on exploiting semantic prior
knowledge (Wang et al., 2018b; Zhang et al., 2019; Park
et al., 2023), typically in the form of adversarial (Good-
fellow et al., 2014) and VGG perceptual losses (Johnson
etal., 2016). These loss functions are regarded as add-ons
to a per-pixel RGB distance, which has been a unanimous
choice regardless of the underlying restoration problem.
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Figure 1. The aRGB representation space. Our augmented
RGB (aRGB) space is designed to replace the RGB space for
calculating per-pixel losses to train image restoration models. Un-
like conventional per-pixel distances over the RGB space, the
same distances defined over our aRGB space convey pixel-grained
structural information, which is crucial for high-fidelity image
reconstruction. Our aRGB space also enjoys interpretability, for
any embedding & is orthogonally decomposable into the color en-
coding & and the structure encoding parts & .

Unfortunately, as highlighted in (Ledig et al., 2017), this
per-pixel loss defined over the RGB color representation
is the primary cause of blurriness commonly found in the
restoration results. We attribute these well-known short-
comings to the lack of local structural information within
the three-dimensional feature at each pixel. Since per-pixel
distance metrics are applied to each pixel independently, the
network is guided towards a mean RGB value estimator for
each pixel. Hence, the result appears to be blurry in a global
sense. Nevertheless, the per-pixel RGB color difference has
been considered a necessary evil due to its pixel-grained

arXiv preprint, 2024. Copyright 2024 by the author(s).



Rethinking RGB Color Representation for Image Restoration Models

supervision. The image restoration model should be trained
to preserve the extremely dense, pixel-grained correspon-
dence between the low-quality inputs, the reconstructions,
and the ground truth images. This is the reason previous
solutions utilizing auxiliary loss functions such as percep-
tual loss (Johnson et al., 2016) and adversarial loss (Ledig
et al., 2017; Zhang et al., 2021) still rely on the per-pixel
loss in the RGB space. Perceptual losses using classifier
backbones reduce the spatial dimension of the image, and
thus fail to provide pixel-perfect structural information even
if they are used along with a per-pixel RGB difference loss.
Adversarial losses, on the other hand, do not rely on the
pairwise distances but only on the distributional shift of
each unit patch received by the discriminator network, in-
evitably leading to inaccurate restoration. Consequently,
the common practice of mixing the per-pixel RGB distance
with those additional losses cannot provide accurate, pixel-
grained supervision of color and local structure.

Instead, we seek our solution by directly changing the per-
pixel loss. Focusing on the deficiency of information in the
underlying RGB representation space, we propose to aug-
ment this representation with local structural information.
This leads to our augmented RGB (aRGB) representation
space, serving as a substitute for the traditional RGB space
over which per-pixel losses are defined. Our solution re-
lies on a translating autoencoder consisting of a nonlinear,
mixture-of-experts (Jacobs et al., 1991) encoder and a lin-
ear decoder that translates images between the RGB and
the aRGB spaces. This architecture ensures almost per-
fect preservation of the color information (> 60 dB PSNR)
while embedding diverse, multimodal distributions of local
image structure.

Overall, our contributions can be summarized as follows:

* We present a novel approach to solve the perception-
distortion trade-off by training a network over alternative
representation space—our aRGB space. This involves
creating a novel autoencoder to obtain the aRGB space.

* With only a few lines of additional code, our method is
seamlessly applied to any existing restoration models.

* The pixel-wise loss over our aRGB space not only en-
hances distortion metrics but also consistently improves
perceptual metrics when combined with traditional per-
ceptual objectives, all without affecting the testing phase.

* We provide comprehensive analysis on our aRGB space
for interpretable low-level image representation.

2. Related Work

Pairwise loss in image restoration. Training a deep neu-
ral network that translates low-quality images into high-
quality estimates has undoubtedly become the standard way

of solving image restoration. While most of the advance-
ments have been made in the network architecture (Kim
et al., 2016b; Lim et al., 2017; Nah et al., 2017; Tong et al.,
2017; Wang et al., 2018b; Zhang et al., 2018b; Waqas Za-
mir et al., 2021; Liang et al., 2021; Waqas Zamir et al.,
2022; Chen et al., 2022), the importance of loss functions
is also widely acknowledged. Since SRCNN (Dong et al.,
2016), the first pioneer, employed the MSE loss, the first im-
age restoration models had been trained with the MSE loss
(Kim et al., 2016a;b; Nah et al., 2017; Zhang et al., 2017).
However, after EDSR (Lim et al., 2017) reported that better
convergence can be achieved with L loss, various pairwise
loss functions are explored. LapSRN (Lai et al., 2017) re-
discovers Charbonnier loss (Bruhn et al., 2005), a type of
smooth L, loss, for image super-resolution, which is also
employed in image deraining (Jiang et al., 2020) with a new
edge loss, defined as a Charbonnier loss between Laplacians,
which is then employed in general restoration by MPRNet
(Waqas Zamir et al., 2021). NAFNet (Chen et al., 2022),
on the other hand, uses the PSNR score directly as a loss
function. In accordance with these approaches, we attempt
a more general approach to design a representation space
over which those loss functions can be redefined.

Structural prior of natural images. It is generally rec-
ognized that a convolutional neural network, either trained
(Simonyan & Zisserman, 2015) or even untrained (Ulyanov
et al., 2018), contains structural prior that resonates with
the internal structure of natural images. Attempts to ex-
ploit this information include the perceptual loss (Johnson
et al., 2016; Zhang et al., 2018a; Ding et al., 2020). Adver-
sarial losses (Goodfellow et al., 2014) can also be seen as
utilization of structural priors (Wang et al., 2018b; Zhang
et al., 2019; Park et al., 2023), as they rely on the gradients
calculated from the structural differences between real and
restored images. On the other hand, dual domain-based
losses (Cui et al., 2023; Cho et al., 2021) seek a way to
provide supervision regarding nonlocal structures by cal-
culating difference in the Fourier domain. However, all of
those losses are auxiliary, and thus cannot eliminate the
strong averaging effect of the pixel-wise loss over the RGB
space. Instead, we directly replace the RGB space with our
aRGB space that is both color-preserving, pixel-perfect, and
contains pixel-grained structural information. Our approach,
therefore, can be orthogonally used with the auxiliary losses,
such as perceptual loss, for better performance.

Mixture of Experts. Instead of relying on a single model
to handle complex large-scale data, a more effective ap-
proach is to distribute the workload among multiple workers—
the experts. Mixture of Experts (MoE) (Jacobs et al., 1991),
now a classic paradigm in machine learning, consists of a
routing strategy (Shazeer et al., 2017) and multiple expert
models, each of which processes a subset of the training data
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(a) The architecture of our aRGB encoder f .

(b) Training the aRGB autoencoder.

Figure 2. The design and the training of the «RGB autoencoder. Defined with a mixture-of-experts encoder and a linear decoder, the
aRGB autoencoder translates an RGB image into aRGB and back. This design allows us to imbue gradient-based supervision from
any per-pixel distance loss with rich pixel-grained structural information, while preserving color information. After training the aRGB
encoder as an autoencoder fashion, it remains frozen during the training of restoration models.

partitioned and given by the router. Recent studies (Zhou
et al., 2022; Fedus et al., 2022) have shown the advantages
of MoE in deep learning. Two main challenges arise when
working with MoE in deep learning: limited computational
resources and training stability (Fedus et al., 2021; He et al.,
2021). In response to these challenges, we employ a balanc-
ing loss (Fedus et al., 2022) to ensure the stable training of
expert networks and incorporate MoE exclusively during
the training phase, leaving the testing phase unaffected.

3. Lifting the RGB to aRGB
3.1. The aRGB Autoencoder

Our primary goal is to design a representation space for
low-level vision tasks in order to facilitate training of image
restoration networks. Designing a representation space is
achieved by defining the encoder and the decoder to trans-
late images back and forth between the RGB space and the
target space. We can split our goal into two parts: (1) the
feature at each pixel in our space is required to encode its
neighboring structure, and (2) the integrity of the color infor-
mation should be preserved. To fulfill the first requirement,
our encoder is a size-preserving ConvNet with nonlineari-
ties to capture the structure among adjacent pixels. For the
latter, we employ a per-pixel linear decoder, i.e., a 1 x 1 con-
volution, to strongly constrain the embedding of a pixel to
include its RGB color information. The overall architecture
is illustrated in Figure 2.

