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ABSTRACT The growing volume of data generated by loT devices has made deep neural networks an important tool in loT
and edge systems. The considerable computational and memory costs of deep neural networks made them difficult to run
on constrained devices, which are limited by memory, computational power, and energy. However, loT devices are usually
connected to a network of other devices, which can help reduce the load on a single device and enable complex models
to operate closer to the data source via distributed inference. Local networks used in such cases are usually wireless, so
packet loss, interference, unstable bandwidth, and node inaccessibility are inherent to this system type. Such problems
can lead to loss of the intermediate data representation during transmission and reduced model classification accuracy.
This study suggests a lightweight restoration layer to reconstruct lost intermediate features during distributed neural
network inference. The method defines feature loss as an inpainting problem. An autoencoder-based module reconstructs
missing values using a binary mask indicating which components were received and which were lost and passes the results
to the classifier. The method was tested by using a pretrained ResNet-18 model with frozen weights. The module was
trained with error rates ranging from 0.0 to 0.5, in steps of 0.1, on a preprocessed 1000-class subset of the ImageNet-1k
dataset. The Top-1 accuracy at the 50% feature-loss point, compared to a clean baseline, decreased from 69.73% to
52.84% without restoration, whereas the proposed layer increased it to 62.89%. Under the same circumstances, the Top-
5 metric increased from 77.82% to 85.46% at the 50% feature-loss point, demonstrating a clear improvement. As shown
by the results, the proposed layer exhibits a moderate reduction in accuracy under feature-loss conditions, compared to
the larger drop observed in the model without feature restoration. The proposed approach can be used to improve model
correctness by reducing losses in unstable wireless environments, which can help with implementing distributed inference

in real-time systems with limited resources.
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. INTRODUCTION

n recent years, interest in using Deep Neural
I Networks (DNNSs) in the Internet of Things (loT)

field has increased. The reason for the attention to
this subject is the growing volume of data from loT and
handheld devices, as well as DNNs' ability to extract
patterns, detect anomalies, and process large volumes of
data. On the other hand, high decision-making accuracy
comes at the cost of high computational complexity,
which demands large memory and high energy
consumption. These properties create direct conflicts with
the typical operating conditions of loT devices, which are
often constrained by battery capacity, processor
performance, memory size, and requirements for long
self-sufficient operation.

To reduce this conflict, different approaches are used,
including model compression, cloud-based inference,
edge inference, and distributed inference. The model
compression approach is designed to reduce model size
and computational cost at the expense of accuracy [1].
Cloud or edge offloading assigns part of the computation
from 10T devices to more powerful servers, reducing the
local computational load [2]. At the same time, this
solution has its own issues, including dependence on
connectivity, additional latency, and privacy risks.

Therefore, collaborative execution of neural network
inference near the data source remains an important
research direction for 10T and edge systems.

Distributed inference is an approach that uses multiple
nearby devices, or edge nodes, to execute neural network
inference collaboratively. It allows splitting the inference
process across local computational nodes (10T devices)
rather than sending all data to a remote cloud server [1, 3].
In this way, distributed inference can reduce the load on
individual devices, speed up inference, and enhance data
privacy while leveraging the capabilities and accuracy of
larger DNN models [1]. Existing distributed inference
frameworks demonstrate that workload partitioning and
local device -collaboration can improve inference
performance in edge clusters [4, 5]. However, such a
computation organization also introduces reliability
issues because 10T systems often communicate over
wireless channels with limited bandwidth, interference,
packet loss, temporary disconnections, and variable
transmission delays [6].

This paper proposes a lightweight restoration
component based on an autoencoder to mitigate the loss
of classification accuracy caused by partial loss of
intermediate representations during distributed neural
network inference.
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Il. CURRENT STATE OF DISTRIBUTED INFERENCE ON IOT
DEVICES

The rapid development of the Artificial Intelligence of
Things field and the increasing volume of data generated
by connected devices [2] have intensified research interest
in deploying deep neural network inference closer to the
data source. 10T devices are typically limited by on-board
memory, processing capability, and energy supply.
However, they often operate in a local network that
includes gateways, smartphones, single-board computers,
edge nodes, and other nearby devices. Such an
environment enables offloading part of the computations to
a group of locally connected devices. Distributed inference
aims to overcome the limitations of a single 10T device by
moving computation closer to the data source and
leveraging the combined resources of nearby devices or
edge nodes. Existing research in this area focuses mainly
on partitioning  strategies, workload assignment,
communication reduction, and runtime scheduling.

