MiHicTepcTBO OCBITH | HAYKHM YKpaiHH
JIbBiBCcbKMi HAIOHAILHMI YHiBepcHuTeT iMeHi IBana dpanka
DaKyJabTeT NPUKJIAAHOI MATEMATHKH Ta iHPOPMATHKH

Ministry of Education and Science of Ukraine
Ivan Franko National University of Lviv
Faculty of Applied Mathematics and Informatics

MDKHAPOJAHA CTYAEHTCBKA HAYKOBA
KOH®EPEHLIIS 3ITPUKJIAJTHOI MATEMATHKU TA
KOMIT'FOTEPHUX HAYK MCHKIIMKH - 2023

INTERNATIONAL STUDENT SCIENTIFIC CONFERENCE
ON APPLIED MATHEMATICS AND COMPUTER
SCIENCES ISSCAMCS — 2023

JIbBiB, 4-5 TpaBusa 2023
Lviv, May 4-5, 2023



AMICon-2023
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mamemamuxyu main@opmamuxu.

CinykoBa Codist — cmyoenmka gpaxynomemy npukiaonoi mamemamuxu
maingopmamuxu.

Jlonko AHHA — cmydenmika gaxyibmenmy NpuKIaoHoi Mmamemamuxku ma
iHGhopmamuxu.

Yix Bosogumup — cmydenm axynvmemy npukiaonoi mamemamuxy ma
iHGhopmamuxu.
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GAMBLER’S RUIN PROBLEM AND ITS APPLICATION
Vladyslav Kutsyk
Ivan Franko National University of Lviv
Faculty of Applied Mathematics and Informatics
vladkutsyk@gmail.com

Gambler’s ruin problem

The problem is stated in this way: consider a gambler, who starts with an initial
fortune of $1 and then on each successive gamble either wins $1 or loses $1 independent
of the past with probabilities p and g = 1 - p respectively. The gambler’s objective is to
reach a total fortune of N$, without first getting ruined (running out of money). If the
gambler succeeds, then the gambler is said to win the game. In any case, the gambler
stops playing after winning or getting ruined, whichever happens first. There is nothing
special about starting with 1$, more generally the gambler starts with i$ where
0 <i < N. Taking this into consideration, we can transform this game into a field of two
players, A and B, who have a total of N coins between them. Player A starts with i coins,
1 <i<N-1, and makes a series of independent 1 coin bets each having probability p of
winning 1 coin and q of losing 1 coin. The game ends when Player A loses all of his
coins or when his goal of winning N coins is reached. The objective is to determine
Player A’s ruin probability, that is, the chance of reaching state 0 assuming Player A
begins with i coins. The probability that Player A will own all the N coins, P(A)), if

Player A starts with i coins and Playier B starts with N-i coins is given by:

o (Q)
—pN’ p¢0’5
P(4) = {1- (g) Vi €{1,2,..,N} (1)
i
—, = :O’S
cy P

and the probability that Player B will own all the N coins, P(Bi), if Player A starts with i

coins and Player B starts with N — i coins is given by:

/1— 4 N—i
| (p)
——qn~ > 9#05
P(B) =4y 1- (p) vi €{1,2,..,N} (2)
N —i
, = =0’5
(N p=q


mailto:vladkutsyk@gmail.com

AMICon-2023

Expanding our formulas into infinite number of general capital and a finite number

of player’s one:

mﬂm=1—@% , p>05 (3)
%

N—oo

lim p,=0, p<05 (4

N—-oo

To interpret the meaning of (3) and (4), suppose that the gambler, starting with
budget of i coins, wishes to continue gambling forever until (if at all) ruined, with the
intention of earning as much money as possible. So there is no winning value N, the
gambler will only stop, if ruined. What will happen? Formula (3) says, that if p > 0,5
(each gamble is in his favor), then there is a positive probability that the gambler will
never get ruined but instead will become infinitely rich. Formula (4) says that if p < 0.5

(each gamble is not in his favor), then with probability one the gambler will get ruined.

Risk insurance business application

Looking through the operational activity of insurance company, we can make
assumptions, that this company constantly earns from interest 1$ per day, but with option
to suffer each day a claim against it for the amount $2 with probability g = 1 — p and
independency from previous conditions. Whenever such a claim is suffered, $2 is
removed from the reserve of money. Thus on the n day, the net income for that day is
exactly as in the gamblers’ ruin problem: 1 with probability p, -1 with probability q. If
the insurance company starts off initially with a reserve of i$ > 1, then what is the
probability it will eventually get ruined (run out of money)? As we don’t have time limits

in this case, to find the proper answer, we need to use formulas (3) and (4): if p>0,5
then the probability is given by (2) > 0, whereas if p < 0,5 ruin will always occur. This
q

makes intuitive sense because if p > 0,5, then the average net income per day is E(A) = p
- 4 > 0, whereas if p < 0,5, then the average net income per day is E(A) =p - ¢ < 0. So
that, insurance company, having average earnings per day and possibilities for the claim
calculated, can get the answer to the question: Is its activity still profitable?
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METOA ®YHAAMEHTAJIbBHUX PO3B’A3KIB 1151 YUCEJBHOI'O
PO3B’SI3YBAHHS TPUBUMIPHOI MIIIIAHOI 3AJIAYI JIJIS1
PIBHSIHHS KJEHHA-TOPJJOHA
Mapis T'apmosaneys
Jlvgiscokuti Hayionanshuil yrisepcumem imeni leana ®parnka
Daxynbmem npuKiIaOHoi Mamemamuxy ma ingopmamuxu
mariia.hartovanets@Inu.edu.ua

Posrnsgaemo uucenbHe po3B’A3yBaHHA MillaHOi 3amaui aisi piBHsAHHA Kielina-
['opmona 'y  TpuBHMIpPHIA  JBO3B’SI3HIA  0051acTi, BUKOPUCTOBYIOUM  METO/I
dbynnamenTanibHux po3B’sizkiB (M®P). HeBimomy (yHKIIIO anpoKCUMYyEMO JHIHHOIO
KOMOIHAII€l0 3BYKE€Hb (YHIAMEHTAIBHUX PO3B’S3KIB, a HEBIAOMI KOE]IIIEHTH

3HaXO0JUMO MCTOOOM KOJ'IOKaI_[i.l. 3 BpaxXyBaHHAM I'pPaHUYIHHUX YMOB.

ITocTanoBka 3agxaui
Hexaii 3anano nmoepxsi I'11 'z , o 06MexkyroTh TpuBuMipHY 06macte D < R . Ty
- BHYTpIIITHS OBEpXHS, a [, - 30BHimHS. [Ipunmyckaemo, 1o /1 MOBEpXOHb 3aaHi
HACTYyIHI TapaMeTPUYH1 MOJAHHS:
[y = {x(8,m) = x1(0,m), x12(0,m), x:3(8,m), 0 € [0,27],n € [0, ]}, i = {12}
[Motpi6uo 3HaiTu Qynknito u € C2(D) N C1(D, fxa 3aK0BiIILHATAME PiBHAHHS

Knetina-I'opgona i rpannuni ymoBu Jlipixie ta Heiimana:
Au—ku=0B8BD,
ou
ul =f,  _I| =f, 1)
r1 1 ov r2 2

ae A - oneparop Jlamnaca, k > 0 — gesika 3agaHa koHcranTa, fp, f, — mocratHbo rmamki

¢byHKII{, V — OAMHUYHUNA BEKTOP 3O0BHINIHROI HOpMall 10 moBepxoHb [, IY.

Metoa ¢pyHaaMeHTAJILHUX PO3B’A3KiB

@DyH1aMEeHTAJIbHUN pO3B’ 130K piBHAHHA Knelina-I'opioHa MmaTuMe BUTIISIA:

— 1 .
PxY) = —eke, ne a =V —y1)? + Oz — y2)? + (3 — ¥3)? - Emwiiziosa
B1JICTaHb B RS,

Hopwmasnbha noxigHa Bijg GyHIaMEHTATLHOTO PO3B’ 13Ky MA€ BUTJIS:

0P(xy) _ (x="v(x)
v(x) 4ma3

[ X#y: y:X € R3-

Anipokcumariis PO3B’A3KY PIBHSHHS (1) € byHKIIsA BUTJISIAY:
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N
’LLN(X) = Z Ai CD(X, Yj);

i=0

ne A; — HeBimomi koedinientu, x € D,y; & '1U I';, ToOTo BHOpaHi mo3a 0061acTro

B1JIOMI TOUYKH JiKepera.

