CASCADED NEURAL NETWORKS FOR IMAGE INPAINTING
Shatokhin A.V. (Russian Federation) Email: Shatokhin575@scientifictext.ru

Shatokhin Arsenii Valerievich — Bachelor of Science,
DEPARTMENT OF INFORMATION ANALYTICS AND POLITICAL TECHNOLOGIES,
BAUMAN MOSCOW STATE TECHNICAL UNIVERSITY, MOSCOW

Abstract: this paper introduces a new resource-saving solution to the problem of retrieving part of an image. Most
image-retrieval functions require the ability to extract structured features to understand the context of an unfamiliar
environment and realistic image restoration. The proposed model is based on the conceptual art of convolutional
architecture and reproductive opposition models. This method allows you to achieve high quality retrieval of a
person's face image, while requiring a minimum amount of resources. The generator design of the generator makes
it easier to make better use of the resources used by extracting features from the image tower - the more complex
earth features are extracted with less modification, which can significantly reduce the resources used. This paper
provides a comparative evaluation of the method used, and the competition, which ensures that by presenting
cascade generator design ideas, high quality can be obtained without the use of any back-end processing at minimal
source costs. This paper also presents an analysis of the key components of the new approach, showing their
importance for the proposed approach.
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Annomayus: sma cmamvsi npedcmagniem Hosoe pecypcocbepezaroujee peuieHue npooiemvl 60CCMAHOGIEHUs
yacmu uzobpaxcenus. Bonvuwuncmeo Gynxyuil noucka uzobpadicenuil mpedyrom CcnocobHOCMuU  U3GAEKANMb
CMPYKMypuposannvie NpusHaKu O NOHUMAHUA — KOHMEKCMA  HE3HAKOMOU Cpedbl U  80CCMAHOGNCHUS.
peanucmuunozo usobpasxcenus. Ilpednazaemas mooenb OCHOBAHA HA KOHYENMYANbHOM UCKYCCMBE CEePMOYHOU
apxXumexmypol u Mooeuell penpoOyKmusHoU ORno3uyUiL. DMom Memoo no360a5em 00OUMbC 8bICOKO20 KA4eCmad
NOUCKA U300PAdICeHUs. TuYa Heno8eKkd, mpebys npu 3MoM MUHUMALbHO20 Koauuecmea pecypcos. Kowcmpyxyus
2enepamopa ynpowaem 6oee dpexkmusHoe UCHONL308aAHUE PECYPCO8, U3GLEKACMbIX U3 OAUHU U300PANCEHUL -
bonee codiCcHbIe 00BEKMbL 3eMAU UZBNEKAIOMCS C MEHLUWMUMU USMEHEHUAMU, YN0 MONCeN 3HAUUMETbHO COKDAMUMb
ucnonvsyemule pecypcol. B smoii cmamoe daemcsi cpagHumenvHas OYeHKa UCROIb3YeM0o20 MEMood U KOHKYPEHMOS,
umo eapanmupyem, umo nymem npeoCmasieHus uoel NPOeKMUPOSAHU KACKAOHBIX 2eHepamopos8 MONCHO
NONYYUMb  6bICOKOE Kauecmeo 6e3 UCHONb306aHUs KAKOU-TU60 GHYmMpeHHell 00pabomku npu MUHUMATbHBIX
sampamax Ha UCMOYHUK. B >mom Ookymenme makdice NpedCmasien aHaiu3 KUoueeblX KOMNOHEHMO8 HOB020
noox00a, NOKA3bI8AOWUIL UX BANCHOCMb OJis NPedazaemozo nooxXood.

Knrouesvie cnosa: enyboroe obyuenue, yacmuuHoe 80CCMAHOGIEHUE U300PAdICEHU, KACKAOHble HEUPOHHbIe cemi,
2CHEPAMUBHbBLE COCMAIAMENbHBLE CEMU.