A. Inference parallelism strategies. Model partitioning is a
major challenge in distributed inference. The partitioning
strategy determines how computing time, memory, and
network communication are utilized. In general, a trained
neural network can be parallelized using three main
strategies, as illustrated in Fig. 1. pipeline parallelism,
model parallelism, and data parallelism.

Tree

Tree

FIG. 1. DNN parallelism strategies.

Data parallelism (Fig. 1a) does not split the model
itself. Input data is split into parts, which are handed to
devices running the same model [3]. This approach has a
simple structural composition and can improve the data
throughput. At the same time, this approach has a crucial
limitation on the model’s characteristics due to the
computational and memory capacity of a single device.

In the pipeline parallelism strategy (Fig. 1b), the
pretrained model is split up into layers or groups of
consecutive layers. These subnetworks are assigned to
different devices, so the input is processed sequentially.
Each device computes its part of the model and transfers
the intermediate representation to the next device in the
pipeline [7]. This way, memory and computational power
usage for devices in a group can be reduced. However, the
strategy requires a strict chain of devices in the pipeline, so
if any device fails, the inference process will be
interrupted.

Model parallelism (Fig. 1c) splits the computation
inside a layer or fused group of layers, allowing devices to
process different parts of the same inference stage in
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parallel. This distribution of computation can reduce
inference latency and enable the execution of large layers
that do not fit within a single IoT device’s resource
budget [8]. The efficiency of this parallelism model
depends on the balance between communication overhead
and parallel computation speedup, as the intermediate data
representation must be synchronized and merged at every
dependency point in the DNN during inference.

B. Practical distributed inference frameworks. EdgeLD
demonstrates a pipeline-parallel architecture inspired by
the MapReduce approach, with one group leader (GL) and
follower nodes (FN) [5]. To make computation more
effective, EdgeLD calculates the computational and
communicational capabilities of each follower node and
then distributes layers or fused layers based on the
capabilities evaluation results. While balancing and layer
fusion separately yielded small improvements, their
combination reduced inference time and memory usage per
device across clusters of different sizes.

Data parallelism itself does not improve the capability
of the device group to use a larger model. EdgeCl extends
this approach by combining auction-based workload
assignment with fused-layer parallelization. Its auction
mechanism assigns partitions of feature maps to suitable
IoT devices, while the dynamic-programming-based
fused-layer strategy reduces synchronization frequency by
grouping layers into executable blocks [4]. Yuan and Li
proposed a data-parallel strategy for optimizing the
workload distribution algorithm [9]. They presented a new
algorithm for data splitting and assigning in a
heterogeneous edge system based on energy consumption
and communication latency characteristics.

Model parallelism is a demanding strategy that, on the
other hand, has a high level of model splitting and parallel
computation. Du et al. note that CNN models are tightly
coupled structures, so distributed DNNs require frequent
data exchange to keep robust feature maps at every stage
of inference [10]. DeCNN proposes three-scheme
optimizations. At the structure-level, DeCNN uses group
convolution and channel shuffle to decouple convolutional
layers. At the partitioning level, DeCNN uses inter-channel
partitioning for convolutional layers and input-based
partitioning for fully connected layers. At the
communication level, Du et al. propose an inter-sample
parallelism to hide communication latency.

C. Distributed inference robustness. The previously
mentioned works focus on distributing the computational
payload across devices using different strategies. They
assume a stable connection, which is rarely the case in real-
world scenarios. The packet-loss-tolerant split inference
method proposes to focus on model fault tolerance by
additional training of the DNN on splitting points [6].
Itahara et al. suggest reducing the need for data
retransmission in case of packet loss by training the DNN
at the point of cut using the dropout technique, usually used
to prevent model overfitting. The SI-NR framework
demonstrated stable, predictable communication latency,
with a slight degradation in accuracy compared to the base
model with data retransmission.

RobustDIiCE research paper [11] presents a model-
parallelism framework that evaluates neuron importance
2



SISIOT Journal | journals.chnu.edu.ua/sisiot

and additional neuron redundancy within groups. The
proposed algorithm provides a robustness-based
parameter, which indicates the weight of each neuron
during inference. Based on this characteristic, neurons are
grouped, and some are duplicated to ensure redundancy in
case any combination of nodes fails. Guo et al. highlighted
that this decentralized framework faces communication
management challenges as the number of devices scales.