HeBinomi koedillieHTH IIyKaTUMEMO 3a METOAOM Kojokamii. Touku KoJokarii
PIBHOMIPHO pO3MOALTIOEMO Ha moBepxHsx [, I'2, a {yj}dy BuOupaemo moza obnactio D
3 nmomanHa 6a3ucHUX QyHKIINA 6auMMO, IO BOHU HE MalOTh CHUHTYJISIPHUX TOYOK B
obmacti D, Tomy ampokcumariisi Uy 3amoBinbHsi€ piBHSHHS Kieina-I'opmona. I1[o6
orpumatu CJIAP st 3Haxo/KEHHsSI HEBIMOMHUX KOE(ILI€HTIB A , MiACTaBIsAeMO Uy Y

rpannyHi ymoBu Jlipixjie ta Heitmana B Toukax kojokaiii. CucreMa piBHSHb MaTHUME

[

2 AP(X1, YY) = f1(X1),

HaCTyrIHI/Iﬁ BUI'TIAO:

=1 .
N CD(XZ-'Y;) i=1,N/2 (2
Sk = f (X))

6o v 2372

CJIAP MOXHa TIOJaTH y MaTpHYHOMY BUIJIiAi:  AA=b, ne matpuus A=(aj)e RVN i
Bektopu A =();) € RN, b =(bj) € RN Binnosiano maroTs Burs;
A= A, .o AT,
b= & ) f & D fox2) . fa(ram))T

®(x11,y1) .. P(x11YN)
1 : :
A= PGimyD .. P&mYN) e maw.
| P(x21.¥1) P(x21YN) | 2

ov ov

M@Q w
h =50 ~ — % )

any CJIAP po3s’sas3yemo metogom ["ayca. OCKiIbKM BUXIIHA 3a/1aya KOPEKTHA, TO U
y p Yy y P )

oJiep>KaHa cucTema piBHSIHb Oyje KOPEKTHOIO.

YucenbHUl eKCIIEPUMEHT
Ipuxaan Nel
Hexait noBepxHi ['yta ', MaroTh Take napamerpuyHe noganus (aus Puc.1):

I'n = {x1(6,n) = 0.5(sinb cosn,sinf sinn, cosh), O € [0,2x],n € [0, 7]},
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I'2 = {x2(0,n) = 2(sinfcos n, sinfsin n, cosh), B € [0,2n],n € [0, ]}.
k=1i B poni TOYHOrO PO3B'A3KY BUKOPHCTAEMO 3BYKEHHs (PyHIAMEHTAILHOIO

PO3B'SI3KY:

u(x) = ®(x,y),y = (0,00), f (x) =P(x,y),xel ,f (x)= 06N yer
1 1 2 X 2

Ha puc. 2 HaBegeHO pO3M0/1171 TOUOK KOJIOKAIIIl 1 JpKepena.

Puc.l1 Burmsan oGmacri

Puc.2 Po3mozinmn TOYOK KOJIOKAIli 1 kepena

3HaueHHs MOXUOKU PO3B'A3KY 3a7adl y JesKUX Toukax i3 obnacti D nns mpuxmamy

Nel naBeneHo y Tabnuii.

N x=(0.8; O; x=(0; 0.7; x=(0; 0.5; -
0) 0) 0.7)

12 0.035716 0.045524 0.027723

24 0.0066158 0.0079360 0.0053581

36 1.3535e- 1.7094e- 9.4941e-04
03 03

48 3.3792e- 4.4153e- 2.5216e-04
04 04

60 9.8050e- 1.2538e- 7.3515e-05
05 04

120 4.6257e- 7.4590e- 3.3514e-07
07 07

Tabm.Nel

VY poboTi HaBeAEHO AJITOPUTM PO3B’SI3yBaHHA TPUBUMIPHOI MIIIAHOI 3a1ayl JJist
piBasiHHS KuneitHa-I'opiona, BukopuctoBytoun MOP. A TakoX NpOAEMOHCTPOBAHO
pe3yabTaTH YHUCEIBHOTO EKCIEPUMEHTY, fKI IMATBEP/KYIOTh 3aCTOCOBHICTh JaHOTO
M1IXOTY.

Cnucoxk jgiteparypu
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PO3MI3BHABAHHS TEKCTY 3 KAPTUHKHU 3A JJOIIOMOI' O1O
HEUPOHHUX MEPEX

Bimmoscukuii FO.A., Ilpuryna M.M.?
JIbBiBCcbKMi HAliOHAIbHMI yHiBepcuTeT iMeHi IBana ®dpanka, m. JIbBiB,
daky/JabTeT NPUKJIAJIHOI MATEMATHKHU Ta iHpOpMATHKH,
4 pik HaB4anns, 122: Komn’orepni naykn'
Kadenpa QucKpeTHOro aHaji3y Ta iHTeJeKTyaJIbHUX CHCTeM?

vip.cool.ua@gmail.com

Beryn

3a OCTaHHI POKH, 3aBASKH 3POCTAHHIO MOTYXXHOCTI KOMM'IOTEpPIB Ta JIOCTYMHOCTI
BEJIMKHUX JAHUX, HEHPOHHI MEpEXi CTalu AyXke MOMYJSIPHUM IHCTPYMEHTOM B 00JacTi
KOMIT'TOTEPHOI0 30py Ta 00poOKH 300paxeHb. 3apa3, 3aBIIKA HEHPOHHUM MepexaM, MU
MO>KEMO pO3Ii3HaBaTH 00'€KTH Ha 300paKCHHSX, aHAJI3yBaTH 3MIHM Y BijJie0 Ta Oarato
1HIIOTO.
OpHuM 3 3aCTOCYyBaHb HEHPOHHUX MEPEXK € PO3Mi3HABAHHS CIIB Ha 300pakeHHsX. Lls
3a/1aya He € MPOCTOIO uepe3 Te, 10 300paKEHHS — 11€ BEJIUKHUII MacHUB IMIKCEIIB, KOXKEH 13
SKUX HISIK HE 3B’ SI3aHUM 13 HACTYITHUM, TOMY aHai3yBaTH iX JyKe CKJIaJHO 3 JIOOMOTOI0
KoMIT toTepa. Takox 300pa’keHHS MIKCEISIMUA MOXYTh CHJIBHO BIAPI3HSATUCH MATHU PI3HY
AKICTh, TaMMy Ta OCBITJEHHS, aje B TOW CaMHil 4Yac MaTH OJHAKOBE CMHCIIOBE
HaBaHTaKeHHA((oTorpadist 0OJHOTO 1 TOTO K CIOBA MOXKY CHIIBHO BIJPI3HATHUCH).
Metoro poOOTH € CTBOPEHHS HEMPOHHOI MEpeXi I BUKOHAHHS 3a7adl PO3Ii3HABAHHS
CJIB 13 300pakeHb, Ta po3poOKa BeO-arIiKalli s B3aEMOJIT 13 MEPEXKeEIO.

Pe3yabTaTn 10oc/aiKeHHs

Jlnst peainizanii HEMPOHHOI MEPEX1 AJI pO3IMI3HABAHHS CJIIB aHIUIIMCHKOIO MOBOIO 00paHO
MoBy Python ta 6i0mioTexy Keras. [[ns BupimeHHs 11i€l mpobieMu HEOOX1THO BUPIIIATH
TaKi MpooOJIeMH:

1. O6pobOKa BX1THOTO 300paKEHHS

Jlana 3amava mojsirae y ToMy 100 Maroud 3BUYaiHy (ororpadiro mepeTBOpUTH il 10
dbopmary sSKuil 3BUYHUHN 111 HEUPOHHOI MEpexi.

JlocniauBiM fatacer 13 CIOBaMM S IIMIIOB BUCHOBKY, IO YCi BXIJHI 300paX€HHS € Y
BIJITIHKaX C1pOTO, OTXKE MEPIINM KPOKOM 00pOOKH 300pakeHHs Oy/ie epeTBOPEHHS HOTOo

13 KOJILOPOBOTO JI0 300pa’ke€HHS y BIATIHKAaX ciporo. TakoX y pe3yJibTaTi JTOCIHIIKESHHS

11
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OyJ70 BHUSBICHO ILI0O y CEPEeIHbOMY po3Mip ycix KapTHHOK 170x32px, TOMy BXiJHE
300paK€HHS TAaKOX BAapTO 3BECTU /O TAKOI'O PO3MIMUPEHHA. Ta 3MEHUIMTH A0JATKOBO
KUTBKICTD IITYMIB.

Jlst peanmizartii 1boro O0yso Bukopucrtano 0i6miorexy OpenCV.