We start from an RGB image € R3**#*W  Our con-
volutional encoder f transforms image x into a feature
&€ € ROXHXW of a new representation space. Unlike typ-
ical undercomplete autoencoders, which remove informa-
tion from their inputs, we aim to add more information
regarding local structures for each pixel [£];; at coordinate
(i,4) . Therefore, C' must be greater than 3, and the recep-
tive field size R should be greater than unity. Our decoder

g : & — x is effectively a single 1 x 1 convolution. That
is, we can express g([£];;) as a per-pixel linear operation:
9([€li;) = A[€];;+b, where A € R**C and b € R3. This
ensures that each feature [£];; in our representation space
extends the color information presented in [x];; , hence the
name of our new representation, augmented RGB. Addition-
ally, using a linear decoder g offers an interpretability: we
can regard the nullspace of A, i.e., the set of undecoded
information, as a reservoir of any extra information captured
by the encoder f other than local colors.

What is crucial at this juncture is to define our aRGB space
to effectively capture the highly varying, complex mixture
of information from the color and the neighboring struc-
ture at each pixel. To this end, we employ a mixture-of-
experts (MoE) architecture (Jacobs et al., 1991; Shazeer
et al., 2017; Fedus et al., 2022) within our encoder. We
choose this design based on our conjecture that the topology
of the space of image patches is disconnected and, therefore,
can be more efficiently modeled with a MoE architecture
than a single ConvNet. For the set of the smallest images,
i.e., a set of pixels, we can argue that their domain is a
connected set under absence of quantization, since a pixel
can take arbitrary color value. This does not hold in general
if the size of the patches becomes large enough to contain
semantic structures. In fact, we cannot interpolate between
two images of semantically distinct objects in the natural
image domain, e.g., there is no such thing as a half-cat
half-airplane object in nature. This implies that topologi-
cal disconnectedness emerges from the domain of patches
as the size of its patches increases. Since a single-module
encoder is a continuous function, learning a mapping over
a disconnected set may require deeper architecture with a
lot of parameters. An MoE encoder, per contra, can model
a discontinuous map more effectively through its discrete
routing strategy between small, specialized experts. We will
revisit our conjecture in Section 5.
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Table 1. Results on real image denoising.

Table 2. Results on motion blur deblurring.

SIDD GoPro HIDE
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Figure 3. Qualitative comparison of real image denoising models trained with different loss functions. Each column corresponds
to each row in Table 1. N32 corresponds to NAFNet-width32 and N64 corresponds to NAFNet-width64. The bottom row shows the

maximum absolute difference in color with a range of [0, 1].

In practice, an RGB image € R3>*7*W js fed into the
router f; as well as K encoders fi,..., fxr. The router
fr 1s a five-layer ConvNet classifier with a softmax at the
end. The output of the router y = f.(x) € [0, 1]E>*HxW
partitions each pixel of x into K different bins with top-1
policy. This is equivalent to generating mutually exclu-
sive and jointly exhaustive K masks my, ..., mg of size
H x W . The features & = fi(x),...,E€x = fx (&) are
aggregated into a single feature £ = f(x) € REXH*W .

K
=) mp© fi(w)

k=1

ey

K
= Z 1(k = argkr/nax[fr(w)]kr) O filx), (@)
k=1

where © is an element-wise multiplication and 1 is the
indicator function. We ensure that (g o f)(x) = ' ~ x by
training f and g jointly in an autoencoder scheme. After
the training, the decoder g is discarded and the encoder f is
used to generate aRGB representations from RGB images.

3.2. Training the Autoencoder

Our objective is to ensure that the aRGB encoder f ef-
fectively learns accurate low-level features from clean (or

sharp) and natural images. To achieve this goal, we make
use of a dataset D, consisting of clean image patches. With
this dataset, the aRGB autoencoder is trained to minimize
the L, distance between a patch © € D and its reconstruc-
tion (go f)(z) . In addition, likewise in Switch Transformer
(Fedus et al., 2022), a load-balancing 10sS Lyajance 1S applied
to encourage the router f; to distribute pixels evenly across
the K experts during training:

Lbalance - K Z Z

=1 j=1

[max fr( } , 3)
which is minimized when the distribution is uniform with
the value of unity. Furthermore, to increase the sensitivity of
the encoder f, we simply add an isotropic Gaussian noise
at the output of the encoder only during the training of the
aRGB autoencoder. Therefore, the reconstruction loss for
the autoencoder is:

Lrecon = ||g(f(:l:) + Z) - m”l ) (4)

where z ~ N(0, I'). Although the decoder is only informed
with three color channels of each pixel during the training,
we observe that the latent space does not degenerate into
trivial solutions. See Appendix A for more information.
Overall, the training loss for the aRGB autoencoder is:

LAE = Lrecon + )\Lbalance . (5)
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Figure 4. Qualitative comparison of motion blur deblurring models trained with different loss functions. Each column corresponds
to each row in Table 2. The bottom row is the maximum absolute RGB difference.

In practice, we choose A = 0.01. The final autoencoder
achieves 67.21 dB in the reconstruction of the Set5 bench-
mark (Bevilacqua et al., 2012). In other words, the average
RGB color difference is below a tenth of the quantization
step. Henceforth, we will consider our aRGB autoencoder
lossless in the analysis in Section 5. More implementation
details are provided in Appendix B.

3.3. Integration into Existing Restoration Frameworks

Figure 1c illustrates the overall pipeline for integrating our
aRGB into the existing restoration framework. The inter-
face is similar to the famous perceptual loss (Johnson et al.,
2016), but unlike perceptual loss, the resulting aRGB losses
are pixel-grained and color-preserving, and completely re-
places the RGB per-pixel loss. Training image restoration
models with respect to the aRGB space only requires a few
lines of code modification. Typically, an image restoration
model is trained to minimize a per-pixel distance Lpixel , Op-
tionally combined with some auxiliary losses Layyx , such as
a perceptual loss (Johnson et al., 2016) or an adversarial
loss (Ledig et al., 2017). The overall loss function can be
represented as:

LRGB(mv :ij) = Lpixel(m7 "f}) + Laux(ma C&) ) (6)

where x is the ground-truth image and  is the restoration
result. To train the model in the aRGB space, we are only
required to modify the input to the per-pixel loss Lpixei. That
is, the per-pixel distances are now computed between the
images in the aRGB space, namely, f(x) and ().

LaRGB(w, :i:) - Lpixel(f(a:)v f(:i:)) + Laux(ma :ﬁ) . (7)

Since what we present is not a specific loss function but the
underlying space itself, our method can be seamlessly inte-
grated with any existing restoration framework regardless
of the type of per-pixel loss it uses.

4. Experiments
4.1. Comparison with Previous Methods

To demonstrate our proposed aRGB space, we conduct ex-
periments across various image restoration tasks, including
denoising, deblurring, and super-resolution. We also show
the versatility of our representation space-based approach by
applying diverse types of pixel-wise losses over the aRGB
space, e.g., L1 , PSNR and Charbonnier loss. Furthermore,
we empirically show the benefit of combining our per-pixel
aRGB loss function with conventional perceptual quality-
oriented objectives, including VGG and adversarial losses.

Distortion-oriented: Tables 1 and 2 demonstrate the effi-
cacy of our aRGB representation across various pixel-wise
loss objectives. In all comparisons, we substitute the RGB
space with our aRGB space in the target domain of pixel-
wise loss, as illustrated in Equation 4. Specifically, in Ta-
ble 1, using NAFNet (Chen et al., 2022) with Ly loss and
Lpgnr, our aRGB representation yields better PSNR and
SSIM scores than the model trained directly with the original
PSNR metric. Here, a per-pixel PSNR loss Lpsng repre-
sents a mathematically equivalent form of the Lo loss. The
table indicates that our aRGB representation preserves RGB
information and incorporates additional local structural in-
formation, enhancing denoising supervision. Furthermore,
experiments with different metrics highlight the impact of
changing the representation space on training dynamics, of-
fering unexpected benefits, as seen with NAFNets trained
for the L1 metric in our aRGB space (last rows of Table 3).