Many distributed inference frameworks are focused on
workload partitioning, layer fusion, and local device
collaboration to improve inference performance in edge
clusters. However, these methods usually assume a stable
connection and handle failures at synchronization points,
delivering full feature maps to nodes. At the same time, the
real-world environment introduces an unstable connection
with unpredictable bandwidth, which leads to data loss. As
a result, model accuracy can be reduced, or inference may
even fail, weakening the practical reliability of distributed
inference. Unlike dropout-based tolerance methods or
redundancy-based partitioning methods, the proposed
approach treats missing intermediate activations as a
feature-restoration problem. Therefore, this paper
investigates a lightweight autoencoder-based restoration
module for reconstructing partially missing feature maps
during distributed inference.

I1l. MODEL-BASED LOST FEATURE RESTORATION
METHOD

Du et al. noted that convolutional DNNs like ResNet or
the VGG family contain most of their memory usage and
computation payload in their convolutional layers (CL),
while VGG models also use a significant part of their
computation time in fully connected (FC) layers [10].
Convolutional layers, compared with FC layers, have
sparse spatial connections because each kernel operates
only on a local receptive field. This property was used to
group kernels from convolutional layers and distribute
them between devices, making these groups
independent [9]. On the other hand, FC layers require
synchronization points between all layers.

A. Problem statement. Based on the previous statement,
this work treats FC layers as part of the CNN, which won't
be split and will be executed on a single device. We
propose using a flattened data layer as a synchronization
point, where devices receive feature map chunks from
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other devices. So, the initial part of DNN is executed on
worker device(s) with convolutional layers, while the final
part is executed on the finish node. In this way, the
inpainting autoencoder will work with relatively small-
dimensional data compared to the raw output of the
convolutional layers. This approach leads to a smaller size
of the autoencoder module.

First-stage node(s) execute the initial part of the neural
network and produce an intermediate feature map. This
feature map is transmitted through the communication
channel. The final node receives a corrupted version of the
feature map. A new module, placed between the input data
and FC layer, restores lost values and then passes the
restored representation to FC layer. So, the resulting
inference pipeline will look as demonstrated in Fig. 2.

Let's denote input data as X, then the convolutional
layer intermediate results can be expressed as:

z = Concatc (fi(x), f(x),..., f3(x)), @
where fi, fs,..., f, are results from device(s) with
convolutional layers, Concat, is a merged result from all
device(s) with kernel groups. The complete inference
process can be expressed as:

Y = fa+1(2), )
where f,., is the FC layer partition, and y is the final
prediction.

Resulting CL feature maps are transmitted over a
communication channel to the final inference node. If the
connection is assumed to be ideal, the final node receives a
complete feature map z and continues the inference process
without deviation. However, in wireless 10T environments,
network quality is unpredictable, so transmitted feature
maps can be partially lost due to inference, temporary
disconnections, or unstable bandwidth. Therefore, the final
node obtains an incomplete representation:

Z=MQz, 3)
where M is a binary erasure mask and Z is the corrupted
feature map. Elements corresponding to M=1 are
successfully received, while elements corresponding to
M=0 are lost. If the corrupted representation Z is passed
directly to the remaining part of the neural network, the
final prediction can become inaccurate because the
downstream layers were trained to process complete
feature maps.
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FIG. 2. Inference pipeline with a new restoration module.
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B. Feature-loss model. In this study, feature loss is treated
as the partial absence of an intermediate feature map
transferred between distributed inference stages. Such a
loss can appear when fragments of a feature map are
transmitted as packets, and one or more packets fail to
reach the next computational node. Depending on how the
feature map is partitioned and transmitted, the missing data
may correspond to individual feature values, spatial
regions, entire channels, or continuous fragments of a
flattened representation.

The proposed method in this work focuses on an
element-wise loss approach, which can be treated as a
simplified packet-like loss model at the synchronization
point. The individual transmitted feature components may
be unavailable at the receiving node. More structured
losses, such as channel-wise or spatial block-wise erasures
in earlier convolutional feature maps, are left as extensions
of the same restoration framework.

For modeling purposes, the loss is described by an
erasure mask applied to the feature map. This mask does
not modify the neural network's parameters or its
architecture. It only marks which parts of the intermediate
representation are unavailable at the receiving node. This
representation enables evaluation of the same restoration
method across different loss rates and patterns.