2. PosmizHaBaHHSA ciioBa

Jlana 3amaya nonsirae y Tomy mo0 Marouu ¢oTorpadiro ciioBa MOBEPHYTH y pe3yibTarti
CJIOBOM Yy BUTJISJIl TEKCTOBOI 1H(OpMaITii.

I3 momepenHbOro AOCBiAY y po3poO0Iill HEHPOHHUX MEPEX [JIs pO3Mi3HAaBaHHS MU, 5
JUHIIOB BUCHOBKY 1110 HA TaHUM MOMEHT HaWKpalluM TUIIOM HEUPOHHOI MEPEXi AJisl i€l
3a/a4l € 3ropTKOBa HEHpOHHA Mepexa. Taka Mepeka IIyKae AKICh MEeBHI pUCH IS
KOXXHOTO Kiacy kiacu@ikaiiii. SIKImo mOoTIM peKypeHTHO IO YChOMY 300pa)KEHHIO
NEPETJISIHYTH 111 PUCH MU MOKEMO OTPUIUIUTH K1 OYKBHU € 300pakeHi Ha (ororpadii a
notiMm yxe 00’eanatu mi OykBu y cioBo. Tomi mu otpumaemo CRNN(Convolutional
Recurrent Neural Network) 3roptkoBy Pexypentny Heliponny Mepexy.

[IpoGnema 1i€i Mepexi, y BENUKIA KITBKOCTI MapameTpiB, TOMY [JIsl HaBYaHHS
HEOOX1THUH BETUKWIA HaOIp MaHMUX, Ta 6araTo 4yacy.

KopucrtyBau moxe BuKopucTaTu BeO 1HTEpEiC s JOCTYIy 10 MEPEXKi, BIANPABUBIIH
doto cnoBa yepe3 ¢popMy Ha caiiti. [jis CTBOpeHHS Takoro iHTepdency s CKOpUCTaBCs
TakoX MoBor0 Python Ta 6161i0Texoro Django. 3 gomomororo 1iel ariikamii KopucTyBau
MO>K€ 3aBaHTXXHUTH JOBUIbHY (oTorpadito 1 Mepexa oOpOoOUBIIH ii TOBEPHE TEKCT KU

HanucaHo Ha Hiil (MamoHok 1)

% Image text recognition X +

< C 1 @ 127001

Processed image

SPARTAK

] Upload new |

© 2023 Image text recognition

Manwonok 1
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BucHoBOK

VY nmaniii po6oTi po3pobiieHO BeO J0AATOK IS PO3MI3HABAHHS AHTJIWCHKUX CIIB 13

dororpadiii 3a ngomomororo 0Oi0miorek Keras Ta Django. ByB peanizoBanuili Takwuii

GbyHKIIIOHAT:

KiieHT-cepBepHMI 3aCTOCYHOK: BeO armmikarlisi sKa TpH 3aBaHTaXKCHHI
cepBepa 3aBaHTaXy€ y IMaM’siITh HATPEHOBAHY HEHPOHHY MEPEXy 1 OUiKye
BiJl KOpUCTyBaya KapTUHKH. KoiM KapTUHKA NPUXOAUTH 3aCTOCYHOK
00po0Ist€e Ti, BiAMpaBIse MOAETI A1l Iepea0adeHHs] TEKCTY 1 TOBEPTaE MiCIIs
00pOoOKHK KOpHUCTyBaudy KapTHHKY Ta TEKCT 13 Hef.

OG6poOka 300pakeHHS: 300pak€HHS 3MEHIIYETHCS 1O PO3IMIMPECHHS
170x32px mMepeTBOPIOETHCS 13 PIZHOKOJIBOPOBOTO HA 300pakKeHHS Yy
BIJITIHKaX CIpOro, Ta 00poOJISIEThCS HA BUIAJICHHS [ITyMiB.

Heliponna mepeska: 3ropTkoBa peKypeHTHa HEHPOHHA MEPEkKa, IKa CTBOPIOE
13 300pake€HHSI MacHB O3HAK 1 PEKYpEHTHO iX oryisgae. Y pe3yiabTaTi BOHA
OTPUMYE Ha BUXOJ1 300pak€He CJIOBO y BUTIISII TEKCTY.

Cnucok BUKOPHUCTAHUX JIZKepeJt
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I. Goodfellow, Y. Bengio, and A. Courville, Deep Learning. // MIT Press -
2016 —

Towardsdatascience. Harald Scheidl. An Intuitive Explanation of
Connectionist Temporal Classification — 2018 - Pexum goctymy:
https://towardsdatascience.com/intuitively-understanding-connectionist-
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STREAMLINING GRAPHQL WEB SERVER DEVELOPMENT WITH
A SCHEMA-DRIVEN APPROACH

Yaroslav Mashtaliar *
Llvan Franko National University of Lviv (Department of Applied Mathematics)
Ukraine, Lviv
yaroslav.mashtaliar@Inu.edu.ua

Abstract
GraphQL is a popular alternative to REST for building web APIs due to its flexibility,

efficiency, and type safety. However, developing a GraphQL web server from scratch can
be time-consuming and error-prone. This paper discusses the challenges of automatic
code generation for a GraphQL web server based on a user-defined schema in Python.

Keywords: Code generation, GraphQL

Introduction

GraphQL starts with the GraphQL schema, which resembles JSON and contains
type definitions. The object type consists of fields, each with its own name, type, and
parameters. This creates a graph of relationships between object types.

Two special object types are used to interact with the object types: Query and
Mutation. They form the entrypoint to the GraphQL API of the schema, which can be
interacted with using the GraphQL query language. For simplicity, a field of the Query
type is called "query" and a field of the Mutation type is called "mutation”.

Generation of Query and Mutation types

Commonly, for each object type, there is a query for reading all instances and a
query for reading a specific instance. Similar to mutations: create a new instance, update
an existing instance, or delete an existing instance. It is possible to generate such queries
and mutations for a given object type. Those transform type fields to parameters and/or
use type primary key as reference to an existing instance. The primary key of a type is
defined by annotating fields of the type with the custom @pk directive.

Generation of ORM models

Relational databases are used for persistence on servers, and ORM(Object-
Relational Mapping) solutions are adopted to simplify integration. SQLAlchemy ORM is
used in this paper.

The main challenge of generating an ORM model from a GraphQL type is the

relationships between the types. A many-to-one or one-to-many relationship involves
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adding a foreign key and a "sglalchemy.orm.relationship” attribute to the type on the
"many" side. In one-to-one case the foreign key is added to the model of the type that
appears "earlier" in the schema. A many-to-many relationship requires an extra
association table that links two models.

Generation of Ariadne Components

The Ariadne Python library is used in the paper as the GraphQL API
implementation.

A resolver is a function that resolves a field of a type, including queries and
mutations. For queries and mutations described earlier, the appropriate resolvers could
also be generated. Get all uses query.all() and get specific uses query.get() of the model.
Delete uses db.session.delete() on the result of query.get(). Create passes the field
arguments to the model constructor and persists with db.session.add() and
db.session.commit(). Update assigns the field arguments to the instance obtained via
query.get(). If the object being mutated has fields referencing other objects, the respective
parameters operate with the primary keys of those objects.

Conclusions

A set of principles and rules was developed for generating a GraphQL server based
on user-defined GraphQL schemas. Future work will focus on covering more

sophisticated and advanced aspects and requirements.

References

1. Eve Porcello, Alex Banks. Learning GraphQL. O'Reilly Media - 2018 — 196p

2.Jason Myers, Rick Copeland. Essential SQLAIchemy. O'Reilly Media — 2015 — 208

3. GraphQL Documentation [Electronic resourse]. — Available from: https://graphgl.org

4. Ariadne Documentation [Electronic resourse]. — Available  from:
https://ariadnegraphql.org

5. SQLAIchemy Documentation [Electronic  resourse]. — Available from:

https://www.sqlalchemy.org
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MOJAEJIb MAIINHHOI'O HABYAHHA J1JIAA PO3ITII3BHABAHHA
TEKCTY 3 AYA10-®ANJIIB

FOpiui [eac
JIvsiscokuti HayionanbHuu yHigepcumem imeni leana @panka
Dakynomem NPUKIAOHOI Mamemamuxku ma ingopmamuxu
yriydzhas@gmail.com
Beryn

VY 3B’s3Ky 3 MacIITaOHUM PO3BUTKOM DPI3HHMX IHTEPHET-CEPBICIB Ta 3aCTOCYHKIB,
aKTyaJbHICTh MPOOJIEMU PO3MI3HABAHHS TEKCTy 3 aynaio-(ailyiiB € JTOCUTh 3HAYHOIO.
Po3BuTok Mozenel, moaioOHuX 111k, Moxe nmpudpatu NoTpedy y pydHOMY BBOJII TEKCTY, a
TaKOX JOOUTHUCH 3PYYHOTO BHKOPHUCTAHHS TOJOCOBHUX acHUCTEHTIB. [y Takux 3amad
Ha{JacTIIe BUKOPHUCTOBYIOTh MEXaHI3MH MAIIMHHOTO HaBdaHHA. OQHUM 3 OCHOBHHUX
IUISAX1B BUPIIMIECHHS 1i€1 TPOOJIeMHU € MOJIelIh MAIlIMHHOTO HABYaHHS, sika 0a3yeThCsl Ha
616mioTeri TensorFlow.