1. Introduction

Convolutional neural networks have managed to solve many problems in the field of computer vision. One of
these tasks, where convolutional networks have become actively used recently, is the task of restoring a part of an
image (image inpainting). The problem of restoring a part of an image has many applications, such as removing
unwanted objects from an image, changing the visual attributes of scene objects, and restoring images. For example,
using these methods you can remove watermarks from photos, unwanted text, an extra person in the background, or
remove scratches from old photos. An example of an applied problem of removing an object from a scene is shown
in Figure 1.
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Fig. 1. An example of using the task of restoring a part of an image - removing unwanted objects from an image. In the left photo,
outlined the area is considered a recovery area. The result is shown on the right

For the case of restoration (deletion) of a large complex-structured part of an object, the main difficulty is the
extraction of features to determine the context of the restored area. Moreover, in such a problem there is no exact
estimate of the quality of the result of the method - if the unknown region is very large, then it can be reconstructed
in many ways. The only criterion for success in such a task is the plausibility of the obtained recovery.

Most of the recent best practices for working with complexly structured objects are based on ideas from
generative adversarial models (GAN) [1]. They solve both above problems: a generator is a large convolutional
neural network that can extract highly complex features. To assess the likelihood of the result, a second
convolutional neural network is used - a discriminator with a tunable (trainable) validation metric of areas
reconstructed by the generator. The main problems of such approaches are most often: the complexity of training
(such models can take months to learn), a long time of work and the amount of resources consumed during training
and application. All these problems make such methods very impractical for real-world applications. For example, it
is very difficult to use such solutions on mobile devices, which are still very limited in resources, especially for the
case of high resolution.

The paper proposes a new solution for the problem of recovering a part of an image in high resolution. The new
method consumes a small amount of resources and allows achieving high visual quality for solving the problem. The
method is based on the approach of cascading neural networks, first proposed for solving the problem of semantic
segmentation [2]. The main idea of the method is to build an image pyramid and independently extract features in
different resolutions. At the same time, most of the complex semantic features are extracted at the lower level, which
makes it possible to efficiently use the consumed resources, and for the upper levels of the pyramid, only local
features are extracted, which are necessary to refine the solution obtained in a low resolution.

The work shows that it is possible to achieve a high quality solution to the complex problem of restoring human
faces, where, without a doubt, faces are objects with a complex structure and great variability, even with very strict
restrictions on consumed resources: the number of parameters of the resulting model is much less than that of all
advanced methods solving this problem, for training the method does not require many video cards and months of
time. At the same time, the quality of the method is not inferior to competing methods in this area. The proposed
method was tested on CelebA-HQ data [3].

Section 2 provides an overview of best practices for solving the problem of restoring part of an image and
identifies the problems of each of the approaches. Chapter 3 details the developed method based on the idea of
cascading convolutional networks. Section 4.2 provides an experimental comparison of the proposed method with
one of the competing approaches, and Section 4.3 presents an analysis of the main components of the method
described in the work.

Overview of relevant methods

There are two large families of methods for solving the problem of image restoration. The first are traditional
(non-learning) computer vision methods based on five searches for similar parts of the image (exemplar-based) or
contraction of boundaries (diffusion-based). The second group is trainable neural network models.

Traditional methods for solving the problem

One of the most famous traditional approaches to solving the problem is the “PatchMatch” method, as well as its
various modifications [4, 5, 6]. For example, the method [5] uses the idea of pyramidal image reconstruction.
Starting from the lowest resolution, the algorithm reconstructs the unknown area, gradually increasing the image
resolution. Having obtained an approximation at a low resolution, the method refines the solution at a higher
resolution. In the approach proposed by the authors of the article [6], the authors propose to statistically distinguish



several dominant shifts of the known regions, combining which can effectively restore the unknown region.

The problem with all such approaches is the inability to recover complex-structured objects. Moreover, the
methods are capable of reconstructing the unknown part of the image only by combining the known regions and are
not able to generate details that do not exist in the image, which may be necessary for realistic reconstruction of the
unknown part.

Neural network methods for solving the problem

One of the first solutions using the idea of generative models for the problem of reconstructing a part of an image
was proposed in [7]. Although the method potentially allows one to solve one of the most important problems of
non-learning models the restoration of a part of an object by generating rather than mixing parts close in context, it
is much inferior in quality to many newer methods, especially for complexly structured objects, for example, for
human faces.

In [8], the authors proposed to use the attention layer in the space of features extracted by a convolutional neural
network to better search for similar areas in the image by context to the reconstructed one. The model consists of
two parts - for a rough approximation and for a refinement. In this regard, the resulting model is very large and
requires a lot of resources even just for launching, not to mention training. At the same time, the authors also make
the assumption that the deleted part can be restored with known parts of the image, which is far from always true in
the case of the task of restoring a part of the face.