C. Autoencoder-based feature reconstruction.
Autoencoders are a frequent choice for reconstruction tasks
due to their ability to learn a compact representation of
object characteristics. This feature is used to restore
corrupted input parameters, which is widely used for
denoising [12] or even reconstructing lost parts of the data
representation [13]. In this work, an autoencoder is used as
a separate module to reconstruct missing feature data in
cases of data loss due to transmission errors or node
inaccessibility.

The restoration module is based on a two-part structure:
encoder and decoder. The encoder transforms an
incomplete feature map into its latent space representation.
The decoder reconstructs the feature map from the latent
representation of the corrupted data. Input data for module
training purposes is derived from a clean feature map by
applying a data-loss mask, as demonstrated in Eq. 4:

where Ry is an autoencoder with trainable parameters 6 and

Z is the reconstructed feature map. The objective for proper
model training can be defined as a reconstruction 10ss L,.:

Lyee = llz — 2"% )
The loss metric for training, described in Eq. 5, is designed
to train the autoencoder to restore the original feature map
as precisely as possible. While this approach is a good
starting point for autoencoder precision, it can be less
effective for the full model inference pipeline. To make the
training metric task-aware, a combined loss evaluation
metric L;,.q; based on the reconstruction and classification
loss of the final neural network output is used:

Leotar = OLyec + BLeiss (6)
where Lis the classification loss, and a and g are relative
importance coefficients regulating the weight of feature
reconstruction and final task accuracy for the autoencoder
training regulation.
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IV. EVALUATION OF FEATURE-LOSS RESTORATION
LAYER

To test the proposed method for intermediate feature
reconstruction in a distributed inference pipeline, an
experiment was planned and conducted, with the
autoencoder module trained and evaluated under varying
error rates. The experiment used a pretrained ResNet-18
model with frozen weights, with 1000 output classes and
input images of size 224x224. The reconstruction module
was placed between the flattening layer and the fully
connected layer.

For the module training, a dataset was used based on a
preprocessed 1000-class subset of the ImageNet-1k
dataset, consisting of 500 images per class from the
training dataset, 25 images per class for validation, and 25
images per class for the final test from the validation
dataset [14, 15]. For the module evaluation, a clean model
baseline without errors, a split ResNet-18 model without
feature reconstruction, and a split ResNet-18 model with
feature reconstruction module were used.

The autoencoder's input and output are 512-
dimensional vectors, the same as the fully connected layer
feature map. The autoencoder has hidden dimensions of
256 and 128. The training and the evaluation have used an
element-wise binary erasure mask m € {0,1}5'2, where
each feature value was independently retained with
probability 1 — p and erased with probability p. During
training, the erasure rate p was sampled per mini-batch
from {0.0,0.1,0.2,0.3,0.4,0.5}, while the evaluation was
performed at p € {0.0,0.1,0.2,0.3,0.4,0.5}.

The balancing hyperparameters for the joint loss
function during training were settothe « = 1.0and f =
0.5. The reconstruction hyperparameter was set as the
dominant weight because recovering missing values in the
intermediate representation is the autoencoder's main goal.
The classification term was included with a smaller weight
to act as a semantic regularizer without biasing the
optimization of the module toward classification at the
expense of feature fidelity.

The final module has 328832 parameters, which is
about 3% of the total number of parameters in the full
classification model (11.7 million) without the
reconstruction module [16].

A. Top-1 inference accuracy. The clean model inference
result at 69.73% is used as a baseline. The accuracy of a
model inference without restoration decreases as the
feature-loss rate increases (Fig. 3).
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FIG. 3. Top-1 accuracy for tested models.
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At a loss rate of 0.1, Top-1 accuracy dropped by 2
percentage points, at 0.3, it decreased to 61.9%, and at a
0.5 loss rate, it reached only 52.84%. These values
demonstrate that feature loss directly influences the
reliability of inference results.

The model with the restoration module demonstrates
higher Top-1 accuracy across all loss rates. At a feature
loss of 0.1, restored inference achieved 69.12%, which is
close to the clean baseline. At 0.3, restored accuracy was
67.45%, compared with 61.9% without restoration. At 0.5,
restored accuracy was 62.89%, 10.0 percentage points
higher than in the non-restored case.

B. Top-5 inference accuracy. The Top-5 accuracy has the
same pattern (Fig. 4), but the degradation is less steep.
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FIG. 4. Top-5 accuracy for tested models.