TensorFlow - Bigkpura mnporpamHa 0i0JioTeKa s MAIIMHHOTO HaBYaHHS,
po3pobneHa kommaniero Google s BupillleHHs 3aBAaHb MOOYJIOBU Ta TpPEHYBaHHS
HEHPOHHOI MEpeXi 3 METOI aBTOMATUYHOTO 3HAXOJDKEHHs Ta Kiacudikaiii oOpas3is,
TOCSITAF0YH STKOCTI JIFOJICBKOTO CIIPHAHSITTS.

IMTocTanoBka 3agaui

BpaxoByroun 0coOOTUBOCTI 1aHOT TEMU, MOXKHA BUIUIMTH OCHOBHI 3aBJJaHHS:
e IliaroToBka BUOIpKU JaHUX.
e OmpairoBaHHsl BUOIPKHU TaHUX (TPEHYBAHHSA).
e Hopwmamni3zanis oTpuMaHuX pe3yybTaTiB.
e [IlepeBipka Mojem1 HA TECTOBIM BUOIPIIl TAHUX.
Xi1 BUKOHAHHSA
[lepmM KpokoM MOTpPIOHO BHOpATHM JOCTATHBO BEJIMKHM Hallp JaHUX, 100
OTPUMATHU TOYHI pe3ynbTaTH. I boro Oyjia BUKOpUCTAaHA BIAKPUTA BUOIPKA TAHUX Bij
kommnanii Google, mo mae HazBy Google Speech Commands Dataset [1]. HaGip manux
mictuth 65 000 omHocekyHAHMX BUMOB 30 KOPOTKHUX CIIIB THUCSYaMU PI3HUX JIIOACH.
Januii HaOlp NpU3HAYEHUW JUIsI CTBOPEHHS TMPOCTHX, aje€ KOPUCHUX TOJOCOBUX
iHTep(eiciB 11 T0AaTKIB, 110 BKIIFOYAIOTh TaKi MOMIHUpPEHi clioBa, sk "Tak", "Hi", nudpwu

Ta BKa31BKH.
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JlJis KOpeKTHOI MiATOTOBKM JaHUX Oyjia BUKOpUCTaHa Oi0mioTeka AJid 3py4HOI
pobotu juis ayio Ta My3uku Librosa [2]. Bona gomomarae BUKOHYBaTH SIK 0a30Bi, TaK 1
CKJIaJIHI 3aBJaHHA, TOB’s3aHI 3 OOpOOKOIO ayaio, Bi3yali3yloud AUCKPETU30BaHUMN

CUTHAJI, aMILTITY/ly Ta 3BYKOBY CIIEKTpOTpamy.
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Puc. 1. Ananiz 36yxo6o2o cuenany

Jlns mepeBenieHHs ayaio-Qaitny B MamuHHUN Koj Oyio Bukopuctano MFC (Mel-
frequency cepstrum) [3] npeacTaBiaeHHS CHEKTPY MOTYKHOCTI 3BYKY, siIke 0a3yeThbcsa Ha
JHIAHOMY KOCHHYC-TIEPETBOPEHHI JIOTApU(DMIYHOTO CIIEKTPY MOTYKHOCTI.

Jlnst oOuMcneHHsT CHEeKTPY MOTYKHOCTI 3BYKY OYJM BHKOPHCTaHI KOe(DilieHTH
MFC (MFCCs). i koediuieHTH B cykynHocTi ckianaioTe MFC. fkiio kencrpanbHUiA
Koe(dillieHT Mae JojJaTHE 3HA4YeHHS, TO OLIbllla YacTUHA CHEKTPAJIbHOI eHeprii
30CepelKeHa B HU3bKOYACTOTHIM o0nacti. 3 1HWOro OOKy, SKIIO KEeNCTpaJIbHHMA
Koe(illieHT Ma€ BiJI'€eMHE 3HAUCHHS, 1€ O3Hayae€, M0 OlIblla YaCTUHA CHEKTPaJbHOI
eHeprii 3ocepe/pkeHa Ha BHUCOKMX YacTOTaX. [ake BUKPUBIICHHS YacTOTH MOXKeE
3a0€3MeYnTH Kpalie MPEACTaBICHHS 3BYKY, HANPUKIAI, TPH CTHCHEHHI 3BYKY, IO
MOTEHIITHO MOK€ 3MEHIIUTH CMYTy TMpPOMYCKaHHA 1 BHUMOTH 10 30epiraHHs
ay110CUTHAIIB.

Takum yuHOM, OmpaIrboBaH1 aynio-zamucu 30epiratotbest y JSON ¢opmari, ae
nepepaxoBaHi cjI0Ba, 3 HAbopy AaHuX, Ta oouucieni koedimieatn MFC.

Jlnst moOymoBu mMozeni Oyia BUKOpHUCTaHa 3ropTkoBa HelipoHHa mepexa (CNN).
Bona 3actocoByeThes Juis Kiaacuikailii KOKHOTO CJIOBa 3 HAIIOTO HA0Opy, a TaKOX JJIs
HABUYaHHS Ta TECTyBaHHA AaHUX. Ll HelpoHHA Mepexka BIAPI3HAETHCA BiJl 1HIIMX THM,
IO 1HILII YaCTO BUKOPUCTOBYIOTh TOTOBI JjaH1 TUIY 130J1b0BaHOrO ciioBa. Hatomicte CNN
J03BOJISIE OOpOOJIATH AaHl 3 PI3HUX IIYMHHUX CEpPEJOBHI, 3a PI3HUX YMOB 1 THIIIB

MOBIJICHHA.
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Static, A, AA

Convolution layer

a 3
feature maps max pooling

feature maps

other fully
connected
hidden layers

Frequency 1
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Puc. 2. Ilpuknao pooomu CNN
Jlnst TpeHyBaHHS MOJENl BUKOPUCTOBYBaslach BUCOKOpiBHeBUW API 010miorexkun
TensorFlow mig nHa3zBoro Keras [4]. Bona cTBopeHa 3 aklleHTOM Ha pO3yMIHHS METO/IIB
rMMOOKOTO HABUYaHHSA, TaKWX SK CTBOPEHHS IMapiB IS HEUPOHHUX MEpEexX, IO
OIATPUMYIOTh KOHIENIii ¢opm 1 matemaTuyHux jnetaneit. [licns TpeHyBaHHs OyJio
oTpuMaHO rpadik TOro, SK 301IbIITyBajach TOYHICTH MOJETI, Ta SIK 3MEHIITYyBaJIUCh
pe3ysbrat GyHKIT BTpat. MeToro QyHKII BTpaT € 00UUCIICHHS BEIMUMHHU, SIKY MOJIEITb

MMOBUHHA HaMaraTUcs MIHIMI3yBaTH ITi/1 YaCc HaBYaHHSI.

Accuracy evaluation

Accuracy
o
)

—— train_accuracy
validation_accuracy

0 5 10 15 20 25 30 35 40
Epoch
Loss evaluation

—— train_loss
30 validation_loss

v T r T v v T T
0 5 10 15 20 25 30 35 40
Epoch

Puc. 3. Intocmpayis pezynomamie mpenysanHs mooeii

BucHoBok

VY xoxi nociimkeHHs 0yJio HamucaHo MPOorpaMy Ha OCHOBI BUIIE OMTUCAHUX TEXHOJIOTIH
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Ta OTPUMAHO YCITIIIHI PE3yabTaTH POOOTH MOIE1 MAIIMHHOTO HaBYAHHSI JJIs

pO3Ii3HABaHHA TEKCTY 3 OJHOCEKYHIHUX ayaio-(ainiB.
Cnucox BHKOPUCTAHHUX JIZKCPCJI.