In the closest work to our GMCNN studies [9], the authors proposed using a generator architecture with several
independent parts to extract features at different resolutions with different core sizes. The main problem with this
approach is that all parts of the model built for feature extraction (encoders) have almost the same architecture
(differ only in core sizes) and extract features independently of each other. After extraction, all features are
combined and processed together, which does not allow building resource-optimal architectures and smoothly
moving from global features to local ones.

In the model proposed in our work, the part responsible for extracting features in low resolution is much deeper
than in high resolution. After extraction, the features are combined sequentially from the lowest resolution to the
highest. For more efficient resource consumption, we used the idea of split convolutional blocks [11]. All this led to
a new approach, which is not inferior, and even surpasses the model proposed in [9] in terms of visual quality, while
significantly gaining in terms of consumed resources.

There are also many interesting modifications to the task of restoring a part of an image. For example, in [8], the
authors proposed a method for restoring a part of an object in an image with conditioning on additional attributes:
gender, presence or absence of a smile. The high-resolution visual results of the method presented in the work are
very impressive, but one of the most important disadvantages of the method is the cumbersomeness and time of
training the model - more than 3 weeks of training on the Titan Xp GPU. The reason was that the authors used the
Progressive Growing approach [10]. Such models are too large to be used when resources are scarce. Our research
can contribute to the further development and improvement of such approaches.

Conclusions and results by chapter

This chapter gave an overview of existing methods for solving the problem of restoring a part of an image. The
drawbacks of each of the two families of approaches are pointed out: non-learning methods are not able to restore

complex-structured parts of images, and neural network approaches showing high visual quality require too
many resources.

The following chapters describe the developed method and provide an experimental comparison of the new
approach with the GMCNN method [9], which is a direct competitor. of the presented approach.

Proposed method

The proposed method is based on the idea of competitive neural networks: to construct a solution, a pair of
simultaneously trained models is used - a generator and a discriminator. A model with a cascade architecture was
used as a generator. The generator accepts a three-channel image as input X, as well as a single channel mask M
(with a value equal to 1 for the unknown area, 0 for the known). As the output of the generator returns the restored
image X rec, the plausibility of which is assessed by the second model - the discriminator. Subsequent parts of this
section provide detailed description of the cascade architecture of the generator with all its components, the used
model of the discriminator is also described.

Cascaded generator architecture
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Fig. 2. Diagram of a cascade generator. "CD Block™ - a cascading block of increasing the scope, "Fuse" - a merge block, "scale"
- a scale width and height of features

The cascade architecture of the generator used to solve the problem of restoring a part of the face is shown in
Figure 2. The model accepts a pyramid with three times scale of the original image for restoration. First, the features
are independently extracted for each level of the pyramid. For the highest resolution, the number of extracted
features is the smallest; such features are the most local, while for the lowest resolution the extracted features are
more complex and global. This approach with cascading feature extraction allows efficient use of resources (in high
resolution the least number of operations), while due to the cascading model architecture, features are explicitly
separated into local and global. There is only one downsampling at each level of the model, so the “CD” box is used
to increase the receptive field the model. The block is described in more detail in the next chapter.

After features are extracted, they are gradually merged and refined, starting from low resolution, and ending with
high resolution. The fusion block "Fuse" is responsible for the merge operation, the block diagram is shown in
Figure 2. After the merge, several convolutional blocks follow at each level. In low and medium resolution, after
merging, there is a “CD” block, for high resolution there is no such block since it consumes too many resources.

All feature extraction blocks consist of "Residual blocks" [12], where separable convolutions are used instead of
usual convolutions for faster learning, less resource consumption, and less overfitting. Changing the resolution of
features occurs by applying a downscaling (or upscaling) operation using the nearest-neighbor scaling.

After getting the predictions of the model G (X, M) final decision X rec obtained by mixing G (X, M) and X in
the following way:

X =GX,M)®oM+ X6 (1- M).