Moreover, in Table 2, employing a Charbonnier loss (Bruhn
et al., 2005), we observe significant improvements in train-
ing MPRNet (Waqas Zamir et al., 2021) for motion blur
deblurring when the loss is applied in our aRGB space,
compared to the RGB space. Furthermore, Table 2 and
Figure 4 demonstrate significant improvements, orthogonal
to existing enhancement techniques such as test-time local
converter (TLC) (Chu et al., 2022). Our experiments indi-
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Table 3. Quantitative results on training 4 x super-resolution ESRGAN in the aRGB space. In our methods using aRGB representa-
tion, we modify only the L, loss by exchanging it with the L1 4rgg loss. All the other training hyperparameters are left untouched. Better
scores in each block are shown in boldface text. More results are in Table 10 in Appendix C.

DIV2K-Val Urban100
Objective PSNR? SSIMt LPIPS| NIQE|, FID| PSNR{ SSIMt LPIPS| NIQE| FID/
0.01L1  + Lygg + 0.005Laq,T 26627 07033 0.1154 3.0913 13.557 22776 0.7033 0.1232 42067 20.616
0.01L1 aros + Lvoo + 0.005L4, 26845 07500 01110 29615 12799 23270 0.7196 0.1183 3.8982 17.739

TThe official ESRGAN model (Wang et al., 2018b).

(a) LR

(b) RRDBNet

(c) ESRGAN

(e) HR

(d) L1, ar6B + Lvce + Lagy

Figure 5. Qualitative comparison of ESRGAN models trained with different loss functions. Each column corresponds to each row in
Table 3. The loss weights are omitted for brevity, ESRGAN corresponds to the 0.01L1 + Lvgg + 0.005La¢y in Table 3.

cate that our aRGB representation enhances the training of
image restoration models across various tasks, architectures,

Table 4. The number of parameters of the losses.

and loss functions, synergizing with other techniques like Objective  # params (M)

edge loss and test-time local converter. Ivog 202
Lagy 80.2

Perceptual quality-oriented: To demonstrate the strong Lorca 5.3

synergy of our proposed pixel-wise loss with perceptual
losses (e.g., VGG loss (Johnson et al., 2016) and adversarial
loss (Goodfellow et al., 2014)), we compare our approach on
photo-realistic super-resolution. To elaborate, Table 3 shows
a comparison using the ESRGAN (Wang et al., 2018b) as
a baseline. The consistent improvement in both distortion
metrics (e.g., PSNR and SSIM) and perceptual metrics (e.g.,
LPIPS, NIQE, and FID), deviating from the conventional
trade-off between them, underscores the effectiveness of
our modified L qrgp Objective in stabilizing the adversarial
training of a super-resolution model. This indicates that the
local structural information within our aRGB representa-
tion complements supervision from a pre-trained classifier,
resulting in superior performance in both distortion-based
and perceptual metrics compared to the original ESRGAN.
The improvements in PSNR and SSIM scores align with
our design philosophy, emphasizing that RGB colors are
included as a subspace in our aRGB representation.

Computational overhead: Since our method incorpo-
rates an additional aRGB encoder model f during the train-
ing of the image restoration model, there is an associated
increase in computational overhead. Table 4 provides a com-
parison of the computational burden with other conventional
objectives that utilize additional modules during the train-
ing process. Notably, our aRGB encoder f requires fewer
parameters compared to the alternatives, demonstrating its
efficiency. Specifically, for the adversarial loss Lagy, We
quantify the number of parameters based on the discrimi-
nator of ESRGAN (Wang et al., 2018b). In comparison to
the super-resolution model itself, our overhead is not sub-
stantial, accounting for only 9% of the entire model. Also,
please note that our method exclusively applies to the train-
ing phase of the restoration model, incurring no additional
computational overhead during test time.
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Metric Conversion between RGB and aRGB Representations
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Figure 6. Understanding the learned «RGB representation. Figure 6a show a visual example of aRGB embedding inversion. Figure 6b
and 6¢ reveal clear evidence that the experts of our aRGB encoder f are specialized for a particular type of input structures, and that even
the embedding vectors within a single patch are clustered in a complicated manner, justifying our usage of MoE architecture. Figure 6d
shows how the distance metric changes in the aRGB space relative to the distance in the RGB space. Mean distances and their standard
deviations are measured by MSE losses between an image and the same image with 100 AWGNSs with the same standard deviation. Note
that the aRGB space slightly exaggerates the distance more outside natural image domain, e.g., Gaussian noise, and the metric’s variance

is negligibly small. More examples are in Appendix E.

5. Discussion
5.1. Nullspace of the Decoder

In addition to the design simplicity, our pixel-wise lin-
ear decoder enjoys an additional benefit: decomposability.
Since our autoencoder is almost lossless, we will consider
that the RGB = € R3 and the aRGB ¢ = f(x) € R®
representations of any given image equivalent. That is,
' = g(€) = AE+b = x. As aresult of the linear-
ity of our decoder g, the aRGB representation £ can be
decomposed into the sum of two orthogonal components:

E=¢§ +&L, (8)
st fi(z) = ¢ = ATAE ©)
and f(x)=¢& =T —ATA, (10)

where At is the Moore-Penrose pseudoinverse of A . The
parallel component & of the aRGB representation lies in the
three-dimensional subspace of R that is projected onto the
RGB colors by the decoder g, i.e., Af = AATAE = AE.
The remaining perpendicular part £ can be regarded as
the information the aRGB space encodes in addition to the
RGB colors. The contribution of the two components can
be visualized by inverting the encoder f with respect to a
mixed embedding:

F Emix) = arg min 1 (2) — &mixll3 (11)
st&mix =& + &1L = ATAG + (T - ATA)E . (12)

We use a SGD optimizer with a learning rate of 0.1 for
50 iterations. As shown in Figure 6a and Appendix E, the
inversion of the mixed embedding inherits color information
from the parallel embedding &, while the perpendicular
part £ contributes to the high-frequency edge information.

5.2. Expert Specialization and Learned Structures

Figure 6b visualizes how individual pixels of a natural im-
age are distributed to K = 20 experts. Unlike in semantic
segmentation, where segmentation maps are chunked into
large blocks of semantically correlated pixels, our pixel-
wise router f, generates fine-grained distributions of pixels.
That is, multiple experts are jointly involved in encoding
the same texture, such as the blue sky and the leafy trees.
Another salient feature we can observe in the figure is that
edges of different orientations are dealt with by different ex-
perts, implying their specialization. Visualizing the aRGB
embedding space using t-SNE (van der Maaten & Hinton,
2008) provides us with additional insights into the topology
of the space. Figure 6c reveals that the aRGB embeddings
cluster into multiple disconnected groups in two different
types: common groups where multiple experts are involved
in the encoding process and specialized groups where a
single expert is exclusively allocated for the embeddings.
These observations align well with our initial design princi-
ples in Section 3.1, where the feature embeddings occupy
a highly complicated, disconnected set, and an MoE archi-
tecture effectively deals with this structure by specializing
each expert to a subset of the embedding space.

5.3. The aRGB Metric Space and Produced Gradients

The main purpose of our the aRGB space is to provide alter-
native supervision to the existing image restoration frame-
work. This supervision is realized with a metric defined over
the space and its gradients generated from pairs of images.
To this end, we first visualize the correlation between Lo
distances defined in the RGB and our aRGB spaces in Fig-
ure 6d. We plotted additional figure with title X — XX
to show the deviation of the graph over the straight line,
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Table 5. Ablation studies on the aRGB autoencoder. RRDBNets (Wang et al., 2018b) are
trained with DIV2K (Agustsson & Timofte, 2017) for 300k iterations for 4 x SISR tasks with
only the L loss between the aRGB embeddings.

