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Abstract—The article is devoted to the structural-parametric synthesis of neural networks for guided
recovery on pairs "damaged - original”. The genetic algorithm is used as an optimization algorithm. The
training data is synthesized using object-oriented random erasure. The data are built with object-targeted
Random Erasing. The train / val / test splits are disjoint: 5362/670/670. On the holdout (n = 670; valid
letterbox region, without padding) Wider U-Net yields 25.33 + 4.50 dB (1.88M; 116.6 GMACs), and
Warm Start genetic algorithm yields 25.23 + 4.39 dB (1.15M; 97.3 GMACs). By the paired Wilcoxon test,
the gap behind Wider U-Net is 0.10 dB, and the advantage over Baseline genetic algorithm is 0.25 dB in
this run. Both synthesized networks are substantially better than Telea and identity. The level width in the
synthesis space is limited to 128 filters, therefore Wider U-Net (256) lies outside it. The result is read as a
competitive trade-off, without a claim of absolute PSNR leadership and without generalizing warm start
beyond this experiment.

Keywords—Itructural-parametric synthesis, image restoration, inpainting, neural networks, genetic
algorithm, random erasing, peak signal-to-noise ratio, structural similarity index, encoder-decoder, holdout.

I. INTRODUCTION

Image quality affects subsequent scene analysis.
The practical motivation is partial damage or
occlusion of objects in the imagery. Resources are
often limited. Onboard UAV scenarios are only an
example of such a setting.

If an informative region is damaged, the analysis
becomes harder. Therefore image restoration
(inpainting) is reasonable. It is the reconstruction of
lost or corrupted pixels closer to the original.
Supervised restoration requires an image-to-image
network. It has to fill the damaged region from
context. The choice of architecture and training
settings affects both quality and computational cost.

Different approaches exist. Classical inpainting
methods fill the hole by local smoothness or by
patches. They do not learn from a large paired
sample. Learning-based methods build the damaged-
to-original mapping as a convolutional network.
Most often this is an encoder-decoder with skip
connections. Such architectures are usually designed
by hand. Methods of automatic architecture search
develop separately. They are mostly oriented
towards classification of clean images, not towards
restoration under object-targeted damage. In practice
a contradiction arises. A wider network often gives
higher quality. At the same time it is heavier in the
number of parameters and operations (GMACS).

This is critical under resource constraints.

There is also the line of structural-parametric
synthesis of neural networks. It allows the model
structure and the training hyperparameters to be
formed jointly in a single space of candidates. The
structure includes depth, level width and the
presence of skips. This is an alternative to separate
manual tuning. In this way a restorer can be obtained
automatically that is close in quality to a strong
hand-designed U-Net and more compact in params /
GMAC:s.

Given this, a study of structural-parametric
synthesis for image restoration under object-targeted
damage is expedient. The subject is the search for a
trade-off between quality, model size and
computational cost, not the maximization of PSNR
without regard to resources.

Il. RELATED WORK

Convolutional neural networks have shown high
efficiency in computer vision tasks and related
applications. By the type of architectural
modifications they are conventionally divided into
seven classes: networks with an emphasis on spatial
exploitation; networks with an emphasis on depth;
multi-path networks; networks with many width-
wise connections; feature-map based networks;
channel-boosted networks; attention-based networks.
The encoder-decoder restorer for image restoration
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belongs to this family of convolutional architectures.

Structural-parametric ~ synthesis  of  neural
networks means the joint formation of the network
topology and of its training parameters within a
single search process. This differs from the scheme
“first set the architecture by hand, then tune the
hyperparameters  separately”.  Structure  and
parameters can be coupled degrees of freedom of
one design task. The theoretical framework of such
an approach for hybrid artificial neural networks was
developed in the works of Zgurovsky, Sineglazov
and Chumachenko. The problem statement of this
paper relies on it.

In the formation of topologies of hybrid artificial
neural networks, structural synthesis can be presented
as a separate scientific and applied task rather than as
purely heuristic layer selection [1]. Ways of building
an architecture from heterogeneous blocks and
connections can be systematized. The quality of the
system can then be determined already at the stage of
topology choice. For image restoration it follows that
an encoder-decoder restorer can also be treated as an
object of structural synthesis. Depth, level width and
skip connections are the controlled variables. This is
not merely a fixed template with subsequent weight
training.