1. Google Speech Command Dataset [Enektponnuii pecypc]. Pexxum noctyiy -
https://ai.googleblog.com/2017/08/launching-speech-commands-dataset.html.

2. Librosa (documentation) [Enekrponnuii pecypc]. Pexum goctymy -
https://librosa.org/doc/latest/index.html.

3. Librosa MFCCs (documentation) [Enextponnuii pecypc]. Pexxum mocryiry -

https://librosa.org/doc/main/generated/librosa.feature.mfcc.html.

4. TensorFlow Keras Sequential model (documentation) [Enextponnuii pecypc].

Pesxxum moctymy - https://www.tensorflow.org/api_docs/python/tf/keras/Sequential.
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YAOCKOHAJVIEHHSA POBOTOTEXHIKHA 3A TOIIOMOI'OIO
MIKPOCEPBICIB I MEPEXEBUX ITPOTOKOJIIB

Ilanac FOnis
JIvsiscokuti HayionanvHuu yHigepcumem imeni leana @panka
Daxynemem NpuKkIaAOHOi MamemamuKu i iHpopmamuxu
yuliapanas5@gmail.com

1. BukopucTaHHsI MiKpOCepBiciB il YMTAHHS aNapaTHOr0 Ta NMPOrpaMHOIo
3a0e3nmeveHHs: podooriB. PodoTa 3 Takumu ceppicamu, sk Django, Celery, Redis,
React ta inmi, npotokosamu MQTT, SocketCAN nns miATpUMKH NpaBHIIBHOI
KOMYHIKallii 3 jeBaiicamu. 3actocyBaHHs Docker compose, 1HCTpyMeHTy, IO
JIO3BOJISIE  ONMUCATH Ta 3alycKaTH JOJAaTKH, SIKI CKJIAJaloThCsi 3 0ararbox
KoHTelHepiB Docker. BHKOpHCTOBYIOUM 110 TEXHOJIOTIIO, S CTBOpUJIA MEPEKY
KOHTEHHEpIB 711 PO3rOpTaHHS BUPOOHUYOTO ONATKY, IO BKIIOUae 0a3y JaHUX,

BeO-cepBep, Ta 1HII KOMIIOHEHTH.

2. Posmmn¢poByBanHs OiHApHMX NOBiIOMJIEHb NPOYMUTAHMX 3 KaHAJY IIMHMH.
Kanan mmHM - 1€ 3B 430K MK €JIEKTPOHHUMHU MPUCTPOSIMHU, SIKMH J03BOJISIE
OOMIHIOBAaTUCh JIAHMUMH Yy BUIJISIAL OITIB MO meBHIN (izuuHil Mepexi. JaHi 1o
pO3MIM(PPOBYIOTECA TMPEACTaBJICHI Yy BUIIISAAI OiHapHOro KoAy. BcTaHOBHBIIHM
MPOTOKOJ, 3a SKUM TEpeNaloThCsl JlaHl, BU3HAYAIOTHCS THUMH IOBIIOMJICHD,
o0poOuisito ani Ta Aemudpyro 0J0KKM OIHAPHOTO KOIy. AHaJi3yH0 OTpUMAaHI JlaHi
Ta BHU3HAYal0 iX 3HAYEHHS Ta BUKOPUCTaHHA. B 3arambHOoMmy, po3mmdpyBaHHS
OlHApHUX TMOBIIOMJIEHh 3 KaHATy IIUHU JO3BOJIIE 3pPO3YMITH, SKI JlaHl

Nnepeaar0TbCsA MIXK CJIICKTPOHHUMHU IMMPHUCTPOSAMHU Ta IO BOHU O3HAYAIOTD.

3. IepenpommuBka NpUCTPOiB 3a a0noMorow mnporokoiy SocketCAN. I1[o6
3MIMCHUTH OHOBJICHHS TMPOTPAMHOTO 3a0e3Me4YeHHs MPUCTPOI0  MOTPIOHO,
MOCTaBUTH MPUCTPIN B peKUM 3aBaHTaKyBaya. HacTymHUM KpOKOM € 30€peKeHHS
(ailily HOBOrO0 NpOorpaMHOro 3a0e3nedyeHHs. K TUIbKM MPUCTPIN MEepexoauTh B
CTaH OYIKyBaHHS JIaHUX, T[IOYMHAETHCSI 3amuc HOBUX pAaHuX. OcTaHHE
noBimomsieHHs 11e CRC-xox, miis mepeBipKH MOMUJIOK. SIKIO HI TO MPOrpamHe

3a0€e3MeUeHHs YCIIIIHO MePEnpoIInIOCh.

Cnucoxk Jgireparypu

1. SocketCAN - The official CAN API of the Linux kernel" by Oliver Hartkopp and
Wolfgang Grandegger
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2. "Linux SocketCAN Subsystem Documentation” by Marc Kleine-Budde and
Wolfgang Grandegger

3. "Python Socket Programming: Build Socket-based Applications in Python" by
Nitin Surya
4. "Python Microservices Development: Build, test, deploy, and monitor

microservices using Python, Flask, and Docker" by Tarek Ziade
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OIITUMIBALIA PEXKUMIB PYXY ABOJTAHKOBOI'O
MAHIIYJATOPA 3 AKTUBHUMU I HACUBHUMMU ITPUBOJAMHU

FOpin Muxatinuwun, Onexcanop @ynmos
JIvsiscoruti HayioHanbHuu yHigepcumem imeri lIeana Opanka
Dakynomem npukIaOHoi Mamemamuxy ma ingopmamuxu
Yuriy.Mykhaylyshyn@Inu.edu.ua

oleksandr.funtov@Inu.edu.ua
Beryn
PoGoToTexHika € OJHIEIO 3 Tady33l0 M0 JOYy)KE€ aKTUBHO PpO3BUBAETHCS, 1
JOCIIKEHHSI B c(epl ONTUMIZALli PEeXUMIB PyXy pOOOTIB € JOyK€ aKTyaJIbHUMH IS
PO3BUTKY i€l Taimry3i. OCOOIMBO 1€ CTOCYETHCS TBOJAHKOBUX MAaHIIMMYJISITOPIB, SIKI MAlOTh
0arato MO>KJIMBOCTEH 3aCTOCYBaHHSI B NMPOMUCIIOBOCTI Ta poOOTOTEXHIMI. Y i poOOTI
MU JOCIIUKYBAJIA ONTUMI3ALIID PEXHUMIB PYyXy JIBOJAHKOBOTO MAHIMyJIsATOpa 3

AKTUBHHMH 1 TACHBHUMU IIPpUBOdaMHU.

IIpobaema

[IpobGnema, Ky MU JOCHIDKYEMO, MOJSIra€e B IOKPALIEHHI MPOJAYKTHBHOCTI
pOOOTIB, sIKI MPALIOIOTh 3 JBOJAHKOBUM MAaHIMyJSITOPOM. {11 TOCATHEHHS L€l METH
HEOOX1THO po3poOUTH €PEKTUBHY CTPATETII0 ONTUMI3AIll] PEKUMIB PyXy MaHIMYJIATOpA 3
ypaxyBaHHAM PpI3HUX TUMIB MpuBOAiIB. KpiM TOro, HeoOXiIHO BpaxyBaTH pI3HI
napameTpH, sIKi MOXKYTh BIUIMBAaTH Ha poOOTYy MaHIMMyJsTOpa, Taki K Maca, reoMeTpis,
TUIl MaTepialy MaHIMyJIsTopa, Maca BaHTaxy. BupilmieHHs wi€i npoOieMu Moxe
JOTIOMOI'TH TIOKPAIIUTH €(PEKTUBHICTh Ta TOUYHICTh POOOTOTEXHIYHUX MPUCTPOIB, IO MAE

BEJIMKE 3HAYCHHS JIJIs1 PO3BUTKY MTPOMHUCIIOBOCTI Ta aBTOMATH3aIlli ITPOIIECIB.