Where*- the operation of pixel-by-pixel multiplication.
The work did not use any post-processing to refine the solution. The results of the work are shown in section
4.2.1.
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Figure: 3: Diagram of a merge block. F1 - Extracted tags at a lower resolution than F2. D1 and D2 hinterland of feature maps
F1 and F2. "Output" is the result of the merge. D is the hinterland of the feature map for the merge result. "Conv" is a
convolutional block. "Normalize" - normalization block. " Pointwise sum " is a block of per-pixel addition

Cascading FOV Magnification Unit

To solve the problem of restoring a part of the face, the model must be able to extract global features to
understand the context. For example, you need to know which part of the face was removed or whether the person
was wearing glasses.

In the proposed architecture (Figure 3), there are only a few downscaling blocks. The small number of
downsamples is caused by the fact that it becomes more difficult for the model to recover fine details in the image
after a large number of downsamples, especially with not too deep feature maps. With a limitation on consumed
resources, deep feature maps simply cannot be built.

To increase the field of view (to obtain more global features), a cascading block of increasing the field of view
("CD block™) was used. The block diagram is shown in Figure 4. The block is based on the idea of “dilated
convolutions" [13]. The first stage of the block is to extract features by applying convolutional blocks with different
values of the "dilation" extension parameter: 1, 2, 4 and 8. For the smallest value of the parameter, the features are
the most local and are needed to clarify more global features with the largest value of the expansion parameter, since
at the maximum value of the parameter, although the features are more global, they have a sparse and imprecise
structure. The depth of feature maps for each parameter value is exactly 4 times less than the initial one (the total
depth of all four cards drawn matches the input). After that, the extracted cards are gradually merged, starting from
the lower value of the parameter, ending with the maximum. After all merges, the extracted features supplement the
original ones (complicate) by pixel-by-pixel addition.
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Fig. 4. Diagram of the field of view magnification block "IN" - block input, "OUT" -the result of applying the block. Bold arrows
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Loss function for generator
Competitive part
The main component of the loss function is the adversarial component

Liw(0) = E  {log(l— D, (Gs(X)))}

X ep('m'ruph d

Where 6 - trainable parameters of the generator, P corrupted - distribution of examples for recovery, D 1 -
discriminator model with parameters 1.

Feature Map Mismatch Error

The next component of the loss function is the error of mismatch of feature maps (perceptual loss) [14]. It helps
the generator to start learning when the discriminator is untrained. The error is calculated only for the area to be
reconstructed and the known area does not participate in the value of the loss function (the size of the mask should
not affect the absolute value of the function losses).

j=5

Ly =3[0 (35 - 6,00

Where ¢ j (X) - activation (signs) of the layer RELU j_ 2 for image X the pretrained VGG19 model [15] on the
ImageNet problem [16], M - mask of the restored area for example X.

Pixel Mismatch Error

For small areas, a pixel-by-pixel metric can also be useful, so a mismatch error was used (reconstruction loss).

Lec(8) = ® (X—F;u- - j\—rm!) ‘:l
Final loss function

The resulting loss function for the generator is as follows
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Where A adv, A feat, A rec - hyperparameters that regulate the weight of each of the components.
Discriminator model. Cascading discriminator
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Fig. 5. Figure "a" shows the basic discriminator circuit, figure "b" cascade discriminator. The weights for different branches of
the cascading discriminator are different

Basic and cascading architecture

The discriminator is a convolutional network that accepts an image as input, and outputs some estimate of the
realism for this image. In our case, the discriminator predicts the probability that the input image is real. Very often
the discriminator is stronger than the generator. The discriminator manages to learn too quickly at the beginning of
training to distinguish real examples from generated ones, which does not allow the generator to learn. To combat
this problem, different regularizations are used for the discriminator. In this work, the idea of spectral normalization
was used to regularize the discriminator [17]. As well as the generator, the discriminator model consists of the
residual convolutional blocks "Residual blocks™. In contrast to the generator, the discriminator model does not have
a scope increase unit and there is no resolution increase unit.

At the initial stage of training, the basic discriminator model 3.4a was used. At the stage of additional training of
the generator (more about additional training in Section 3.5), the idea of a cascade discriminator proposed in [18]
was used. The concept of a cascade discriminator is that an image is supplied to it as an input, a pyramid of images
is built from the image, by decreasing the dimension for each next level. Then each resulting image is independently
processed by a separate discriminator branch (each branch has its own weights). After that, the final prediction is
obtained by averaging the results of all branches. This approach allows us to explicitly divide the discriminator
features into more local and more global ones: for a low-resolution image, the field of view is larger than for a high-
resolution image, so the features are more global. In the case of the high-resolution branch, features aim to validate
finer image details. We used a pyramid for the discriminator of two levels - a branch for the original image and for a
halved one.