Multicriteria optimization methods in the context
of hybrid neural networks can be classified and
analysed with respect to reconciling several
conflicting quality indicators [2]. Scalar and vector
statements, trade-offs between model accuracy and
complexity, and mechanisms for selecting non-
equivalent variants provide the apparatus for tasks in
which a single criterion is not enough. For a restorer
under limited resources this can correspond to the
statement “restoration quality — model size -
inference cost”. Synthesis is then oriented not to the
absolute PSNR maximum but to an acceptable point
on the trade-off curve.

An intelligent system for determining the degree
of damage of objects in images can be built on the
basis of generative adversarial networks — in
particular, for assessing the degree of bark beetle
damage to trees [3]. Deep models can be effective in
tasks related to damage of visual content. The
practical statement naturally relies on “damaged
image — reference information” pairs. At the same
time such a system can be aimed at assessing the
degree of damage rather than at synthesizing a pixel
restoration network. The gap between damage
analysis and structural-parametric synthesis of a
restorer outlines the subject area of the proposed
study.

Beyond this theoretical line,
automatic architecture search are

methods of
developing

actively. They are close in idea to structural-
parametric synthesis but are mostly oriented towards
classification. The search for transferable
architectures for scalable image recognition can be
implemented as  computationally  expensive
reinforcement-learning NAS [4]. The selection
criterion there is accuracy on clean data. Therefore
the results do not transfer to inpainting directly.
Regularized evolution can also be aimed at
classifiers at a high search cost [5]. Differentiable
NAS can accelerate the structure search along the
gradient [6]. The candidate space remains closer to a
sequential classifier than to an encoder-decoder with
full joint optimization of hyperparameters. Weight
sharing can reduce the cost of evaluating
architectures but does not account for the specifics
of occlusions [7]. Genetic formation of a
convolutional neural network (CNN) allows the
network structure to be evolved [8]. However, each
new candidate is usually trained from scratch,
without knowledge transfer between generations.
Multi-objective NAS can reconcile model accuracy
and complexity without posing the task of
restoration under object occlusion [9]. The
combination of evolutionary search with parameter
reuse in a one-shot scheme comes close to structural-
parametric synthesis, but again within classification
[10]. The NSGA-II algorithm can provide the
classical apparatus of elitist multi-objective selection
and is consistent with the analysis of multicriteria
methods [2]; by itself, however, it does not define an
encoder-decoder space for inpainting [11].

A separate line is parametric synthesis of
networks for image restoration. The architecture is
mostly fixed by hand. “Synthesis” is then reduced to
training the weights and, sometimes, tuning
hyperparameters on paired data - without a joint
topology search in the sense of [1]. Classical
exemplar-based inpainting can fill the hole with
patches without deep learning [12]. A residual CNN
for denoising allows the parameters to be trained for
a predefined structure [13]. U-Net with skip
connections can be regarded as the de facto standard
for image-to-image settings [14]. The topology is set
manually, after which parametric training is
performed. Context Encoder extends inpainting with
an adversarial component while keeping the manual
design of the encoder-decoder [15]. Partial
Convolutions can improve handling of a known
mask through mask-aware convolutions, but they
also do not perform a structural search [16].
Diffusion models can provide high perceptual
quality at the price of substantial computation and
again rely on a fixed architecture [17]. Restoration
quality is conventionally assessed by PSNR and
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SSIM as full-reference metrics [18]. It is precisely
these that can enter a multicriteria statement in the
spirit of [2]. For modelling damage, Cutout is used
as a regularizer [19], as is Random Erasing with
erasure of a random region [20]. In their basic form
the region is often not tied to a target object.
Damage analysis tasks close to [3] motivate an
object-oriented statement.

Thus, the supporting apparatus of structural-
parametric synthesis and multicriteria selection is
provided by [1], [2]. An example of deep damage
analysis in images is [3]. Methods of automatic
architecture search and modern restorers with a fixed
topology broaden the review. They, however, do not
solve the task of joint synthesis of the structure and
the hyperparameters of an encoder-decoder for
object-targeted damage under the quality / params /
GMACs criteria with a final check on an
independent holdout.

I1l. PROBLEM STATEMENT

Image  restoration  (inpainting) is  the
reconstruction of lost or corrupted pixels from the

preserved context. Let xe[0,1]""® be an
undamaged RGB image, X its corrupted version, and
m <[0,11"" the binary mask of the damaged region

(m,; =1 inside the hole). In the supervised setting

the restorer f, is trained on triples (x, x,m) to

recover the original. With a known mask, the natural
input is the concatenation of the damaged frame and
the mask:

2= f,([X,m]), Re[0,1""Y. (1)

The goal is to bring X close to x over the whole
frame and especially inside. The restorer performs
no object classification.