RRDBNet in 4x SISR Setl4 Urban100 DIV2K-Val

1,aRGB
(a) L1 loss gradients visualized. #experts Routing aRGB trainset Reg. noise PSNR{T SSIMT PSNRT SSIM{ PSNRt SSIM?T
1 , DIV2K v 26.87 07467 2475 07735 29.08  0.8222
o 5 MoE DIV2K v 26.87 07477 2483 07745 29.12  0.8231
0 10 MoE DIV2K v 26.89 07474 24.84 07750 29.11  0.8231
= | 20 MoE DIV2K v 2691 07471 2487 07745  29.14  0.8227
0 30 MoE DIV2K v 26.89 07476 24.84 07750 29.11  0.8231
R TR PR P e e 20 MoE GoPro v 26.89 07459 24.83 0.7728 29.12  0.8220
(b) Histogram of gradients of 6a. 20 MoE SIDD v 26.86 07420 24.80 07691 29.08 0.8186
20 MoE Noise v 2665 07461 24.64 0.7729 28.87  0.8212
Figure 7. Gradients from L1 rs and 20 MoE DIV2K X 2691 07469 24.85 07722 29.13  0.8223

L1, qrGB losses.

showing clear convexity of the graph. This implies that the
metrics within aRGB spaces are inflated when the given
two images are similar. Figure 7 shows the gradients from
two per-pixel L; losses between a restored image and its
high-quality counterpart defined over both spaces. Unlike
RGB L7 loss which exhibits a highly off-centered, discrete
distribution, the L 4rge loss shows smooth and centered
distribution of gradients. We believe that this allows for the
stable training of the image restoration models despite its
huge scale of the generated gradients from the L 4rgg loss,
which is more than a hundredfold as shown in the x axis of
Figure 7b. In the RGB domain, the same scale of gradient is
achievable only through increasing the learning rate, which
leads to destabilization of the training. Overall, the analyses
show how our aRGB encoder helps the training of image
restoration models.

5.4. Ablation Study

Lastly, we provide ablation studies to determine the best hy-
perparameters for our aRGB autoencoder. We compare the
models by the results of training an RRDBNet (Wang et al.,
2018b) only on DIV2K dataset. The results are summarized
in Table 5. More information is elaborated in Appendix B.

Number of experts: As our encoder employs a Mixture-
of-Experts (MoE) architecture, the overall performance of
forming the aRGB space can be influenced by the num-
ber of experts. To find the optimal number of experts, we
conduct an ablation study in Table 5. The first four rows
of Table 5 show the effect of the number of experts of the
aRGB encoder f on its supervision quality. While applying
more experts yields improved results by letting encoder to
jointly learn input textures in multiple spaces, as shown
in the t-SNE visualization in Figure 6¢c, using 30 experts
shows slightly worse performance compared to 20 experts.
This is attributed to the larger number of experts causing
input textures to be learned in a too-specified distribution,
hindering the encoder’s ability to learn the distribution of

input samples properly. From the results, we fix the number
of experts to 20 throughout our experiments.

Dataset dependence: As the second part of Table 5
presents, the training data for the tdRGB autoencoder decides
the quality of supervision the model gives. This implies that
our aRGB autoencoder utilizes structural priors of its train-
ing data. Appendix 8 provides additional theoretical and
empirical evidence that our aRGB autoencoder learns image
structures to reconstruct given images.

Regularizers: In the last row of Table 5, we observe that
the regularizing noise z added at the end of the encoder
during training helps the aRGB encoder to produce stronger
supervision for image restoration models. In practice, we
observe more than tenfold reduction in the scale of produced
gradients when the aRGB autoencoder trained without the
regularizing noise is applied. This correlates to our discus-
sion in Section 5.3, that our aRGB encoder helps training
image restoration models by stably increasing the scale of
gradients.

6. Conclusion

We hypothesized that blurry restoration due to per-pixel
losses can be alleviated if the underlying representation
space contains enough structural information for each pixel.
To prove this, we proposed augmented RGB (aRGB) rep-
resentation space to supply pixel-accurate local structural
information and to preserve color information while train-
ing the restoration models. Improved performance could
be observed across diverse set of restoration tasks such as
denoising, deblurring, and perceptual super-resolution by
only substituting the underlying representation space for the
per-pixel losses to our aRGB space. This suggests that the
RGB color space is not the optimal representation space for
low-level computer vision tasks. We hope our work spurs
more interests in the optimal representation spaces.
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Broader Impact

The goal of this paper is to advance the image restoration
through representation learning. Better image restoration
techniques imply both beneficial and potentially harmful
societal consequences. For example, restoring old, com-
pressed, or degraded images to high-quality images not
only can help archiving old historical records or personal
memories but also can strengthen surveillance systems.
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A. Theoretical study on the structure embedded in «RGB space

The goal of this section is to provide a simple theoretical analysis on how the structure is learned in our dRGB encoder f .
This section comprises of two parts. The first part shows that our aRGB encoder is a piecewise linear function over the
connected neighborhood regions in the RGB pixel domain. From this, we can equivalently transform our aRGB autoencoder
to a coordinate-wise function, which is useful in the upcoming analyses. In the second part, we will show that an autoencoder
with a neural network encoder and a linear decoder like ours does not learn structural priors if it is perfectly lossless. In other
words, we claim that imperfect, yet almost perfect (> 60dB PSNR), reconstruction capability of our tRGB autoencoder
helps its encoder to learn local structures within natural images. Based on the mathematical analysis, we provide another
method to measure how much image structure is captured in the aRGB autoencoder.

A.1. The aRGB encoder is a piecewise linear function over the local neighborhood structures

It is known that a multi-layer perceptron (MLP) with a continuous piecewise linear activation is also a continuous
piecewise linear (CPWL) function (Rahaman et al., 2019). That is, given an input € R, the network f has an output
y = f(z) € R, which can be explicitly written as:

fl@)=> 1p @)Wz +b.), (13)

where ¢ is an index of a (connected) region P, C R€ and 1 p. , the region’s indicator function. W, € R *C and b. € RC’
are the effective weight and bias at the region P, , respectively. This interpretation of neural networks is straightforward for
multilayer perceptrons. An MLP is a composition of linear layers and rectifiers, which are indeed continuous and piecewise
linear, and a composition of a continuous piecewise linear function is also continuous and piecewise linear.

Convolutional neural networks with rectifiers are no different. A linear convolution operation

Lkn /2] Lkw/2]
[k * w]h,’w = Z Z [k}z,_/ [x]h-i-i,’w—i-j 5 (14)

i=—Lkn/2] j=—kuw/2]

where kj, and k,, define the height and width of the discrete kernel, can be viewed as a coordinate-wise linear layer with a
flattened weight operating on a concatenation of translations of the input « , i.e.,

kxx =Wz, where (15)
W), = flatten(k), and (16)
& = concat[translate[z, (4, j)]] . (17)

]

In other words, with a receptive field of size R x R, an image x € RE*#*W ig (linearly) transformed into the extended

~ 2 ’ . . . . .
space & € REXHXW “and the ConvNet f : REXHXW _y RCXHXW g equivalent to the coordinate-wise function
rs 2 ’ . . . . . .
f:REE" 5 R which is continuous and piecewise linear.

Since our transform from f to f can be applied to all the K experts f1, ... fx of our aRGB autoencoder, we can abstract
away the coordinates for simplicity. Another virtue of this reform is that we do not need to care about the router f; in our
analysis hereafter. From equation 1, for each coordinate ¢ € [H] x [W], we have:

K

e = @)= © fu@)], = S lmlelfi(@)]e = > malefi(@)e) = F(@). (18)
= k

k=1 k=1 =1

and since the coordinate-wise equivalent of each expert fk. is continuous and piecewise linear, its weighted summation is
also piecewise linear, yet it may not be continuous. Moreover, the function’s argument [&]. € ROE® isa reshaping of the
receptive field of size R x R at the locus c. As a result, our mixture of experts encoder f is equivalent to a piecewise linear,
yet not generally continuous, function over R x R neighborhood of each pixel in the RGB representation « . No matter how
each pixel is distributed by the router, each feature vector €] at an arbitrary coordinate ¢ € [H| x [W] is a piecewise linear
function of a local R x R neighborhood of image x at the locus c.