The clean model's Top-5 accuracy of 89.1% was set as
the baseline. Without restoration, Top-5 accuracy
decreased to 77.82% at a feature loss of 0.5. With
restoration, Top-5 accuracy at the same loss rate remained
85.46%. At a feature loss of 0.5, the non-restored model
lost 11.27 percentage points of Top-5 accuracy, while the
restored model lost only 3.63 percentage points. This
corresponds to a recovery of approximately 67.8% of the
lost Top-5 accuracy.

C. Reconstruction quality. The reconstruction quality was
measured using mean squared error (MSE) and cosine
similarity between the clean and reconstructed feature
maps. The results in Table 1 confirmed an increase in
reconstruction error as the number of lost features
increased. Even though the reconstruction module
improved accuracy during feature loss, the increasing
difficulty of reconstruction still influenced the inference
results, as reflected in the cosine similarity between the
reconstructed feature map and the original values.

TABLE 1. Module reconstruction metrics.

Feature loss Module MSE  Cosine similarity
0.0 0.00 1.00
0.1 0.46 0.99
0.2 0.47 0.97
0.3 0.48 0.96
0.4 0.50 0.94
0.5 0.53 0.92

The cosine similarity remained above 0.92 even at a
feature loss of 0.5. This result indicates that the module
reconstructed most of the original vector's direction and
structure, which explains the higher Top-1 and Top-5
accuracies compared to the non-restored model.
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V. CONCLUSION

Distributed model inference is a method of DNN
execution that can help overcome constraints in loT and
edge devices. However, it usually relies on a steady
connection and device availability during this process. At
the same time, wireless 10T systems are often deployed
within environments having packet loss, bandwidth
changes, and temporary disconnections, causing partial
data loss during inference.

This paper proposed a light-weight autoencoder-based
restoration method for distributed inference under unstable
working conditions. The new layer reconstructs missing
activations and passes the updated features to the
remaining part of the neural network. The experiment
showed that direct inference over corrupted intermediate
features results in significant reductions in Top-1 and Top-
5 accuracy as feature loss increases. The restoration layer
reduced this degradation through tested loss rates ranging
from 0% to 50% of the data and recovered most of the lost
features. The results show that a small feature-restoration
module can provide sufficient data to improve overall
model correctness.

The next research should investigate different partition
points, heterogeneous edge devices, real communication
channels, and combined optimization of model partitioning
and feature restoration. Further work should also focus on
other error patterns, such as block-wise, channel-wise, and
packet-like feature-loss patterns.
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BigHOBNEHHA XapaKTepUCTUK Npu po3noaineHomy
BMKOHAHHIi HEMPOHHUX MepEeXK B FPAaHUYHUX CUCTEMAX

Bauecnas AHuu60op”, OnekcaHap Bepba

Kadenpa obumcntoBanbHoi TexHiKKM, PakynbTeT iHGOPMaTUKM Ta 06UMCNIOBAIbHOT TEXHIKM, HalioHanbHWI TEXHIYHMI yHiBEpPCUTET YKpaiHu
«KUIiBCbKMI NONITEXHIYHWUIA IHCTUTYT iMeHi Irops CikopcbKoro», Kuis, YkpaiHa

*ABTOp-KopecnoHaeHT (EnekTpoHHa agpeca: antsybor.v.ye.-io51f@edu.kpi.ua)