The sources of damage vary: noise, blur, erasure,
occlusion. For a controlled study of partial object
occlusion, a model based on Random Erasing [20] is
convenient. Inside the region of interest (for
example, the union of bounding boxes B) a rectangle
R is chosen and its pixels are replaced by

independent noise u, ; ~U[0,1]°:
ui j? 11 -l j R1
X :{ ’ m; ; :{ 0.0) 2)
Xi o

0, (i,j)eR.

If Rc B, the damage is object-targeted. The
hole lies on the target object rather than on arbitrary
background.

Classical  inpainting  methods  (diffusion,
exemplar-based [12], Telea and others) fill the hole
by local smoothness or by patches without learning

(i) eR,
(iL))eR,

from a large paired sample. Learning-based
approaches build the mapping (1) as a CNN. For
image-to-image tasks the typical topology is an
encoder-decoder with skip connections (U-Net [14]).
The encoder compresses the spatial scale and
accumulates context. The decoder restores the
resolution. Skip connections carry fine details from
the corresponding encoder levels. Depth, level width
(the number of filters) and the presence of skips are
structural degrees of freedom. Learning rate,
optimizer, dropout and so on are parametric ones.
Together they determine both the restoration quality
and the resources (the number of weights, the
number of operations).

Training a restorer is reduced to minimizing a
loss between X and x. A pixel-wise error is often
combined with structural similarity. One common
form is a weighted sum of L1 and the SSIM
complement:

L=a|f-x| +(@-a)(1-SSIMZ, X)), (3)

where o € (0,1) balances intensity accuracy against

structure preservation. If £ is computed over the
whole frame rather than over the mask only, the loss
is not mask-aware. The priority of the damaged
region is not set explicitly.

Restoration quality is assessed by full-reference
metrics. For the range [0,1]

PSNR (%,x) =10 Iogm[ﬁ“j, (4)
X, X

where MSE is the mean squared error over the
channels and pixels of the evaluated region.
Structural similarity index (SSIM) [18] compares
local means, variances and covariance. It reflects
structural similarity better than plain mean squared
error (MSE). Separately, mask-PSNR is introduced —
peak signal-to-noise ratio (PSNR) computed on
{m=1} only. Under limited computational

resources, quality is compared against model cost:
the number of parameters and the estimated number
of MACs / GMAC:s per frame of fixed size. This is a
proxy of inference cost, not a measured onboard
latency.

For image-to-image restoration the encoder and
the decoder are parts of a convolutional neural
network. The encoder takes the input [%¥,m] and
successively reduces the spatial scale through
convolutions and pooling. Context is thus
accumulated in the form of latent features. The
decoder restores the spatial size through upsampling

and convolutions. The output X is formed at the end.
The general scheme is shown in Fig. 1.
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Without additional connections, details from the
early encoder levels can be lost after compression.
Therefore  skip  connections  between  the
corresponding encoder and decoder levels are often
added. They pass the feature maps directly. Such a
topology corresponds to U-Net. The scheme with
skips is shown in Fig. 2.
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Fig. 1. Scheme of an encoder-decoder convolutlonal
network for image restoration
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Fig. 2. Scheme of a U-Net-like network with skip
connections between encoder and decoder
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In such a network the structural degrees of
freedom are depth, level width (the number of
filters) and the presence of skips. The parametric
ones are learning rate, optimizer, dropout and so on.
It is exactly these that are chosen jointly in
structural-parametric synthesis.

Hence, the formal problem of this study is
structural-parametric synthesis. From paired data
with object-targeted damage (2) an encoder-decoder
restorer (1) trained by (3) has to be built. The
structure and the hyperparameters are chosen jointly.
On an independent sample a competitive trade-off
between PSNR/SSIM (4) and resources (params,
GMAQCs) relative to strong hand-designed U-Net
baselines has to be obtained. The implementation of
the synthesis in a discrete candidate space is
described in Section IV.

The object of the study is structural-parametric
synthesis of neural networks for image restoration
under partial  object-targeted damage. The
experiments were carried out on an open vehicle
dataset (see the caveat about motivation in Section ).

The aim of the work is to check whether such
synthesis of an encoder-decoder restorer on
“damaged — original” pairs yields models close in

quality to a strong hand-designed Wider U-Net on an
independent holdout while being more compact in
the number of parameters and in estimated GMAC:s.
The thin U-Net serves as a lighter but weaker
reference. A separate onboard latency benchmark
was not performed. Computational cost is compared
through GMACs per 512x512 frame.

