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This document includes additional details that could not
be included in the main paper due to the lack of space.
This comprises: a) manifold visualization for SR-GAN dis-
criminator as compared to our multi-scale discriminators;
b) qualitative results for the JPEG artefact removal appli-
cation; c) ablation study on the choice of seed images and
the number of discriminators of the Multi-Scale Discrim-
inative Feature (MDF) loss; d) hyper-parameter tuning for
the VGG and LPIPS feature-wise loss functions; and e) per-
formance of loss functions as quality predictors. Finally, we
provide an HTML report which comprises all the results.

1. Image manifold comparison

In this section, we repeat the experiment conducted in
Sec. 4 (of the main paper), instead this time for a fully
trained SR-GAN [2] discriminator. This further bolsters our
claim that the task-specific discriminators of our MDF loss
function learn to detect the generator distortions instead of
the entire natural image manifold. This thereby allows our
MDF loss function, trained on a single image, to be used to
effective feature extractors between the generated and the
reference image.

We chose the same sample of 100 natural images from
the ILSVRC validation dataset [4]. From these images we
generated a) JPEG compressed images using a compres-
sion quality between 7 and 10, b) blurry image samples
by downsampling and upsampling the images by a factor
of 4 using bi-linear filter and c¢) scrambled images by ran-
domly permuting the pixels on each level of the Laplacian
pyramid. Such permutations distort the second-order statis-
tic, but preserve the composition of the spatial spectrum.
A trained SR-GAN discriminator is used to extract the la-
tent feature space of each set of images. The feature space
for each image is chosen after the Global Average Pooling
(GAP) layer of the network. We used t-SNE to reduce the
dimensionality of the feature vector to 3 for visualization.
Fig. 1 shows the plot of the features from each set of im-
ages. The visualization shows that the discriminator of SR-
GAN learns the natural image manifold (unlike our multi-
scale discriminator) and can discriminate between natural
and randomly permuted images. However, it cannot dis-
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Figure 1: Manifold assumption validation: The figure
shows the 3D t-SNE plots of the latent feature vectors ex-
tracted from diverse sets of images using an SR-GAN dis-
criminator trained on DIV2K dataset [1]. The SR-GAN
discriminator cannot differentiate between the original and
jpeg images (right plot), thereby cannot be used as an effec-
tive feature extractor to detect and remove distortions.

criminate between the JPEG compressed and original im-
ages, making it an inferior feature extractor to detect and
remove distortions.

2. JPEG artefact removal results

In this section, we provide qualitative results show-
ing comparison between three sample reconstructed images
from the BSD Test Set using our (MDF) loss with various
other loss functions for the task of JPEG artefact removal
application. The test images are compressed with a quality
factor of 10 and a more challenging factor of 7. Fig. 2 shows
the results for the compression quality factor 7. The perfor-
mance of the various loss functions seems to be comparable
for the quality factor of 10, however, our model substan-
tially provides artefact removal, especially in the uniform
areas of the image for a much challenging codec quality of
7. The same was also observed in the subjective experiment
conducted (see Sec. 5.1 of the main paper). Additional qual-
itative results can be seen in the HTML report attached to
the Supplementary Material.
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Figure 2: Results for JPEG artefact removal (compression quality = 7) using DnCNN model [5] trained using different losses.
Our loss improves artefact reduction, especially in the uniform areas of an image. Qualitative results in terms of PSNR, SSIM
and NIQE are reported in Table 2 of the main paper. Best viewed when zoomed.

Table 1: Ablation study on training the SISR model (EDSR)
using different scales of our loss. The scale number repre-
sents the number of scales included in the MDF loss.

[ Scales [ 1 [ 2 [ 3 [ 5 [ 7 ] 8 ]
PSNR 1 22.55 23.89 24.43 24.89 25.27 25.37
SSIM 1 0.51 0.59 0.62 0.66 0.68 0.70
NIQE | 6.109 5.358 4.953 4.124 3.979 3.635

3. Ablation study
3.1. Scales of Discriminators

Since our MDF loss function comprises a series of dis-
criminators trained on a single image at various scales, we
need to select the optimal number of scales (the hyper-
parameter K in Equation 2 of the main paper) to achieve the
best performance. We perform an ablation study on training
the EDSR model [3] using only the coarsest scale discrim-
inator and subsequently adding finer scales. We observe a
significant increase in quality of the images generated with
the increase in the number of discriminators. As shown in
Table 1, our loss performs the best when all 8 scales are
employed.