MexaHiuHa MOIeJIb TA PIBHAHHS PyXy MaHINYJIATOPA

MaHinynsTop 3A1MCHIOE pyX y BepTHKaIbHIN TuionuHi OXY, sikuii BinOyBaeThCs
BHACJTIZIOK B3a€EMOJIii CHITH TSDKIHHS, MOMEHTIB CHIT U1 | Uz, 110 TEHEPYIOTHCS AKTHBHUMH
NPUBOIaMU (HANIPUKJIIAJI, CICKTPOABUTYHAMH ), & TAKOXK MOMEHTIB CWJI P1 | P2, SKi
reHepyIOThCS MACUBHUMH MpUBOAaMu. [lacuBHMI IPUBIA MPEACTaBUMO Y BUTJISII
KOMO1HaIIi JIHIKHOT IPYKUHU 1 Aemidepa. AKTUBHUM U; Ta TACUBHUI P; MOMEHTH
npukiaaeHi y mapsipi 0;, i = 1, 2.3 MeTOI0 CIIPOIIEHHS MaTeMaTUYHOT MOJIET1
MaHIIyJISITOpa BBAKAEMO, IO MOTO IIAPHIPH € 1/IeaTbHUMH, a Maca 3aXOIUTIOBava (pa3oM

13 BAHTa)KEM ) 30cepe/keHa y Toulll B. [HepiitHICTIO pyXOMUX YaCTUH aKTUBHHX 1
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NaCUBHUX MPUBO/IIB HEXTYEMO, a iX Macy BPaXOBYEMO B MacOIHEPIIITHIX

XApPaKTCPUCTHUKAX BiI[HOBi,ZIHI/IX JJaHOK.

YA

(0]

Puc. 1. Moziens ABOTAaHKOBOT'O MaHIyJIATOpa

BBenemo no3HaueHHs: @; — KyT BIAXWIEHHA Tija G; BiJl BEpTUKaJi; m;, T; — Maca
Tia G; 1 BIZICTaHb Bij MOro 1eHTpa Macu 10 Touku O;; J,— MOMEHT iHepiii Tina G;
BigHOCHO oci mapHipa 0;; a = |010;|, b = |0,B| — A0BXUHHU JTaHOK MaHIIyJIsATOpa; M—
Maca BaHTaxy; g — MPUCKOPEHHs CUJIM TsDKIHHS; [ = 1, 2.

Toai pyx IOCHIAKYBaHOTO MaHIMYJISITOPa MOKHA OMKUCATH CUCTEMOIO HEJITHIHHUX

nugepeHiaIbHUX PIBHSIHB

[1¢1 + aK[d, cos(a; — az) + &2 sin(ay — ap)] + gD sinay = uy — up; — p1 + py,
I,y + aK[dqcos(a; —ap) — af sin(ay — az)] + gK sinay = uy — py

p1 = ci(ays — 01) + kidq1, p2 = c2(az —ag — 02) + kyp(ay — ) (2.1)

1e Cj, 8;— KoedilieHT JKOPCTKOCTI MPYKUHU Ta KYT ii HEHANPYy>KEHOTO CTaHy, k;—
koedimieHT B s3kocTi gemndepa,i = 1,2; 11 = J1 + a2(my +m), I, = J, + b°m, K =
romy + bm, D = rymqy + a(m; + m). TyT 1 HUX4YE KPanKoro (3BEPXy HaJl BEIUYHNHOIO)
MO3HAaYEHO IU(epeHIIFOBaHHS 3a 4acoM t. 3a3Ha4yuMOo, 10 KyT 01 BIAPaXOBY€ETHCS Bij
BEpPTUKAJ, KyT 62 — BiJ Tpo10BKeHHS JaHKU (1. CniBBiHOMIEHHS (2.1) € pIBHIHHAMU
Jlarpan»a Apyroro pojy, 1o OMUCYIOTh PyX JBOJIAHKOBOTO MaHIIMyJISATOPA i T1€0
aKTUBHUX U7, Uy Ta MACUBHUX Pq, P2 KepyBaHb. Y pasi, KOJU NaCUBHI MPUBOAM BiACYTHI
(c; =k; =0,i = 1,2) i MmaHINyIATOP 3IHCHIOE PyX Y TOPU3OHTANIbHIHN TUTONMHI (g =
0), piBusiHHS (2.1) ciBnagarOTh (3 TOYHICTIO J0 MMO3HAYCHD) 3 PIBHAHHSAMHU PyXy

JABOJIAHKOBOI'O MaHiHYJ'IHTOpa.

Onuc nporpaMHoOro pilieHHs

BbyB peanizoBanuii mporpaMHuil 10JaTOK, SIKWW CKIIAIAETHCS 3 JEKIIBKOX YaCTHH.
[lepura — 61610TEKA U1sI MPOPAXYHKIB MApaMETPIB KEPYBAHHS PyXOM JBOJIAHKOBOTO

manimyistopa. [To-apyre B 616mioTemni Oynia qo/1aHa miaTPUMKA KIaciB Ta iHTEpdeiciB
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JUTSL 3pYYHOTO, IIPOCTOTO Ta MBUKOTO PO3ITUPEHHS MAaTEMAaTUIHUX METO/IB, SIKi
BUKOPHCTOBYIOTKCS MMiT4ac 0OpaxyHKy. | TpeTs gactuHa — 11e iHTepdeiic KopucTyBaya, B
SIKOMY MOYHA TIOpaxyBaTH IMapaMeTpu KepyBaHHS PYyXOM JIBOJAHKOBOTO MaHIITyJIsTOPA,
SIK 3 aKTUBHUM TaK 1 3 TACHBHUM TIPUBOJIOM, a TAKOXK JIETKO MEPETIIIaTh Ta
MaHIMyJIFOBaTH €KCIIEpUMEHTAMHU, 3MIHIOIOUH PI3HOMaHITHI mapaMmeTpu. s po3poOku
BUKOpHCTOBYBaUCh cepenoBuiie Visual Studio 2022, mosa C#, ppeiimBopku NET 6.0
ta WinForms.

B moTtouniii peanizaiii BKIIOUEH] pearizallii TaKuX MaTeMaTHIHUX METOIIB K
3HAXOJDKEHHS 1HTErpajy 3 J0moMoror Meto i CiMIicoHa, METO T TOKOOPIUHATHOTO

CITYCKY.

pyxom p - o x

DemoApplication.frmM
7850

Length 08 b() ()
OQutDiametr 0.1
~ LanksSecond  DemoApplication.frmM
Gustina 7850
InDismetr  0.094 2 2
Length 0.6
OutDiametr 0.1
DemoApplication.frmM .
{X=0.7,¥-0.6) 09

MovementDy 6
StartPosition {X=0.Y=1}

2 —am 1 — iy
b'(t) u2(f)

TransOperation

TrancnopTHa onepai.

0.9 29 4.9 09 29 49

Puc. 2. Burisig ocHOBHOTO BiKHA JUIsl 00paxyHKIB PyXy JIBOJIAHKOBOTO MaHIITyJIATOpA

BucHoBku

1. ¥V poGoTi 6yJ10 AOCTIIKEHO METO ] MOKOOPJIAUHATHOTO CIYCKY JIJIsi ONMTHUMI3allii
PEXKUMIB PYXY JBOJIAHKOBOT'O MAHIIMyJISTOPA 3 aKTUBHUMHM Ta ITACUBHUMU

MIPUBOJAMHU.

2. Y mopaibmvx iTepamisiX JOCTiIKEHHS MU TJIaHYEMO BUBUUTH MOJIHBICTh
BUKOPHUCTAHHS 1HIINX MaTeMaTHIHUX METOJIIB ONTUMI3aIlii mapamMeTpiB, BIIMIHHUX
BiJl METOTY TTOKOOPAMHATHOTO CITYCKY.

3. AHaI3yI04M OTPUMaHy ONTUMAaIbHY TPAEKTOPIIO PyXy MaHIMyIsTOpA, CIiJT
BIJI3HAYUTH, 110 BBEJICHHS B CHCTEMY MTAaCUBHUX TPUBO/IIB JA€ MOXKIUBICTh OLIBIII
MOBHO BUKOPHUCTATH B3a€MO/III0 KEPYIOUMX MOMEHTIB MaHIyJIATOpa 1 CUIIN
TsoKiHHA. Ha mouarky nmepioi ¢ga3u nukIigyHOT TpaHCIIOPTHOI Oomepaitii
3’ ABJISIETHCSI PEBEPCHUN PYX MaHIMyJISITOPA, 110 J03BOJISIE€ 3MEHIIIUTHA aKTHUBHI
CHEProOBUTPATH. A y BUIIQJKy MTOBHICTIO aKTUBHO KEPOBAHOTO MAHIMYJIATOPA MTPH

3aJIaHOMY 4aci MiTHATTS BAHTAXY PEBEPCHUX PYyXiB HE BUHUKaE. Bukiukae
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IHTEpEC TOCIKEHHS ONTUMATBHOT B3a€MO/II1 MK CHJIOIO TPaBiTaIlii 1 KEPYIOUNMHU

MOMCHTaMH 3 MCTOIO OHTI/IMiSaHﬁ AKTHBHHUX CHCProBUTpPAT.