Hypothesis: under a protocol with disjoint train /
val / test and metrics computed on the valid letterbox
region, structural-parametric synthesis selects a

... COmpetitive point on the quality /size / GMACs
v curve without a claim of absolute PSNR leadership.

Objectives of the study: (1) to substantiate an
approach to structural-parametric synthesis of an
encoder-decoder restorer CNN for supervised
inpainting under object-targeted damage; (2) to
ensure the correctness of the comparison through a
protocol with disjoint splits, evaluation on the valid
region (without padding) and per-image statistics on
the holdout; (3) to find out whether the synthesized
networks form a competitive quality / size / GMACs
point relative to the thin and the Wider U-Net and to
trivial baselines (identity, Telea); (4) to assess
whether different synthesis variants (in particular
warm start) change the selected topology and the
restoration quality on the holdout.

The following assumptions are adopted. The
setting is supervised image-to-image restoration. A
noise rectangle inside a bounding box models partial
occlusion. RGB and a binary mask are sufficient
input features. Identical genetic algorithm (GA)
parameters ensure a correct comparison of the
synthesis variants. The final conclusions rest on the
holdout only.

Simplifications of the setting: no
IR/TV/multispectral data; the proxy synthesis stage
at 64 x 64; a single rectangular occlusion; full-res
retrain and holdout at letterbox 512; a single dataset;
the synthesis space limits the level width to the set
{16, 32, 64, 128}.

I\VV. APPROACH

Structural-parametric synthesis is implemented
by a genetic algorithm. The chromosome encodes
the encoder-decoder structure and the training
hyperparameters at the same time.

The paired sample is built as follows. The
original images are the target, the damaged ones are
the input (model (1) — (2)). The dataset is Military
and Civilian Vehicles Classification (Kaggle) with
XML Pascal VOC annotations. A pair shares the
same file name. Pixels are normalized from [0,255]
to [0,1]. Proxy synthesis stage: 64 x 64. Full-res
retrain / holdout: letterbox 512 (long side <512,
padding to a square; size divisible by 8). The disjoint
splits are given in Table | (splits/, seed = 13,
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~ 80/10/10). The test split enters neither the fitness
(6) nor early stopping.

TABLEI. DATA AND DISJOINT SPLIT SCHEME
(PROTOCOL GROUPED_DISIOINT_V1 SALVAGE)

Stage Count Comment
Original files 6772 all JPEG/PNG
Paired 6772 including 70 fallback
originalNdamaged on
disk
Names in the splits 6702 without fallback;
experiment pool
Train / Val / Test 5362 / training / fitness /
670/ holdout only
670
Intersection 0 leakage-free

trainNvalNtest

The synthetic damage is built as an object-
targeted variant of Random Erasing [20]. In its
classical form Random Erasing is an augmentation
for classification. A rectangle is chosen at random in
the frame and filled with a constant or with noise.
This reduces the dependence of the model on local
patterns. In this work the same idea is applied
differently. It is not a classifier regularizer but a
controlled model of partial object occlusion for
supervised inpainting under equations (1), (2). The
“original — damaged” pair is formed once at the data
preparation stage and does not change afterwards
during training.

The algorithm for processing one frame is the
following. All object bndbox entries are read from
the XML Pascal VOC annotation and their union

bounding box B =(x,, y,, X,, ¥,) is built, with width
b, =(x, —x ) and height b, =(y, - y,). If b, <4 or
b, <4, or the XML is missing, a fallback scheme is
used (below). Otherwise, inside B a rectangle R of
area s-|B| is sought, where the area fraction is
s ~UJ[0.20; 0.40], with aspect ratio
r=h/w~UJ[0.3;3.3]. The height and width of the
damaged region are set as

h =round,/s|B|r, w =round,/s|B|r. (5)

An attempt is rejected if w>b, or h>b,. An
admissible top-left corner (x,y) is drawn uniformly

so that R<= B (at most 100 attempts). The pixels
inside R are replaced by independent RGB noise

u~U{0, ..., 255¥°. Outside R the frame stays the

original. In parallel a binary mask m is formed: m =1
on R and m = 0 otherwise. The damage is thus
localized on the object (or on the union of objects)
and not on arbitrary background. This is exactly
what object-targeted Random Erasing means.

The fallback scheme (global Random Erasing)
uses the same s and r but relative to the area of the
whole frame H x W. The rectangle is placed at an
arbitrary location of the image. There are 70 such
frames on disk. They are not included in splits/. For
the 6702 names in train/val/test the damage is object-
targeted. Synthesis, full retraining and the holdout are
performed on these 6702 names only. The mask is
fed as the fourth input channel of the restorer.