The loss function for the discriminator

The loss function for the discriminator consists only of a competing component

1 .
Lan(r) = —5[ E {log(D-(Go(X))}+ E  {log(l~D:(Go(X)))}]

-\-epr'r-ral XeP, orrupted

Where t - discriminator parameters, D 1 - discriminator model, P real - real Images, P corrupted - recovered
images by generator G 6.

Training details

As described in section 3.4, the generator model was trained in two stages. At the first stage, the basic



discriminator was used to obtain an approximate solution. In order to achieve better visual results, a retraining stage
with a cascade discriminator was used. The influence of additional training on the quality of the resulting model is
investigated in Section 4.3.

For both stages of training, the "Adam" optimizer was used [19]. Before the start of the retraining stage, the
optimizer parameters were reset. Also, the weights of the discriminator from the first stage did not participate in the
second in any way; all the weights of the discriminator at the second stage were trained anew.

The learning epochs of the generator and discriminator alternated. One training epoch of the generator consisted
of 10 batches, and the discriminator of 5. The location of the mask was randomly chosen evenly throughout the
picture. For all examples, the mask was always rectangular. Mask size was sampled from a uniform distribution U
[low; 1] regardless of each side, where the parameter value low = 0.2 for the initial stage and low = 0.5 for the stage
of additional training.

Conclusions and results by chapter

The chapter presented a new method for solving the problem of restoring a part of an image. All components of
the approach are described: a cascade generator model, a cascade block to increase the visibility area, a
discriminator model, loss functions for the generator and discriminator. The motivation for using each of these
components is given, as well as the details of training the models.

The developed approach shows very high results for the task of restoring a part of the face, while consuming a
small amount of resources. The next chapter presents an experimental comparison of the obtained method with the
GMCNN method [9], as well as an analysis of the components of the developed approach.

Results of the method. Experiments

Description of test data

For the experiments, CelebA-HQ data [3] with celebrity faces were used. All metrics and comparisons with the
GMCNN method are presented for test data at 256x256 resolution. Metrics are calculated on the validation part of
the dataset (deferred sample of 100 examples). For each example, the mask is a rectangle with a random top-left
corner position. The size of the sides of the rectangle is also random and occupies at least 35 percent of the
original width and height of the image. No post-processing was used in the work, the results of image restoration
coincide with the model output.

Comparison of the method with a competing approach

For comparison, the GMCNN method [9] was chosen, which is the closest to the set task - it uses a generative
approach and does not consume too many resources. To obtain the results of the GMCNN method, the pretrained
by the authors was used model. No post-processing of the results for GMCNN was used as in the original work.

Table 1. Metrics for GMCNN and the proposed method. For PSNR and SSIM values of the metrics are given, for AB testing the
average percentage of preferences is the percentage of selected pairs in which the method result was preferable for the assessor

GMCNN Proposed method
PSNR 23.4393 23.8215
SSIM 0.8866 0.8872
AB testing 19.5 80.5%

Examples of how methods work

Figure 6 shows several examples of the work of the proposed method and the GMCNN method. From the
examples given, it can be seen that the approach proposed in the work is more stable than GMCNN, it has much less
artifacts on the background and on the face than GMCNN, and the boundaries of the restored area are less
noticeable. GMCNN suffers from all the above problems, but in some examples GMCNN restores some parts of the
face in more detail - the eyes of the girl from the last example in the figure 6 are more detailed.

Comparison of numerical metrics

The standard metrics for this task were used as metrics - PSNR (peak signal to noise ratio), SSIM (structural
similarity). The values of the metrics for the two considered methods, calculated on the validation set, are shown in
Table 1. The higher the metric value, the higher the quality.

In the problem of restoring a part of a face, the result may look realistic, but the output of the method may differ
significantly from the original image if the restored area is large. Since the PSNR and SSIM metrics operate on
pixel-by-pixel similarities between the true image and the reconstructed image, they may be completely
unrepresentative for cases of large, reconstructed areas. In this regard, just as in [9], one more metric “AB testing”
was used.