4. Po3po0JieH] AITOPUTMH ONTUMI3AIlll MOXKYTh OYTH BUKOPUCTaHI JJIsl TOKPAICHHS

e(peKTUBHOCTI pOOOTOTEXHIYHUX MPUCTPOIB B MPOMHCIOBUX YMOBAX.

5. Hamri gocniipkeHHsT MOXKYTh CIPHSTH PO3BUTKY pOOOTOTEXHIUHOI raay3l Ta
3a0€3MeYnTH BUKOPUCTAHHS O1IhIII TOYHHUX Ta €(PEKTUBHUX METO/IIB ONTUMI3AITi

PEXKUMIB PyXy POOOTOTEXHIYHUX MPUCTPOIB.
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MmexaHikn 1 Marematuku — 2016. — Bum. 14. — C. 168-175.

2. Nemumiok M., ['omoscrka H. [Tapamerpudna onTuMizariisi TpaHCTIOPTHUX OTepartii
JIBOJIAHKOBOTO MaHimyssitopa // Mat. meroau ta ¢i3.-mex. mosst. — 2017. — 60, Ned. —
C.151-162.

3. Hemumoxk M.B., Hlupxko M.I. Ontumizamis pexuMiB pyxy Ta HapaMeTpiB
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PO3INI3BHABAHHA PYKOIIMCHOI'O TEKCTY 3A JOIIOMOI'OIO
MAHIMHHOI'O HABYAHHA

Anacmacis llempuwiun
JIvsiscokuti HayionanbHuu yHieepcumem imeni leana @panka,
Daxynemem npuKIAOHOi Mamemamuxky ma iHpopmamuxu

anastasiia.petryshyn@Inu.edu.ua

VY uiid myOGumikarii M1 IpeacTaBIsiEMO TOCTIHKEHHS IOA0 pO3pOOKU Ta ONTHUMI3AIlil
cucremu PosmiznaBanHs PykommcHoro Tekcry (HTR) 3a gomomororo TensorFlow,
IIMPOKO BUKOPUCTOBYBAHOTO  BIAKPUTOrO  (PpeliMBOPKY MAIIMHHOTO  HaBYaHHS.
3anponoHoBana cucteMa HTR mnoenHye MOTYXHICTh 3rOPTKOBHX HEMPOHHUX MEPEX
(CNN) nnst BUIOOYTKY O3HAK Ta MEpei JOBroTpHuBaioi kopotkoyacHoi nmam'ati (LSTM)
JUTSL TIOCJIIIOBHOTO HaBYaHHS 3 METOIO PO3IMI3HABAHHS Ta IHTEpPIpeTalli pi3HOMaHITHUX
PYKOIHUCHUX TEKCTIB 3 BUCOKOIO TOYHICTIO Ta €()eKTUBHICTIO.

Cucremu po3smnizHaBaHHa pykonucHoro Tekcty (HTR) BigirparoTh BaxiIuBy poib y
PI3HOMAHITHMX 3aCTOCYBaHHSIX Yy YHCJICHHUX oOOJacTSIX, 3aBIsSKH 1X 3/IaTHOCTI
IHTEpIpEeTyBaTH Ta OLMUQPPOBYBATU PYKOMUCHUM TekcT. 3HayeHHs cuctem HTR
HOCUJIIOETHCS 3pOCTAIOUMM MONUTOM Ha €PEKTUBHY OOpOOKY Ta yHpaBiiHHS JaHUMH B
cyyacHomy uudpoBomy Bimi. [[o kmrouoBux 3actocyBaHb cucteM HTR Hamexats:
o poBYBaHHS JTIOKYMEHTIB, TIOIITOBI Ta OAHKIBCHKI MOCIYTH, BUKOPUCTaHHS B cdepi
OCBITH Ta OXOPOHHU 370pPOB’S, IHTErpallisi B JOMOMIXKHI TEXHOJIOTIT U1l JONIOMOTH 0co0am
3 MOPYLUEHHSIMHU 30py a00 HaBYAIIbHUMH BaJaMH.

TensorFlow — me mnargopma MaNIMHHOTO HABYaHHS 3 BIIKPUTHM KOJIOM,
po3pobneHa komanaorw Google Brain Team, sfika mUPOKO BUKOPUCTOBYETHCS IS
pO3po0KH Mojienielt TIIMOOKOTO HAaBYaHHS B Pi3HUX cdepax, BKIIOYAIOYN PO3Mi3HABAHHS
pykonucHoro tekcty (HTR). @peliMBopk mporoHye 0araTy €KOCHCTEMY 1HCTPYMEHTIB,
010J110T€K 1 pecypciB, sIKi CHPOIIYIOTh MPOILIEC CTBOPEHHS, HABUYAHHS Ta PO3TOPTAHHS
Mojiesield MalMHHOTO HaB4aHHs. Jleski 3 kirodoBux nepeBar TensorFlow mist mporpam
HTR Bxiro4aroTs:

e ['myuka Ta mMacmraboBaHa apxiTektypa: TensorFlow Hamae rHyuKy apXiTeKTypy, fKa
JTI0O3BOJIIE PO3POOHUKAM PO3POOJISITH BIACHI MO HEHPOHHUX MEPEkK, aJarToBaHI
n0 KoHkpeTrHux BuMor 3aBgaHb HTR. Ll rHyukicTh J03BOJISIE BIPOBAIKYyBaTU
CKJIaJHI apXITeKTypH, Taki sk KoMmOiHamii 3ropTkoBux HepoHHUX Mepex (CNN) i
noBroTpuBajnoi koporkouyacHoi mam’sati (LSTM), sxi goBenu cBor €hEeKTUBHICThH Y
nonatkax HTR. Kpim toro, TensorFlow miarpumye po3mnoiiieHe 00UnCIeHHs, o 1a€e

3MOr'y MaclITadyBaTH HaBYAJIbHUM MPOIIEC HAa KIIBKOX MPUCTPOSIX 1 IIaTPopMax.
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API Bucoxkoro piBas: TensorFlow mpononye API Bucokoro piBHs, Taki sk Keras, ski
CIPOLIYIOTh TMPOIIEC MPOEKTYBAaHHS, CTBOPEHHS Ta HAaBUAaHHA MOJIEJECH TIMOOKOTro
HapuaHHs. {1 API aGcTparyroTh CKJIQJHICTh HU3BKOPIBHEBUX OMEpalliid, J03BOJISIOUH
po3poOHUKaM 30cepeauTucs Ha ocHOBHIM mpobisemi HTR 1 edexruBHime
eKCIIEPUMEHTYBATH 3 PI3HUMH apXiTEeKTypaMH MOJEJIEH 1 rineprnapaMeTpamMu.
[TonepenHbo MiArOTOBIEHI MOJIEN1 Ta nepeaada HaByaHHs: TensorFlow Hagae goctyn
JI0 IIMPOKOTO CIEKTPY MOMEPEeHbO MIATOTOBICHUX MOJEIEH 1 J03BOJISIE MepenaTu
HABYaHHS, 10 MOXE 3HAYHO CKOPOTUTH Yac 1 pecypcu, HEOOXiaH1 NJIsi HaBYaHHS
mozneneit HTR. BukopuctoByroun nmomnepeaHb0 HaBUEHI MO, PO3POOHUKH MOXKYTh
CIUpAaTHCs Ha HasBHI 3HAHHS Ta TOYHO HajamrToByBath cBoi cuctremu HTR s
JOCATHEHHS Kpalloi MPOyKTUBHOCTI 3 BIIHOCHO MEHIIIMMH Ha0OpaMu JIaHUX.
[Ipuckopenns Ta ontumizamis rpagiuyHoro mnponecopa: TensorFlow miaTpumye
IPUCKOPEHHS TpagiyHOro Mpolecopa, 110 3abe3nedye HIBUALLE HaBYaHHS Ta vac
BUCHOBKY mia monened HTR. @peliMBOpPK TakoX BKIIOYA€E pI3HI 1HCTPYMEHTH
onTuMizalli, Takl gk koHBeptep TensorFlow Lite, sikuit Moxke onTUMIZyBaTH MOJEII
JUIsL PO3TOPTaHHS HAa MPUCTPOSAX 3 OOMEKEHUMU pecypcaMu, HallpUKIIa] cMapTHoHax
a00 BOYJIOBaHHX CHCTEMax.