A Su-57 frame
(1d98a84b05bcc76dc3b12b7bc183d31e.jpg) is used
as an illustration. The original is shown in Fig. 3.

Fig. 3. Original Su-57 image

Fig. 4. The same frame after object-targeted Random
Erasing

In Figure 4 the noise lies on the object region
rather than on the background. Restoration is
performed by (1). The structure and the
hyperparameters of the restorer are encoded by a
chromosome ¢ in the discrete synthesis space C
(Table 11). The structural genes are depth, filters,
skip_connections. The parametric ones are
learning_rate, batch_size, optimizer, Ir_scheduler,
dropout. The network f, is a U-Net-like encoder-
decoder. An encoder level contains two Conv2D
(3x3, ReLU), an optional Dropout and MaxPool
(except on the last level). A decoder level contains
UpSampling2D, an optional skip Concatenate and
two Conv2D. The output is Conv2D(3, 1xI,
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sigmoid). The topology key is
d{depth} f{..} s{01...}. The level width is limited
to {16, 32, 64, 128}, therefore a level with 256
filters (Wider U-Net) lies outside C.

TABLE II. CHROMOSOME GENES OF THE STRUCTURAL-
PARAMETRIC SYNTHESIS OF THE RESTORER CNN
Gene Range / values  Role
depth 2...4 structure:
encoder/decoder
levels
filters[i] {16, 32, 64, structure: level width
128}
skip_connecti  {T, F} structure: concat
onsJi] encoder—decoder
learning_rate  [10"{-4}, 10"{- parameters: training
34 step
batch_size {16, 32, 64}* parameters; *full-res:
2
optimizer adam, sgd, parameters: optimizer
rmsprop
Ir_scheduler none, cosine parameters: cosine
annealing
dropout [0,0.3] parameters: after conv
blocks

An example of the encoding is shown in Fig. 5.
The structural genes set the topology, the parametric
ones set the training regime. Together they define a
single candidate whose quality is evaluated by (6).

Structural genes Training hyperparameters

epochs=50, seed=13 (about 180 chromosome
evaluations). The exact total synthesis cost in GPU
hours was not recorded by a separate measurement
(see the limitations in Section V). As a reference
point, the full-res retrain of one model takes ~1.1—
3.1 h on an NVIDIA L4. Baseline GA is synthesis
with candidates trained from random weights. Warm
Start GA uses the same operators, with the offspring
weights taken from the parent by a prefix match of
the encoder levels.

depth f f fy 5 5 I batch opt sched drop

3 6 128 128 True True 63107 16 adam cosine 0.136

/,

Network topology Training setup ‘

d3_164-128-128 511 Adam, Ir 6,310, cosine, dropout 0,136

—_.,\__‘-“H .Hr____r,,ﬂ-—

Candidate model: trained on train split with loss (3)

Fig. 5. Encoding of the restorer structure and
hyperparameters by a single chromosome

The candidate selection criterion during synthesis
is val PSNR after training on train with the loss (3)
at a = 0.84. The final conclusions come from the
holdout (test) only:

f(c) =PSNR( f(X,.), X, ), ¢ =argmax f (c). (6)
ceC

Structural similarity index, mask-PSNR, params
and time are recorded additionally. The search in C
is performed by a genetic algorithm (Table I11). The
GA was chosen because of the discreteness of the
structural genes and the need to optimize them
jointly with the parametric ones. Run parameters of
the 64x64 proxy synthesis: pop=12, gen=15, max

TABLEIIl.  GENETIC OPERATORS OF THE SYNTHESIS
Operator Parameter Description
Selection k=2 tournament: max fitness out of
two
Crossover P.=0.7 depth / filters / skips — from one

parent; Ir, dropout — average
depth + 1; filter—random;
toggle skip; 1rx(0.5 — 2)

the best individual passes
unchanged

The hand-designed baselines are trained on the
same pairs and the same loss (3). Thin U-Net [14]:
depth=3, filters=[32, 64, 128], skip=[T,T], Adam,
Ir=0.0003, cosine, dropout=0.1 (471, 907 params).
Wider U-Net: [64, 128, 256] with the same
hyperparameters (1, 883, 843 params; the 256 level
is outside the synthesis space). Trivial baselines on
the same holdout: identity (output = damaged input)
and the classical Telea inpainting (OpenCV).