The idea of AB testing was that the assessor was shown two photos - the result of GMCNN and the result of the
method proposed in the work. After that, he chose more.



-
N -

Input Our method Ground truth

Fig. 6. Examples of how facial reconstruction works for the GMCNN method and the proposed method. "Input™ - the image to be
restored, "GMCNN" - the results of the GMCNN method, "Our method" - the results of the proposed method, "Ground truth" -
the original picture. All images are from the validation set and have resolution 256 x 256

A photograph that is realistic in his opinion. For testing, the same pairs were used for which the PSNR and SSIM
metrics were calculated (100 photos from the validation set). All 100 pairs were shown to each assessor. The
assessors passed the test independently and with no time limit to choose from. For each assessor, a random order of
displaying pairs of photographs was chosen; moreover, the result of each of the methods could appear both on the
left and on the right side. Ten people aged 20 to 30 years were selected as assessors. Most of the selected users
work in the field of computer vision and are familiar with the problem being solved, several users have never heard
of the problem being solved. The final metric for the AB test is the average value over all the user of the
percentage of preference of the method result over the opponent's result.



The AB test results are shown in Table 1. On average, 4 out of 5 couples chose the result of the proposed
method. Such a high percentage confirms that the method proposed in this work is more stable than GMCNN - most
of the images reconstructed by our method are practically free of artifacts that appear because of GMCNN
operation. The less obvious boundaries of the restored area for the results of our method also became an important
factor in the choice. Among all assessors, the lowest percentage of preferences for the developed method is 66, the
highest is 87.

Resources

One of the most important advantages of our solution is the low amount of consumed resources. The resulting
model is very lightweight and extremely fast.

Table 2 shows the data on the consumed resources for the two compared methods. The models were tested on a
GeForce GTX 1080 GPU as well as an Intel Xeon (R) CPU E5-2620 v3 2.40GHz CPU.

The number of parameters of the GMCNN model is more than 36 times greater than the number of parameters of
the model proposed in the work. Such a large number of parameters leads to problems with using the model, for
example, in mobile applications. The model presented in the work is more lightweight (the model in fl 0at32 weighs
only 1.3 MB). The GMCNN method is slightly ahead of the method proposed in the work in terms of operating time
on a server GPU (insignificantly since both methods work very quickly), while noticeably inferior in operating time
on a CPU. This fact can be explained by the fact that the GMCNN model is not adapted to work on more mobile
devices - on devices that lack powerful graphics processors. So, for example, the model contains many inseparable
convolutions with large kernels (5 or 7), which makes it not well suited for low/mid-performance CPUs

Table 2. Resources consumed for the compared methods: number of parameters, running time on a high-performance GPU, and
CPU for 256x256 images

GMCNN Proposed method
Number of parameters 12.562 M 0.344 M
Mean GPU time 0.013s 0.021s
Mean CPU time 3.359s 1.678s

Analysis of the main components of the method

This section shows the contribution of several main components of the method, gradually adding which it was
possible to achieve the results presented in the work. These components are: adding a cascading block for increasing
the field of view (CD block), which was presented in Section 3.2, refusal to normalize in a merge block, as well as
the use of the stage of additional training with a cascade discriminator (Section 3.4). All of the above modifications
were added sequentially. Figure 10 shows examples of how the method works after adding each of the components
described in this section. In the following chapters, for each of the considered modifications, the motivation for its
use is given and several examples demonstrate the change in the quality of recovery after adding only this
modification.

Influence of cascading field of view enlargement unit

As mentioned earlier in the work, to solve the problem of restoring a part of a model's face, it is necessary to be
able to extract complex global features (features from large areas of the image). This requires the model itself to
have a large receptive field. At the very beginning of the work, the cascade block for increasing the visibility was
not used, the results were very blurry, the model could not draw the eye or glasses symmetrically. The use of
multiple cascading blocks to increase the field of view at low and medium resolutions has helped make a significant
contribution to solving these problems. Figure 7 shows examples of the operation of one of the very first trained
models without a cascading block of increasing the visibility area, as well as with the addition of several such blocks
to the model.

Abandoning normalization in a merge block

The next step after adding the CD block was to examine the merge block.