3.2. Seed image

Next, we study the effect of using different natural and
synthetic images for training our MDF loss function. Fig. 3
shows five seed images including two natural and three syn-
thetic ones that were used to train the discriminators. Pyra-
mid Permutation image has been created by a random per-
mutation of pixel order on each level of the Laplacian pyra-
mid. Such permutation distorts image second-order statis-
tics, but preserves the composition of the spatial spectrum.
Pink Noise image contains 1/ noise that is typical for natu-

ral images. Contrast Rings image contains concentric rings
whose contrast is reduced towards the centre to cover the
range of edges of all orientations and contrast magnitudes.
The results of SISR (EDSR), shown in the bottom part of
Fig. 3, indicate that the visual quality of the super-resolved
images is the best for natural images and is degraded as the
statistics of the training images is distorted. However, from
the results for all the applications, the visual quality of the
restored images is more dependent on the nature of the dis-
tortions added (z*) than the choice of the seed image.

4. Hyperparmeter-tuning for VGG and LPIPS

In Fig. 4 we show the qualitative results for the trade-off
between the MSE and LPIPS/VGG network components in
the joint loss function. For fair comparison, we conducted
a hyper-parameter search over the scalar A controlling the
weight of the feature-wise loss function. We searched over
the values in {\ : A\ = 10*, k = —3,..,3}. The greater
A parameter is, the more LPIPS/VGG components contri-
bution is. In our experiments across all image restoration
applications, we found the best results are produced when
A = 1 for VGG and A = 0.1 for LPIPS loss. Additional
qualitative results are provided in the HTML report.

5. Image quality metrics and loss functions

To further investigate the performance of loss functions
as quality predictors, we generated a set of images that were
distorted by blur, noise, added sinusoidal grating, contrast
and brightness changes. The distortions were generated so
that they degraded the image in equal steps of PSNR. Fig. 5
presents an example of images with introduced distortions
at three PSNR levels. The experiment shows a failure case
of PSNR, predicting the same quality even though the dis-
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Figure 3: Ablation study on changing the image used for training our MDF loss function. It can be seen that natural images
provide visually better results as compared to synthetic images. Best viewed when zoomed.

Ground Truth =0 A=0.01

Average PSNR 25.28 dB 25.03 dB

24.30 dB

24.44 dB

Average PSNR 25.28 dB 25.16 dB

Figure 4: Comparison of the single-image super resolution (SISR) results (EDSR) when trained using a weighted sum of

25.35dB

23.21dB

24.11 dB 21.01 dB

VGG/LPIPS and MSE feature-wise losses: MSE + A VGG/LPIPS. The average PSNR is reported for the entire test set.

tortions due to contrast and brightness are much less objec-
tionable than the others to a human observer.

In Fig. 6, we show the loss values computed for the in-
creasing amount of distortions of different types for differ-
ent loss functions. Despite the same PSNR value, the dis-
tortions due to noise, blur and added sinusoidal wave are
much more noticeable than those due to contrast and bright-
ness change (refer to Fig. 5). The loss functions derived
from quality metrics (SSIM, MS-SSIM) and also feature-
wise losses (VGG, LPIPS) penalize more the distortions
that result in higher degradation of quality. In contrast,
MDF losses penalize the most the distortions that are rel-
evant for a given task: blur in case of SISR (MDF SR), blur
and noise in case of denoising, and contrast followed by the
mixture of all distortions in case of JPEG artifact removal.
This is another example demonstrating that an effective loss

(MDF) function does not need to predict image quality.

6. HTML report

In the Supplementary Material, we provide a compre-
hensive HTML report, showing the results for each loss
function across different image reconstruction applications
for various datasets. We further provide results for the
ablation study and the hyper-parameter selection. The
HTML report, including all the inference images, are at-
tached with the supplementary material. Please visit the
URL HTML_Report_Paper_ID_10510.html inside
the folder named “Report_10510".

Due to size limitations for the supplementary material,
we include the first 30 images from each test set. Images are
stored as JPEGs with a quality of 90 to ensure that coding
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