The holdout metrics are per-image PSNR/SSIM
by (4) on the valid letterbox region (without
padding), plus mask-PSNR. Mean+tstd and 95% ClI
are reported. Methods are compared by the paired
Wilcoxon test on per-image PSNR/SSIM. The
estimated computational cost is reported as GMACs
per 512x512 frame. LPIPS was not computed. The
protocol has two stages: (i) 64x64 proxy synthesis
driven by the fitness (6); (ii) full-res retrain from
scratch of the best synthesized chromosomes and of
both U-Nets on train=5362, with early stopping on
val=670 and the final evaluation on test=670 only
(Table 1V). Implementation: TensorFlow 2.15, GPU
NVIDIA L4 (24 GB). The headline numbers are
those of the holdout (Section V, Tables VIII and IX).
The val values during retrain (Section V, Tables VI
and VII) serve as training control only.

Mutation P,=04

Elitism 1

TABLEIV. PARAMETERS OF THE FULL-RES RETRAIN
AND OF THE HOLDOUT (LETTERBOX 512)
Parameter Value
max_side 512 px (letterbox)
batch (train/val) 2/2
epochs 30, early stopping patience=5

train stream
train / val / test
final metric

tf.data, prefetch(2)

5362 /670/670

holdout PSNR/SSIM on the valid test
region
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V. RESULTS TABLE VII.  FULL-RES RETRAIN: PARAMS AND TRAINING
. Tim
The results are presented below following the ¢
objectives of Section I11: the course of the structural-  pMethod Params Train time (h)
parametric synthesis, the correctness of the protocol,  U-Net (thin) 0.47M 1.1
the quality / size / GMACs trade-off and the effect of  \yider U-Net 1.88M 28
the synthesis variants. .
Basel A 1.15M 1.
At the proxy stage (64x64) the GA selects an aseline G > %
Warm Start GA 1.15M 3.1

encoder-decoder by val PSNR. The dynamics of the
best PSNR over generations are given in Table V
and in Fig. 6. These numbers describe the course of
the synthesis. They do not replace the holdout.

TABLE V. SYNTHESIS CONVERGENCE: BEST VAL
PSNR OVER GENERATIONS (PROXY 64%64)

Method Gen 0 Gen 7 Gen 14

Baseline GA 24.26 dB 25.72 dB 27.45 dB
Warm Start GA 23.55dB 29.60 dB 31.49dB

Figure 6 shows the dynamics of the best val
PSNR over GA generations for Baseline GA and
Warm Start GA.

3

Best val PSNR (dB)
NN N N ow
@ 9 @ & ©°

N
G

—a— Baseline GA
Warm Start GA

I
4

0 2 4 6 8 10 12 14
GA generation

Fig. 6. Dynamics of the best val PSNR over GA
generations (64x64 proxy synthesis)

The synthesis converges. Both variants raise the
best val PSNR from gen 0 to gen 14. At the proxy
stage Warm Start looks faster (gen 7 — 29.60 dB
against 25.72 dB). Part of the advantage is explained
by the inherited weights under the same epoch
budget per evaluation. After an identical full-res
retrain, the holdout comparison is given below
(Tables VIII and 1X). The proxy PSNR gap does not
transfer one to one to full resolution.

The splits are 5362 / 670 / 670 with no overlap of
names (see Table I). Test entered neither the synthesis
fitness nor early stopping. All final rankings come
from the holdout on the valid region only (Tables VIII
and 1X). During the full-res retrain, val PSNR/SSIM
were recorded as training control (Tables VI and
VII), not as a basis for the conclusions of the paper.

Val was used for early stopping. Test was
evaluated separately (Table VIII). The retrain val
metrics do not necessarily follow the valid-region
protocol of the holdout. The test values are the ones
taken for publication. Time is wall-time on an
NVIDIA L4.

The comparison on the independent test set (valid
letterbox region, without padding; mean padding
share ~32%) is given in Tables VIII and IX.
Mean + std of the per-image metrics is reported
(n =670).

All the neural networks were trained from scratch
on train=5362. Test was not used for selection.
LPIPS was not computed. Wider U-Net lies outside
the synthesis space (filters up to 128). The
comparison with U-Net is not equal-budget with
respect to the synthesis cost. GMACs are given per
512x512 frame.