12
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A.2. A flawless autoencoder is a bad structure encoder

From the previous analysis, we may omit the spatial coordinate ¢ and assume = € R® be an image in the RGB color
space, £ € R be the same image in the aRGB representation. Let £ = [w B (:1:)] T € RO’ be the flattened R x R

neighborhood patch in the RGB domain. B : R¢ — RCE(R*~1) ig a structure function that maps a center pixel x to its

(R*-1)

peripheral pixels. For the simplicity, we discard the function notation and regard B as a vector in R from now on.

The aRGB autoencoder is equivalently reformed coordinate-wise. Let our aRGB encoder be f : RECE* 5 RC and the
aRGB decoder be g : R — R® . Note that we discard tilde from the encoder equivalent f for the sake of simplicity.
Again, since the decoder is linear, we can also write g(£) = A€ + b, where A € REX¢ and b € RC .

The piecewise linear characteristic of the encoder f lets us rewrite the autoencoder into a form:
f@ =) 1p@(Wa+b)=¢, (19)
g§)=At+b=2 ~ =, (20)
following equation 13. The autoencoder h = g o f can be written as:

h(@) = g(f(&) =AY 1p (@) (Wi +b) +b, @1)

=> 1p.(s) (AWE + Ab. +b) . (22)

Let € is a subscript for a connected region in the partition P that contains the coordinate ¢. That is, 1 p.(z) = 1and
Ip (g) = 0fore# €’ . The summation from equation 22, then, can be simplified:

h(z) = AW.x + Abs +b=xa' ~x. (23)

In other words, we only care about the specific region of the partition generated by the mixture of experts aRGB encoder
that includes our pixel of interest. The flattened region & is decomposed into the center pixel « and the peripherals B .

- T T
This can be further decomposed if we decompose W, into two matrices,
@) = A[Wene: Woere] {g] +Abe +D, (25)
= AWC6n7E/CC + AWper,s’B + Ab, +b~x , (26)

where Wee, o € R *C is the effective weight for the center pixel «, and Wy s € RC'*xC(R*=1) ig the effective weight
for the peripheral pixels B .

Let us now assume a perfect lossless autoencoder h* (&) = x for every combination of « and B . That is, the autoencoder
h* always returns the exact same pixel  without requiring B to be a function of « . In this case, equation 26 can be further
decomposed into three equations:

AW, ox = € RY, (27)
AWyero B =0 REFE =D - and (28)
Ab, +b=0¢cRY. (29)

In particular, equation 27 should be satisfied for every combinations of RGB colors x , and therefore we can conclude that
AW, o = I for the perfect autoencoder. Furthermore, equation 28 should be satisfied for every possible B, signifying
that the encoder f* of the perfect autoencoder h* should project peripheral pixels to the nullspace of the decoder’s weight
A, nullifying the information from the peripherals to propagate into estimating the pixel x at the center. In other words, the
encoder f does not learn to infer either « from B or B from x but simply acts as a separation of information between the
center pixel and the peripheral pixels.
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(a) Sample image patch. (b) ADf/Ox . (c) Histogram of Adf/dx .

Figure 8. Measurement of the degree of self-reference of the tcRGB encoder. The sample image is brought from Urban100 dataset
(Huang et al., 2015). For a perfect autoencoder with no structure encoding capability, the values of A f/dx should be 1 for every pixel.
However, in spite of our high reconstruction accuracy (62.738dB PSNR for this patch, which corresponds to an average color deviation
of a pixel of 0.069/255), the value of A9 f/dx vary from 0.0066 to 0.7582, with average of 0.2654. This is unexpectedly low regarding
the high accuracy, indicating that the reconstruction of our autoencoder heavily relies on the pixel’s neighboring structure. Note that
A € RE*“ and f/ox € REXHXW yhere each element is obtained mutually independently. The heatmap and the histogram is
obtained by taking the root-mean-square of the values over the three color channels.

In practice, however, this does not happen. In fact, the matrices Ween o and Wy o+ are not just mathematical tools to
represent the mechanism how the complicated nonlinear encoder f acts upon the given input & . From equation 25, we can
express only the encoder f as:

f(i:) = f (|:§:|) = [chn,e’ Wper,e’] [g] + be’ = chn,e’w + Wper,e’B + be’ . (30)

Taking the derivatives reveals interesting relationship between the gradients of f and the effective weight at a particular
pixel.

0 0
871{3 = chn,e’ and a% = Wpene’ . (31)
Therefore, for the lossless autoencoder, the relationship between the encoder’s gradient and the decoder’s weights are:
of of
Aa—m =1 and Aa—BB =0. (32)

We can calculate the matrix multiplication A9 f/0x and see how this differs from the identity to determine how the encoder
mixes information between  and B . Note that 0f /0x € RE%C is a gradient only at the locus c. Figure 8 shows a simple
experiment to check if the value of AJf/Ox deviates from unity. As the result presents, our aRGB encoder relies strongly
on the neighboring structure to reconstruct a pixel.

B. Implementation detail

This section presents additional details for training the main aRGB autoencoder used throughout the experiments in
Section 4.

B.1. Training the «RGB autoencoder

Architecture. The aRGB autoencoder consists of three models: a convolutional router f;, K = 20 convolutional experts
fi,---, [k ,and alinear decoder g . The architecture is drawn in Table 6, 7, and 8, where C3 and C1 denote convolutions
with kernel size 3 and 1, respectively, and L0.2 is a leaky ReLU with negative slope 0.2. Also, BN is a batch normalization
with the same channel width as the output channel of the convolution in the same line. For 3 x 3 convolutions, we use
zero padding of size 1. The router f; consists of three 3 x 3 and two 1 x 1 convolutions, with batch normalization (Ioffe
& Szegedy, 2015) and leaky ReLLU with negative slope 0.2 between each pair of convolutions, except for after the first
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Table 6. Architecture of f;. Table 7. Architecture of f, . Table 8. Architecture of g .

€3 =102 Sch = 6dch  C3 102  3ch — 32ch Cl (nobias) 128¢h — 64ch
C3 - BN —L0.2 64ch — 128ch

C3 - BN — L0.2 128ch — 256¢ch

C3—L02  32ch — 64ch C1 (no bias)  64ch — 32ch

Cl > BN 102 256k sizen o0 2102 Gdch — 128¢ch Cl 32ch — 3ch
Cl — Softmax ~ 512¢h — 20ch C3 128ch — 128ch
convolution, where we put only a leaky ReLU. Each expert f;, for all k € {1, ..., K} has identical architecture, with four

3 x 3 convolutions and leaky ReL.Us with negative slope of 0.2 in between. We do not use normalization layers in the experts.
All the layers are initialized by the default PyTorch initializer (Paszke et al., 2019), meaning that each expert is initialized
with different weights. Overall, the router f; has a receptive field of size 7 x 7, and each expert f; has a receptive field of
size 9 x 9, hence R = 9 in Section 3.2. For the linear decoder, we use three 1 x 1 convolutions without activations and
normalization layers, with each layer gradually reducing the channel dimension. Only the last convolution of the decoder
has a bias term. We have empirically found that this three linear layer architecture leads to a slightly better convergence.
We can easily compute the effective weight of the decoder by multiplying all the internal weights with standard matrix
multiplication. The decoder has receptive field of a single pixel and is also linear.