AHOTALLIAA O6car gaHux, AKi reHepytoTb [0T-NPUCTPOT, NOCTIMHO 3POCTAE, WO PO6UTb NBOKI HEMPOHHI MepesKi HeobXiaAHMMM
iHCTpyMeHTaMu a1a 06po6KM Lx macuBiB. FNNMBOKI HEMPOHHI MeperKi NoTPebyTb 3HAYHMX 06YMCNIOBAIbHUX PECYPCIB, WO
YCK/IAfHHOE iX PO3ropTaHHA Ha MPUCTPOAX 3 0OMEKEHOIO Ki/IbKICTIO Mam'sATi Ta 064YNCIOBaNIbHUMM pecypcamm. 3 iHWOro 6oKy,
loT-moAyNi € YaCTUHOK MepeXKi IHWMX NPUCTPOIB, AKI MOXKHA BUKOPUCTATU AK A04ATKOBI pecypcu Ana obumcneHb. Taka
KOHirypaujia Aa€e 3Mory 3actocyBaTW pPO3NofiNeHi 064YMCNeHHA AN HEMPOHHUX Mepexk Ta MepemicTUTM ix 6aukye Ao
n)kepena fgaHux. JIoKanbHi Mepexi, Wo BUKOPUCTOBYIOTbCA B TaKMX BMNAZKax, 3a3BMYail € 6e34poToBMMM, TOMY BTpaTa
MakeTiB, 3aBaAu, HecTabinbHa NPOMYCKHA 34aTHICTb Ta HEAOCTYMHICTb BY3/1iB € 3BUYHUMM ABULLAMM A/1A TAKOFO TUMY CUCTEM.
3ragaHi npobnemu 6e34p0TOBUX MEPEXK NPU3BOAATL A0 BTPATU NPOMIXKHUX 3HAYEHb XapaKTEPUCTUK B HEMPOHHI Mepexi,
L0 B pe3y/ibTaTi BigobparkaeTbcA Ha TOYHOCTI pO6OTM HEMPOHHOI Moaeni. Y LiboMy JOCNiIAMKEHHI 3aNpONOHOBaHO HOBUI LWap
HEWPOHHOI MepeXi ANA BifAHOBNEHHS NMPOMIXKHUX XapaKTepucTuK. BTpaTa NpomirKHMX 3HauYeHb Yy Lt poboTi BU3HAYEHA AK
npob6sema [OMNOBHEHHA BTpPayYeHMX NapameTpiB. [N BUpIlIEHHA L€l 3a4adi BUKOPUCTOBYETbCA MOAY/b Ha OCHOBI
aBTOEHKOAEepa [ANA PEKOHCTPYKLii BTPAYeHMX 3HayeHb, AKUA BUKOPMUCTOBYE BiHAapHY MacKy OTPUMAHMX Ta BTPAYEHUX
napametpis. Micna BiAHOBNEHHA [aHi nNepefaroTbCa A0 Knacudikatopa. [na nepesipku rinotesn 6yna BUKOpWUCTaHA
nonepeaHbo HaB4YeHa mogenb ResNet-18 i3 3adikcoBaHMMM napameTpamu. Mig Yac NOCTaHOBKM eKcnepumeHTy byno obpaHo
KoediuieHTM nomunok Big 0,0 go 0,5 3 Kpokom 0,1. Habip aaHux 6yB cdopmoBaHMIA Ha OCHOBI NonepegHbO 06pobaeHoro
ImageNet-1k. Moaenb 6e3 moayns BiZHOBNEHHA Npu 50% BTpayeHMx napameTpis gaa Top-1 accuracy NpoAeMOHCTpyBana
3HUMKEHHA TOYHOCTI 3 69,73% A0 52,84%, y TOl Yac AK MOAY/b BiAHOBNEHHA AocAr 62,89% TouHocTi. na Top-5 accuracy npu
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BTpaTi 50% napameTpis mogenb 6e3 moayna BiAHOBAEHHA MPOAEMOHCTPYBana 3HUMKEHHA TouHoCTi 3 89,1% po 77,82%.
Mogaenb 3 moaynem BigHOBAEHHA NpoaeMoHcTpyBana 85,46% TOYHOCTI. 3rigHO 3 OTPUMAHUMM pe3yIbTaTaMU, BUKOPUCTAHHA
3anNpoONoHOBaHOro MOAy/AA NPU 0BYMCNEHHI AEMOHCTPYE NOMIpHE 3HUMKEHHA TOYHOCTI NPV BTpaTax Y MOPiBHAHHI 3 6inbLu
Pi3KMM 3HUKEHHAM Yy mogeni 6e3 BigHOBNEHHA. TaKMM YMHOM, 3aNPOMNOHOBAHMI MiAXia MoKe ByTM BUKOPUCTaHWUWA AnA
NiABULLEHHA TOYHOCTI MoAeni 3aBAAKN 3MEHLUEHHIO BTPAT TOYHOCTI MPU MOMUAKAX, WO MOXe A03BOJUTM 3aCTOCOBYBaTU
pO3MoAiNeHI 0BUUCNEHHA B CUCTEMAX PEASIHOTO Yacy 3 06MEXEHUMU pecypcamu.

K/TIOYOBI C/1I0BA po3nogineHi HEMPOHHI MepeXKi, rpaHUYHi 06YUCNEHHA, BiLHOBNEHHA XapPaKTePUCTUK, AOMOBHIOKYMI

aBTOEHKoAep.
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