TABLE VIII. HOLDOUT: RESTORATION QUALITY (N =
670, VALID REGION, MEAN+STD)

TABLE VI.  FULL-RES RETRAIN: INTERNAL VAL
QUALITY (N =670; NoT A HoLDOUT)
Method Val PSNR 1 (dB) Val SSIM 1
U-Net (thin) 23.52 0.915
Wider U-Net 23.88 0.922
Baseline GA 23.69 0.917
Warm Start GA 23.85 0.922

PSNR 1 PSNR 1
Method (dB) SSIM 1 (mask)
Identity 19.2443.15  0.849+0.068 10.18+1.74
Telea 22.97£3.54  0.901+0.046 13.96+2.35
U-Net 24.73+44.09  0.918+0.041 16.11£3.61
(thin)
Baseline 2498+4.18  0.919+0.041 16.15£3.46
GA
Warm Start  25.23+4.39  0.924+0.039 16.35+3.70
GA
Wider U- 25.33+4.50  0.924+0.040 16.40+3.74
Net

The highest mean PSNR on this holdout belongs
to the trained Wider U-Net (25.33 dB). For these
models Warm Start GA falls behind by 0.10 dB
(paired Wilcoxon on per-image PSNR, p = 3x107°).
At the same time it has about 39% fewer parameters
and about 17% fewer GMACs (Table IX: 97.3
against 116.6). Both synthesized models are above
the thin U-Net. Warm Start GA is above Baseline
GA by 0.25 dB (p = 2 x 10°%*) in this experiment.
This does not generalize warm start as a method
beyond this run. All the neural networks are
substantially better than identity (about +6 dB) and
Telea (about +2 dB). The models perform useful
restoration rather than merely copying the
undamaged pixels.
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TABLE IX.  HOLDOUT: MODEL SIZE AND
COMPUTATIONAL COST

Method Params GMACs

Identity - -

Telea - -

U-Net (thin) [14] 047M  29.3

Baseline GA 1.15M 97.3

Warm Start GA 1.15M 97.3

Wider U-Net (outside the 1.88M  116.6

synthesis space)

Qualitative examples for the same input (Fig. 1V)
are given in Figs 7-10. The quantitative conclusions
are taken from Tables VIII and IX and from the
Wilcoxon test.

Figure 7 shows the restoration by the thin U-Net.

Figure 8 shows the restoration by the Baseline
GA model.

Fig. 7. Su-57 restoration by the thin U-Net
(input — Fig. 4)

Fig. 8. Su-57 restoration by the Baseline GA model
(input — Fig. 4)

Fi. 9. Su-57 restoration by the Warm Start GA
(input — Fig. 4)

Fig. 10. Su-57 restoration by the Wider U-Net model
(input - Fig. 4)

Figure 9 shows the restoration by the Warm Start
GA model.

Figure 10 shows the restoration by the Wider U-
Net model.

Thin U-Net: depth=3, filters=[32, 64, 128], skips
enabled. Wider U-Net: [64,128,256] (outside the
synthesis space). Baseline GA and Warm Start GA
converged to the same topology [64, 128, 128]. It is
wider than the thin U-Net and narrower than the
Wider U-Net at the last level. They differed in Ir and
dropout (6.3x10* / 0.136 against 4.4x10~* / 0.060).
That is, with a shared structure the parametric genes
differed. Retrain: batch=2, epochs=30 (Table IV).
Params and GMACSs are given in Table IX.

On this holdout the difference of 0.25 dB between
these trained models under a shared topology points
to the effect of the selected hyperparameters and of
the warm start trajectory in this run, not to a different
architecture. The compactness relative to Wider
U-Net is partly built in by the limitation of the
synthesis space (max 128 filters).

The aim of the experiment is not to maximize
PSNR at any cost but to check whether structural-
parametric synthesis can produce a restorer for the
quality / size / GMACs trade-off. On this holdout
(Tables VIl and IX) the trained Wider U-Net has the
highest mean PSNR (25.33 dB). Warm Start GA falls
behind statistically significantly on per-image PSNR,
but only by 0.10 dB, with 1.15M parameters against
1.88M and 97.3 GMACs against 116.6. The neural
networks clearly outperform identity and Telea. In
this experiment Warm Start GA is better than
Baseline GA by 0.25 dB under the same topology.
This does not prove the advantage of warm start in
general without a multi-seed rerun. The practical
conclusion is that for these models the synthesis
yields a competitive point on the quality / size /
GMACs curve. The compactness relative to Wider
U-Net has to be read together with the fact that a
level of 256 filters was outside the synthesis space.