Data preparation. Our training dataset consists of a mix of image patches obtained from several sources, including
DIV2K (Agustsson & Timofte, 2017), Flickr2K (Timofte et al., 2017), DIV8K (Gu et al., 2019), and ImageNet-1k (Rus-
sakovsky et al., 2015) datasets. The DIV2K, Flickr2K, and DIV8K datasets are high quality high resolution image datasets
designed for training image super-resolution models. Those are selected in order to provide our autoencoder with rich
structural information in clean, visually pleasing natural images. The DIV2K training set contains 800 high quality images,
the Flickr2K set has 2,650 images, and the DIV8K dataset consists of 1,500 very high quality images up to 8K resolution.
We also added the ImageNet-1k dataset to the training data to increase the diversity of image structures for supervision.
Since the DIV2K, Flickr2K, and DIV8K datasets have much higher image size than one typically used for training a network,
we have preprocessed these three dataset by cropping into patches of size 480 x 480 with stride 240 . The results are 32,592
patches for the DIV2K, 107,403 patches for the Flickr2K, and 551,136 patches for the DIVSK dataset. The patch datasets
are then concatenated with 1,281,167 images from the ImageNet- 1k training data to build up the training data with 1,972,298
images in total. For each image fetched for training, a random crop of 256 x 256 is applied first, and then random horizontal
and vertical flips, followed by a random 90 degrees rotation are applied consecutively.

Finding the optimal hyperparameters. We searched for the optimal architecture and other training hyperparameters by
ablation studies mentioned in Section 5.4. For the ease of comparison, we unify the training process for the ablation studies
in a simpler setting. Only using DIV2K dataset (Agustsson & Timofte, 2017) except for the second batch of experiments
in Table 5, we vary the hyperparameters for training. Because the training dataset and the task become simple, we reduce
the patch size to 192 x 192 and train our autoencoder for 300k iterations. Furthermore, since the per-pixel router f; of our
aRGB encoder distributes each pixel to a single expert, the number of iterations required for each expert to be trained using
the same amount of data scales linearly to the number of experts. To compensate the effect, we changed the number of
training iterations for the autoencoder accordingly. All the results in Section 5.4 is quantified by the accuracy of x4 image
super-resolution task using RRDBNets (Wang et al., 2018b) trained to minimize the L, loss defined over the aRGB space.
All the RRDBNet models are trained only with DIV2K dataset for 300k iterations from scratch.

Training hyperparameters. The weight of the load-balancing loss is selected to be A = 102 based on empirical
observations. We found this to be the minimum value that ensures uniform expert assignment throughout the training
process. This was chosen from a parameter sweep in the ranges from 10° to 10~5 in powers of 10. The network is trained
with a batch size of 16. An Adam (Kingma & Ba, 2015) optimizer is used with its default hyperparameters and an initial
learning rate of Se-4 is used. We use cosine learning rate schedule (Loshchilov & Hutter, 2017), starting from a period of 1k
iteration, increased doubly up to 256k iterations. The training ends at 511k iterations.
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Table 9. Reconstruction accuracy of the taRGB autoencoder on out-of-distribution datasets. We measured the PSNR scores wihtout
quantization to 255 scale. Average RGB difference in the second row stands for the average absolute difference in the pixel’s color
value out of the maximum range of 255. All the values are significantly below the quantization gap of 0.5, indicating almost perfect
reconstruction of the input.

Set5 Setl4  Urban100 DIV2K-Val SIDD-Val GoPro-Val

PSNR [dB] 67.206 64.531 65.556 70.812 72.007 72.853
Avg. RGB diff. 0.0477 0.0602 0.0669 0.0418 0.0301 0.0266

Autoencoding accuracy. For completeness, we provide the autoencoding accuracy for the validation datasets used
throughout this work in Table 9. Because the output of the aRGB autoencoder deviates from the original image only less
than a single quantization step (1/255) on average, we regard the aRGB autoencoder as almost lossless in our analysis except
for Appendix A, where we find that the nonideal reconstruction capability helps the autoencoder to learn structural prior of
images.

B.2. Notes on training image restoration models

Change in optimal training hyperparameters As emphasized throughout our manuscript, we have not changed the
hyperparameters except for the very loss function in every experiment in Section 4. However, we also note that our
demonstration does not necessarily mean that those setups are optimal. For instance, as mentioned in Section 5.3, altering
the representation space leads to dramatic change in the scale and the shape of the gradients fed into the image restoration
model during its training. Under stochastic gradient descent algorithms, this increase in the size of gradients of more than a
hundredfold leads to significant changes in the training dynamics of those models. It is, therefore, less likely that the original
set of hyperparameters is still optimal in the new representation space. Likewise, replacing the representation space may
also change the optimal architecture for the image restoration task defined over the new space. Although we strongly believe
that searching through the new possibilities allowed by our aRGB representation should be a fascinating research topic,
this is beyond the scope of our paper. One example close to this direction is our demonstration of the NAFNet trained for
L1 qrcg loss, reported in Section 4. In this experiment, because the replacement of metric causes the change in scale and
shape of its gradients, we have doubled the weight of the metric for better convergence. As a result, this new setup has led
us to better denoisers than both the original one and the one trained with only the representation space being altered. We
leave further exploration of this topic for future work.

Recommendation regarding gradient clipping As a final remark, it is highly recommended to remove gradient clipping
to maximize the advantage of using aRGB-based losses. Section 3.2 attributes the performance gain caused by the additive
noise to the sensitivity increase in the aRGB encoder f . In practice, the effect can be observed as an increment of two
orders of magnitude in the size of gradients of the image restoration models being trained. The same scale of optimizer’s
step size can only be achieved by increasing the learning rate a hundredfold, which quickly leads to training instability. We
may safely conclude that the per-pixel distance losses in our aRGB space helps training of image restoration models by
stably increasing the internal gradients. However, in recent image restoration techniques (Waqas Zamir et al., 2021; Chen
et al., 2022), especially for the models with attention layers (Vaswani et al., 2017), gradient clipping is a common practice to
stabilize the training of the model. To take advantage of our method, in Section 4, we changed gradient clipping mechanism
to clamp at a inf norm of 20 for every experiment. This value is barely touched throughout the training process.

C. More quantitative results on perceptual image super-resolution

Table 10 extends Section 4 to provide full evaluation results on the 4 x perceptual super-resolution task using ESRGAN
(Wang et al., 2018b). As mentioned in Section 4, our training process exactly follows the official implementation (Wang
et al., 2018b). We first pre-train the network, RRDBNet, with DIV2K (Agustsson & Timofte, 2017) and Flickr2K (Timofte
et al., 2017) combined, for 1M iterations using RGB L; loss. Then, the weights are fine-tuned with the loss written in the
first column for 400k iterations using DIV2K, Flickr2K, and OSTv2 (Wang et al., 2018a) datasets combined. Preparation of
the datasets are done with the same code the authors has provided. In this task, the aRGB loss is a simple L; loss over the
range of the aRGB encoder. We leave all the other training hyperparameters untouched.

In addition to LPIPS (Zhang et al., 2018a), NIQE (Mittal et al., 2013), and FID (Heusel et al., 2017) metrics, we added
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Table 10. Complete quantitative results for training ESRGAN x4 in the aRGB space. Improved results are highlighted in boldface
characters.

Setl4 B100
Training objective PSNR{ SSIM{ LPIPS| DISTS, NIQE| FID, PSNRt SSIM{ LPIPS| DISTS, NIQE| FID|

0.01L; + Lvog + 0.005Lag,t  24.494 06543 0.1341  0.06374 3.8774 56700 23.909 0.6205 0.1617 0.09603 3.6636 51.521
0.01L1 qree + Lvgg +0.005Laqy 24796 0.6623  0.1281  0.06052 3.7230 52.797 24.138 0.6306 0.1595  0.09578 3.4185 47.665

Mangal09 Urban100
PSNRtT SSIMT LPIPS| DISTS| NIQE| FID| PSNRT SSIMt LPIPS| DISTS| NIQE|, FID]

0.01L, + Lvgg + 0.005Laa,T 26441 08170 0.0646 0.01036 3.5758 11.282 22.776 0.7033  0.1232  0.02432 4.2067 20.616
0.01L1 qree + Lvgg + 0.005Laqy  26.651  0.8186  0.0630  0.00863 3.4245 10.907 23.270 0.7196 0.1183  0.02050 3.8982 17.739

DIV2K-Val OST300
PSNRT SSIMt LPIPS| DISTS, NIQE, FID| PSNR{ SSIM{ LPIPS| DISTS, NIQE| FID|

0.01L, + Lvgg + 0.005Lae, " 26.627 07033  0.1154 0.00545 3.0913 13.557 23249 0.6166 0.1688 0.05734 3.3834 21.851
0.01L1 4roB + Lvgg + 0.005Lagy  26.845  0.7500  0.1110  0.00351 2.9615 12.799 23.649 0.6338 0.1662 0.05484 3.5247 19.952

TThe official ESRGAN models (Wang et al., 2018b).