(a)

Fig. 7. (a) - the original image for restoration, (b) - the result of the base model without a cascade zoom unit, (c) - the result
after adding a cascade zoom unit to the base model field of view

In the original work with the cascade model for semantic segmentation [2], the fusion block used batch
normalization of each of the two feature maps before merging them. At the beginning of this work, the method also
used batch normalization. The decision was made to abandon normalization in the merge block. The main motive
was the fact that the batch normalization block, mixing information about the features of different examples (trying
to make their statistics more similar), can lose the individual features of each of the examples. Because of this, the
boundary between the restored and the known area may be more pronounced (the colors may differ more).
Failure to normalize resulted in smoother colors, less visible boundaries of the restored area.

A study was also carried out to replace batch normalization with normalization according to one example
(instance norm) [20]. The model trained with normalization from one example is less significant, but inferior in
visual quality to the model without normalization.

Additional training using the cascade discriminator

Section 3.4 describes the idea of retraining a model with a cascading discriminator architecture. This additional
training allowed us to achieve better visual results for the restoration of large areas of the face, as well as better
detail. Figure 9 shows examples of the method operation without additional training and with additional training
using a cascade criminals, demonstrating the benefits of such additional training.

Fig. 8. (a) - original image for restoration, (b) - result of work models c using batch normalization in a merge block, (c) — result
work of the model without using batch normalization in the merge block



Fig. 9. (a) - the initial image for restoration, (b) - the result of the model without additional training, (c) - the result of the model
with additional training with a cascade discriminator

Results for very high resolution

We also trained the model for a very high resolution of 1024x1024. The architecture and number of parameters
of the generator model remained the same as for the 256x256 resolution. The retraining stage with a cascade
discriminator was also used.



Fig. 10. Stages of model improvement: (a) - images for recovery, (b) - results of the basic waterfall model, (c) results after
adding a CD block, (d) - results after abandoning batch normalization, (e) - results after additional training with a cascade
discriminator (final version)

We were interested to know how such a lightweight model can cope with very high-resolution faces, whether it
has enough field of view to adequately restore the image. Several examples of how the trained  model works are
shown in Figure 11. Even such a lightweight model (the number of model parameters is less than even the number
of image pixels) copes very well with restoring a human face. It can be concluded that the recovered by the
generator features are very representative for 1024 resolution as well. In contrast to the 256x256 resolution, more
small noticeable artifacts appeared on the model results (they are visible with a strong approach). The nature of these
artifacts has not yet been investigated. We assume that this problem can be solved by adding a loss function
responsible for smoothness and increasing the number of pyramid levels in the cascade architecture of the generator

and discriminator.
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Fig. 11. Several examples of how the developed method works for an ultra-high resolution of 1024x1024 on a validation set.
Number of parameters the model is less than the number of pixels in the image

Conclusions and results by chapter

In this chapter, experiments were presented to assess the quality of the developed method. Experiments have
shown that our method is superior in quality to the competing GMCNN method. At the same time, the developed
model is lighter than the GMCNN model and works faster in the absence of high-performance GPUs.

The chapter provides an analysis of the main components of the developed method in order to demonstrate their
impact on the final quality of the model. All three investigated components: a block for increasing the scope, refusal
to normalize in a merge block, and additional training with a cascade discriminator significantly improved the
quality of the final solution. The chapter also shows the model results for a very high-resolution face image of
1024x1024. The above results prove that even the current small model is capable of showing very high visual results
without any improvements, while the number of model parameters is even less than the number of pixels in the input
image.

Conclusion

The paper deals with the problem of restoring a part of an image. To solve the problem of restoring a part of a
face, a method has been developed based on the idea of competitive generative models, as well as a cascade
architecture for a convolutional network. The studies carried out show that the cascade architecture of the generator
makes it possible to achieve a high quality of the problem being solved, while the obtained method requires a very
small amount of consumed resources.

Also, an important contribution of this work was the analysis of the influence of several of the most important
components of the proposed method on the quality of the developed approach: the effect of the cascade block of
increasing the visibility area, the use of additional training of the model with a cascade discriminator.

Further research will be analyzing the behavior of the method for irregular shapes of the restored regions (not
rectangular regions), improving detail and reducing small artifacts for high resolution, as well as applying the
method to other problems of restoring a part of the image.
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