The limitations of the study are as follows. The
damage is synthetic object-targeted Random
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Erasing, not real occlusion. The comparison with the
hand-designed baselines is not equal-budget with
respect to the synthesis cost (the proxy stage takes
~180 chromosome evaluations; the total GPU hours
were not measured by a separate log aggregate; the
wall-time of the full-res retrain is given in
Table VII). Therefore the claim “synthesis is cheaper
than manual tuning” is not asserted quantitatively.
The loss (3) is not mask-aware. The metrics are
PSNR/SSIM without LPIPS [21]. GMACs are an
analytical estimate, not an onboard latency. The
64x64 proxy ranks the full-res models only partially.
There is no separate hand-designed baseline d3_f64-
128-128 s11 with the U-Net hyperparameters. The
paired Wilcoxon test concerns per-image differences
between the particular trained models on this
holdout, not a multi-seed advantage of the method in
general. Future work: equal-budget tuning of the
hand-designed baselines (including d3_f64-128-
128), extension of the synthesis space to 256 filters,
a mask-aware loss, multi-objective NSGA-1I [11] up
to the holdout, LPIPS [21], real irregular occlusions,
a measured onboard latency, and publication of the
GPU hours of the proxy synthesis from the logs.

V1. CONCLUSIONS

An approach to structural-parametric synthesis of
neural networks (an encoder-decoder restorer) for
supervised inpainting under object-targeted damage
has been formulated and verified. It is a way to
search for a quality / size / GMACs trade-off relative
to a strong hand-designed Wider U-Net. The
synthesis is implemented by a genetic algorithm
with a shared chromosome of structure and
hyperparameters.

A disjoint train/val/test protocol (5362 / 670 /
670) has been built, with the final evaluation on the
holdout over the valid letterbox region (without
padding) and per-image statistics (mean+std, paired
Wilcoxon).

On this holdout (Tables VIII and IX) Warm Start
GA is close to Wider U-Net in PSNR at smaller
params/GMACs and is substantially better than
Telea / identity. In this experiment it is also above
Baseline GA under a shared topology (without
generalizing warm start beyond this run). This
confirms the expediency of structural-parametric
synthesis as an alternative to manual restorer tuning
for the quality / size / GMACs trade-off, provided

the Dboundaries of the synthesis space are
acknowledged honestly.
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O. 1. Yymauenko, A. T. Kor. CTpykTypHO-napaMeTPpUYHUN CHHTe3 HEHPOHHMX Mepe:K /sl BiTHOBJICHHS
300pa:keHb Y pa3i NOLIKOAKeHHA CHHTETUYHUMHU 00’ €KTaMU

CrarTio NMPUCBSIYEHO CTPYKTYPHO-TIAPAMETPUYHOMY CHHTE3Y HEHPOHHHX MEpeX Ui KepOBaHOTO BiJHOBJIEHHS Ha
rapax «IOIIKO/DKEHHUH — OpUriHam». B SKocCTi anroputMa onTUMi3anii BAKOPUCTAHO TeHETHYHHUHN anroput™. HaBuanbHi
JlaHi CHHTE3YIOThCS 3a JIOIIOMOT'0I0 00’ €KTHO-OPIEHTOBAHOTO BHIIAIKOBOTO CTHPaHHs. Po3moin notsr / 3HaueHHs / TecT
He nepeTrHaeThes: 5362 / 670 / 670. Ha Buxoni (n = 670; nilicna obnacts letterbox, 6e3 momosrens) Wider U-Net nae
25,3344,50 nb (1,88 mun; 116,6 GMAC), a Warm Start GA nae 25,23+4,39 nb (1,15 mun; 97,3 GMAC). 3a mapaum
TectoM BinkokcoHna, po3pus Bix Wider U-Net ctanoButs 0,10 nb, a nmepeBara nan Baseline GA cranoButs 0,25 nb y
npoMy 3amycky. OOuIBi CHHTE30BaHI Mepeki 3HadHO Kpari 3a Telea ta identique. IllupuHa piBHIB y MPOCTOPi CHHTE3Y
obmexxena 128 dinmprpamu, tomy Wider U-Net (256) 3HaxomuThCs 1032 HUM. Pe3ynbTaT iHTEPIPETYETHCS SIK
KOHKYPEHTHUH KOMITpoMic, 0e3 mpeTeH3ii Ha abcomoTHe migepctBo PSNR Ta 6e3 y3araJbHEHHsS TEIUIOTO 3alycKy 3a
MEXIi IIbOTO €KCIIEPUMEHTY.

KaiouoBi caoBa: cTpykTypHO-apaMeTpUYHHMN CHHTE3, BIJHOBICHHS 300pakeHb, IHMANHIHT, HEHPOHHI Mepexi,
TeHETUYHUH JITOPUTM, BHIIA/IKOBE CTUPAHHS, ITIKOBE CIIBBIIHOIIEHHS CUI'HAI/LIYM, 1HIEKC CTPYKTYpHOI MoJiOHOCTI,
KOJlep-ZIeKo/Iep, 3aTPUMKA.
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