DISTS (Ding et al., 2020), a pairwise perceptual metric for image restoration. Moreover, four common benchmarks for
the percpeptual super-resolution, i.e., Set14 (Zeyde et al., 2010), BSD100 (Martin et al., 2001), Mangal09 (Matsui et al.,
2017), and OutdoorSceneTest300 (Wang et al., 2018a) datasets are added for comparison. The updated results are shown in
Table 10. The reported values are calculated in the RGB domain, cropping 4 pixels from the outer sides for PSNR, SSIM,
and NIQE (Mittal et al., 2013) scores. For DISTS (Ding et al., 2020) and LPIPS (Zhang et al., 2018a), we use the code from
official repo, and for FID (Heusel et al., 2017), we report scores from the PyTorch reimplementation (Seitzer, 2020) of the
original Tensorflow code.

The data shows that Ly 4rgs loss without the VGG perceptual loss yields comparable results to the L loss without the
perceptual loss in adversarial training. However, when equipped with VGG perceptual loss, the results show a general
increase in performance over the original ESRGAN in all the distoration-based metrics (PSNR, SSIM), the pairwise
perceptual metrics (LPIPS, DISTS), and the unpaired quality assessment metrics (NIQE, FID).

D. More qualitative results

This section provides more visual results from the main experiments. Figure 9 through 14 show results from the ESRGAN
models (Wang et al., 2018b) trained with and without aRGB representation. Empirically, the supervision given by our
aRGB encoder helps the model avoid generating visual artifacts and color inconsistency induced by adversarial training.
Figure 15 shows additional results from the real image denoising task solved with NAFNet (Chen et al., 2022). Lastly,
image deblurring using MPRNet (Waqas Zamir et al., 2021) trained from our aRGB representation is further demontrated in
Figure 16 and 17. As visualized in Appendix E, the additional information embodied in the extra dimensions of the aRGB
representation resembles edgeness information of an image. We conjecture that this allows a pairwise per-pixel distance
defined over our aRGB space to provide image restoration models with stronger supervision leading to the reconstruction of
sharper edges. The results reveal that this effect is realized as suppression of artifacts in the perceptual image super-resolution
task, sharper produced images in the image denoising task, and better reconstruction of edges and more accurate alignments
in the image deblurring task.
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i

(a) LR (b) RRDBNet (c) ESRGAN (d) L1,ares + Lv + La (e) HR

Figure 9. Qualitative comparison of ESRGAN models trained with different loss functions on DIV2K-Val (Agustsson & Timofte,
2017) benchmark.
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(a) LR (b) RRDBNet (c) ESRGAN (d) L1 aree + Ly + La (e) HR
Figure 10. Qualitative comparison of ESRGAN models trained with different loss functions on B100 (Martin et al., 2001) bench-
mark.
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(a) LR (b) RRDBNet (c) ESRGAN (d) L1 aree + Ly + La (e) HR
Figure 11. Qualitative comparison of ESRGAN models trained with different loss functions on Set14 (Zeyde et al., 2010) bench-
mark.
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(@) LR (b) RRDBNet (c) ESRGAN (d) Ly wren + Ly + La (e) HR

Figure 12. Qualitative comparison of ESRGAN models trained with different loss functions on Manga109 (Matsui et al., 2017)
benchmark.
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(a)LR (b) RRDBNet (c) ESRGAN (d) L1 ares + Ly + La (e) HR

Figure 13. Qualitative comparison of ESRGAN models trained with different loss functions on Urban100 (Huang et al., 2015)
benchmark.
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(a) Noisy (b) N32 Lpsnr  (€) N32 Lpsag, arae (d) N32 Ly oros (€) N64 Lpsng (f) N64 L1 oros (g) Clean GT
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(a) Noisy (b) N32 Lpsnr - (€) N32 Lpswr,aras (d) N32 Ly oras (€) N64 Lpsng (f) N64 Ly oroe (g) Clean GT
25.9609 dB 38.7499 dB 40.1597 dB 40.2695 dB 39.6910 dB 40.3953 dB PSNR (dB)
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(a) Noisy (b) N32 LPSNR (C) N32 LpsNr. aRGB (d) N32 L1 arcB (e) No64 LPSNR (f) N64 L1 .rce (g) Clean GT
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25.5477 dB 39.4739 dB 39.4866 dB 39.5938 dB 39.8979 dB 40.6133 dB PSNR (dB)

Figure 15. Qualitative comparison of real image denoising models on SIDD benchmark (Abdelhamed et al., 2018). Each column
corresponds to each row in Table 1. N32 corresponds to NAFNet-width32 and N64 corresponds to NAFNet-width64. The bottom rows
show the maximum absolute difference in color with a range of [0, 1] .
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Figure 16. Qualitative comparison of motion blur deblurring models in GoPro benchmark (Nah et al., 2017). Each column
corresponds to each row in Table 2. The bottom rows show the maximum absolute difference in color with a range of [0, 1] .
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Figure 17. Qualitative comparison of motion blur deblurring models in HIDE benchmark (Shen et al., 2019). Each column
corresponds to each row in Table 2. The bottom rows show the maximum absolute difference in color with a range of [0, 1] .
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E. Understanding the «RGB representation space

This section is divided into three parts: In the first part of this section, we discuss further on the embedding decomposition test
conducted in Section 5.1. Mixing different types of images in the same way as we did in Section 5.1 reveals how our aRGB
representation encodes additional information in the extra dimensions. Next, we show more examples of the t-SNE (van
der Maaten & Hinton, 2008) visualization of our learned embeddings in addition to Figure 6¢. Unlike segmentation maps
typically generated and assessed for semantic tasks, the ones produced by our aRGB encoder are extremely fine-grained and
complicated, yet we find some common structural features in the results. In the last part, we conduct another experiment to
visualize how each expert in the aRGB encoder f learns to specialize.

E.1. Decomposition of cRGB representation

In Section 5.1, we have discussed how the linearity of our decoder g helps understanding the learned representation space.
In particular, given its linear weight A and bias b, we can decompose any given embedding in the aRGB representation
¢ € RY into a sum of two orthogonal vectors:

E=ATAE+ (I - ATA)E, (33)

where we denote the matrix A' as the Moore-Penrose pseudoinverse of A . We can regard the multiplicand of the second
term I — AT A as a linear projection operator onto the nullspace of A , and the multiplicand of the first term AT A as a linear
projection onto the orthogonal complement of the nullspace of A . Mathematically, and also empirically, it is easy to see that
summation of any vector projected onto the nullspace of A leads to no change in the decoded image &’ = g(&) . That is,

g€+ (I - ATA)Q) = A(E+ (I - ATA)() +b (34)
= AE+b+ A(I - ATA)C (35)
—Af+b+(A— AATAY (36)
=AE+b+ (A— A)X (37)
= A£+b (38)
=9(§). (39)

The identity in the fourth row is from the equality A = A AT A of Moore-Penrose pseudoinverse. Therefore, the subspace
to which the projection operator I — Af A is mapped is the allowed degree of freedom that additional information can be
embedded.

Inversion of mixed embedding uncovers what information lies in this particular subspace. In addition to the results in
Figure 6a, Figure 18 and 19 show visual results of tRGB embedding inversion. The flat image source is manually synthesized
by a single color gradient. The real image source is a patch brought from DIV2K validation dataset (Agustsson & Timofte,
2017), and the Gaussian noise source is sampled from N'(0.5,0.5) , where the RGB range is [0, 1] . Each patch has an equal
size of 256 x 256 . First, we obtain the two aRGB embeddings from both sources. Then, we take the parallel part f from
the first source and the perpendicular part f; from the second source. An image is optimized to produce the synthesized
embedding as its aRGB representation. Due to the simple training setup, all the optimization quickly converges after 50
iterations of SGD with learning rate 0.1, as shown in Figure 20. We show the result of the optimization in Figure 18. The
edge structure is extracted and highlighted by applying the Laplacian operator on the final image and displayed in Figure 19.

From the results, we can conclude the followings: Firstly, the parallel part of the aRGB embedding dominates the color
information. This is predictable since this parallel component is the information that is decoded back to the RGB image
with our linear decoder g . Secondly, the perpendicular part of the aRGB embedding conveys edge structure from the source
image. As a consequence, we can retrieve this information from the aRGB representation following the same process
used to train the inversion in this section. Moreover, this edgeness is the additional information brought with our aRGB
representation to serve as a performance boost for training the image restoration models. As our main results in Section 4
suggests, the reduction of visual artifacts in perceptual image super-resolution and the enhancement of edge structures in
image denoising and deblurring are attributed to this particular information carried in the perpendicular embeddings. Lastly,
we can clearly observe that this additional information is diminished away if the underlying image is highly noisy, far from
the manifold of clean, natural images. From this observation, we can conclude that the information learned by the aRGB
autoencoder from its training dataset gives the model a structural prior in order to process images similar to its original
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training data. This argument aligns with our finding in the ablation studies in Section 5.4, where a network trained from
different dataset generally produce poorer restoration models.

E.2. Topology of the learned «RGB space

We have conjectured in Section 3.1 that the underlying distribution of small image patches are disconnected, exhibiting
very complex structures. We can indirectly check the validity of our argument by visualizing the learned embeddings of an
image using dimension reduction techniques. Specifically, we use t-SNE (van der Maaten & Hinton, 2008) algorithm to
embed H x W = 65, 536 vectors of size C' = 128 into a two dimensional plane to visualize the structure of our learned
embedding for a particular image patch.

In this small experiment, we expect two outcomes: First, we expect perceptually distinct groups of embedding vectors
to be appeared in the t-SNE results. Although the geometric information of the 2D projection carries little meaning in
depicting the exact structure of the underlying feature space, visually distinguishable clustering in this region will signify
that the structure of underlying representation is not connected into a single manifold, but consists of multiple disconnected
regions with distinct characteristic values. Second, we expect that the experts are well specialized, requiring that clusters of
aRGB pixels each assigned to a single expert to be appeared in the embeddings. Figure 21 shows three more examples in
addition to Figure 6b and 6¢ from our main manuscript. The sample images are picked from different datasets, i.e., DIV2K
(Agustsson & Timofte, 2017), Urban100 (Huang et al., 2015), and Mangal09 (Matsui et al., 2017), having different color
distributions, contents, and styles. However, as the results show that the embeddings generated from this set of images have
several commonalities: First, the embeddings are clustered in a well-separated regions. We can observe two distinct types of
clusters: common groups where multiple experts are involved in generating similar embeddings and expert-specific groups
where a single expert dominates in encoding the information of pixels. Existence of the first type of groups indicates the
existence of common subspace between the feature spaces of each specialized expert. The latter type of groups show a
clear evidence of expert specialization in our aRGB encoder. From the observations, we conclude that our initial design
philosophy of the network serves its original purpose.

E.3. Visualization of the learned features of the «RGB encoder

In this last section of our paper, we provide another visualization results to facilitate understanding of the behavior of our
aRGB encoder. In order to visualized the learned features for individual expert of our encoder, we simply maximize the
activation of a single last channel of one of the experts. Starting from a random image of size 32 x 32, which is more than
three times larger than the receptive field of our network, we run a simple maximization of the average activation of each
channels to produce a single feature image for each channel of an expert. Figure E.3 shows some of the results. First, we
observe that channels of the same index at each of the experts are maximally activated at the similar color distribution. This
similarity comes from the shared linear decoder of our autoencoder. However, we also notice that the same set of filters
are maximally stimulated at different patterns. The results uncover another evidence of expert specialization in our aRGB
autoencoder.
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Flat image Natural image  Gaussian noise

Source f (x2)

Source f (1)
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Gaussian noise

Figure 18. Decomposition of the tRGB representation space. The aRGB embeddings of the images on the sides are decomposed into
orthogonal components and mixed &mix = fj (1) + f1 (x2) . Each cell is the image corresponding to the mixed embedding £~ (&mix) -

Flat image Natural image  Gaussian noise

Source f (x2)

Source f(x1)
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Figure 19. Edge-enhanced inversion results of Figure 18. A discrete Laplacian operator is applied to the same images in Figure 18
to enhance the high-frequency structures for clearer understanding. The results reveal that the perpendicular component of the cRGB
embedding f| contributes to high-frequency structures.
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Figure 20. Training curve for the decomposition test. All the embedding inversion test quickly converge after 50 iterations. RGB
corresponds to the source image 1 used for the parallel component £ = AYAf(21) = AT Ay of the target aRGB embedding &y ,
and Nullspace corresponds to the source image ., used for the perpendicular component £, = (I — ATA) f(a2) = (I — ATA)&nix,
where mA is the weight of the linear decoder g. As shown in Figure 18, The low-frequency color distribution of the resulting
inversion follows that of the parallel component’s source a1 , resulting in high PSNR scores. Although the PSNR scores between the
inversions f ! (&mix) and the corresponding source images a2 of the perpendicular component f, (x2) are low, Figure 19 reveals that the
perpendicular components encode high frequency information of the image.
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. (29 %) f5(88%) EEE fi, (45 %) fis (8.1 %) - (5.0 %) f5(43%) W fio (1.1 %) fis (53 %) . f (4.7 %) f5(7.3%) EEE fi (34 %) Fis (1.1 %)
fi(6.6%) WM fo(47%) BN fy (35%) W fig (25 %) £(33%) W f(82%) BN fy, (6.0%) W fig (6.1 %) H(55%) W f(39%) W fi, (41%) W fi; (33 %)
. (40 %) fr(32%) W fi; (8.2 %) fiz (3.3 %) . [, (6.3 %) fr (47 %) W i (5.0%) iz (9.7 %) -, (48 %) fr(23%) W fi (42 %) fir (48 %)
f3(6.4%) W[5 (1.9 %) f13 (2.6 %) W fis (6.7 %) f3(29%) W[5 (5.2 %) s (1.2%) W fis (5.7 %) fs (43%) W fs (3.3 %) fi3 (5.7%) R fis (13.9 %)
- S (20 %) o (6.3 %) - S (97 %) fro (4.2 %) . [ (66 %) fa (7.0 %) . (34 %) fio (28 %) . [, (55 %) fo (4.3 %) -y (3.0%) fio (44 %)
(a) 0899 from DIV2K-Val. (b) img009 from Urban100. (c) Raphael from Mangal09.

Figure 21. More examples on expert specialization using t-SNE and segmentation map. Sample images are brought from three
well-used super-resolution benchmark datasets, i.e., DIV2K (Agustsson & Timofte, 2017), Urban100 (Huang et al., 2015), and Mangal09
(Matsui et al., 2017). Although the content and the style of each patches are widely different, the distribution of the learned aRGB
embeddings in these patches exhibit similar pattern: the distributions are decomposed into common groups, where multiple experts are
involved in the encoding, and expert-specific groups.

(a) Expert 5. (b) Expert 10. (c) Expert 15. (d) Expert 20.

Figure 22. Visualization of the output filters of the experts. Randomly initialized 32 x 32 images are trained to maximize a specific
filter at the last convolutional layer of the selected expert. The ID of each filter is annotated with white numbers. Note that the «RGB
representation space has a dimension of 128, the same as the number of filters in the last layer of each experts. The results show that
while filters of different experts encoding the same channel is maximally activated at a similar average color, the high-frequency patterns
each filter maximally attends to vary significantly.
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