Benuka cninpHoTa Ta miarpumka: TensorFlow Mae Benuky Ta akTUBHY CHUJIBHOTY
PO3pOOHUKIB, TOCTIAHUKIB 1 TipodecioHaniB ramny3i. s cniibHOTAa pOOUTH BHECOK Y
pO3BUTOK (pEeHMBOpPKY Ta HaJa€ IIHHI PECypCH, Takl sIK HaBYaJIbHI TMOCIOHUKH,
JOCIITHUIIbKI CTAaTTI Ta TOTOBI MOJENl, $KI MOXHA BHKOPUCTOBYBATU IS
nojabnIoro BgockonajaeHus cucreM HTR.

CymicHicth Mk muargopmamu: TensorFlow cymicHuii 3 pi3HuMH miiaTopmamu,
Biumroyaroun Windows, Linux, macOS 1 Mo6uipHI mipucTpoi. s kpoc-mmatdopmua
CYMICHICTh J103BOJIsI€ JieTKO posroprath HTR-pimieHHs, CTBOpeHi 3a 10NOMOTOIO
TensorFlow, y mmpokomy fiana3oHi NpUCTPOIB 1 CEpeIOBUILI.

CralinpHICTh poOOTH (YHKIIIOHATY, MacIITa0OBaHICTh 1 KOMIUIEKCHA E€KOCHUCTEMA

TensorFlow po0OnsTe #oro mnigxoasimmM BuOopoMm s po3podbku cuctem HTR.

OpeiiMBOpPK T03BOJISIE PO3POOHUKAM EKCIIEPUMEHTYBATH 3 PI3HUMHU apXITEKTypaMu

MoJieNiel 1 TEXHIKaMHU, OJHOYACHO BUKOPUCTOBYIOUM MEpeBAark MPUCKOPEHHS IrpadiuHOro

mporiecopa, nepeaadi 3HaHb 1 CHIIBHOTH MIATPUMKH JIJII CTBOPEHHS OUIBIN TOYHHX 1

edextuBHUX pimens HTR.

Jlns peanizanii antikaiii MU BUKOPUCTAIN HEUPOHHY MEPEXY, 3alIPOIIOHOBaHY y [5],

sKa CKIamaeThes 13 5S-Tu 3roptkoBux mapiB (CNN), 2-x moBroproBanux mmapiB (RNN) i

OCTaTOYHOTO piBHA yacoBoi kinacudikailii Connectionist (CTC).
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Mu Takoxx MOXEMO PO3TJISAAaTd Hally HEHPOHHY Mepexy y Ouibll (opMaabHHA
crioci0 sk ¢yHkiiro NN (muB. piB 1), sika BigoOpaxae 300pakeHHs (a00 maTpuiro) M
po3mipom WxH Ha mocnigoBHicTs cuMBOIB (cl, ¢2, ...) mosxuHowo Bix 0 mo L. Tekcr
PO3MI3HAETHCSI HAa PIBHI CHMBOJIB, TOMY CJIOBa a00O TEKCTH, SKi HE MICTITHCS B
HAaBYAJIbHUX JIaHMX, TaKOXX MOXYTh OyTH pO3IMi3HaHI (32 YMOBH, IO OKPEMi CHUMBOJIHU

PaBHJIBHO KiIacu(}iKoBaHi).

NN: M - (Cy, C2, ..., Cn)

W H O=n=L

PiB. 1. HeliponHa Mepeika, 3amucaHa K MaTeMaTu4Ha QyHKIIis, sika BigoOpaxae

300paxxeHHsI M Ha MocCIiI0BHICTh cuMBoIB (cl, ¢2, ...).

Bxinne 3o00paxenHst momaetbcsi Ha mapu CNN. Ili mapu HaBuYeHl BWIy4aTH
peNeBaHTHI XapaKTePUCTUKH 13 300paxeHHs. KoxkeH map CKiagaeTbes 3 TPhOX ONepalliil.
[lepmioro € omepariiss 3ropTkKH, sKa 3aCTOCOBYE 10 BXIJHUX JaHUX sjpa QuibTpa
po3MipoM 5x5 y mepmmx ABOX mmapax 1 3x3 y ocrtaHHiX TppoxX mapax. I[lorim
3actocoByeThesl HemiHIMHA QyHkiss RELU. Ha kiHeup piBeHb 00’ €HAHHS ONpPaIbOBYE
obrnacTi 300pa)KeHHSI Ta BUBOJUTH 3MEHIIEHY BEPCIIO BXIJIHUX JaHUX. Y TOW Hac siK
BHUCOTa 300pa)K€HHSI 3MEHILIYEThCS HA 2 y KOKHOMY IIapi, TOJAIOTHCA KapTU (yHKLIHA
(kaHamM), Tak 110 BUXiJAHA KapTa PyHKIIi# (a00 MOCHiOBHICTE) Mae po3mip 32x256.

RNN nomwuproe BiANOBIAHY iH(OpMaIi0 Yepe3 MOCHIJOBHICTh 13 256 03HaK Ha
KO>KHOMY 4acOBOMY KpoOIli. BUKOPUCTOBY€EThCSI MOMYJIsipHA pealti3allisi T0BrOCTPOKOBOI
kopotkouacHoi mam’siTi (LSTM) RNN, ockiiibKy BOHA 37aTHA MOMIUPIOBATH 1H(POPMAIIIFO
Ha BEJMKI BIJACTaHI Ta 3a0e3mnedye OLIbII HAJlHI HaBYalbHI XapaKTEPUCTHKH, HIX
BaHiTbHA RNN. Buxigna mocmigoBHicTh RNN BimoOpaxaeTbcs Ha MaTpHIll PO3MiIpoOM
32x80. Habip manux IAM cknagaerbes 3 79 pi3HUX CUMBOJIB, KPIM TOTO, JUIsl OTepari
CTC notpibeH onuH noaatkoBuil cumBoi (mopoxHs Mitka CTC), ToMy sl KOXKHOTO 3
32 gacoBux KpokiB € 80 3amuciB.

[Tin wac waBuanHs HepoHHOT Mepexi, CTC orpumye BuxigHy marpuiro RNN i
0a30BUM TEKCT ICTUHHOCTI, 1 BIH o04ucCHioe 3HauYeHHs BTpaTu. Ilin yac BucHoBky CTC
OTPUMYE JIMIIIE MATPUITO, 1 BIH JACKOAYE ii B OCTATOYHHUM TeKCT. JIOBXXMHA OCHOBHOTO 1

PO3II3HAHOTO TEKCTY MOXE CTAHOBUTH HE O1J1bIlie 32 CUMBOJIIB.

Po3pobniena artikariiss KOpeKTHO po3mizHae O0im3bko 65% CIiB 13 PyKOMMCHOTO

TEKCTY Ha KapTUHKAX. /{71 moKpaleHHs pe3yJibTaTy MJIaHy€eThCS:

e 30UTHIIUTH PO3MIP HAOOPY JAaHUX NUIIXOM 3aCTOCYBaHHS MOJANBINNX (BHUITAKOBHUX)

MepeTBOPEHD /10 BX1THUX 300paKeHb,

28



AMICon-2023

e noxatu Ounbire mapiB CNN,
e 3amidutd LSTM ua 2D-LSTM,

¢ BUIIPABJICHHA TCKCTY: AKIIO po3ni3HaHe CJIOBO HE MICTUTHCA B CJIOBHUKY, TO HIYKaTH

o Ii0He.
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PO AJTBTEPHYIOUUH METO/I JIJIS1 PO3B’SI3YBAHHS 3AJIAUI
KOLII JJIs1 PIBHAHHSA JIATIJIACA

boeoan llemposcovkuti
Jlveiscokuti Hayionanvnuii Ynieepcumem imeni 1. @panka
Dakynbmem npukIAOHOi MamemMamuxy ma ingopmamuxu

bohdan.petrovskyi@Inu.edu.ua

Beryn

OOepHeH1 KpaloBl 3a7adi B Ipolecax TeriooOMiHy abo eNeKTPONpPOBIIHOCTI €
JOCUTh KJIACHYHUMH 1 MOIIMPEHUMH B CY4YaCHUX JOCHIJDKEHHSX (I3UUHUX SIBUIIL.
Opnniero 3 Takux obOepHeHMX 3aj1ad € 3amada Kommi. JIis Takoi 3amadi BioMi Mexa
o0nacTi  po3B’sI3yBaHHS 1  JlaHl  TEIUIONPOBIOHOCTI,  JOKEpeslo  Termia  abo
SJICKTPOIIPOBIAHOCTI 1 JKEpeia CTPyMY, TO1 SIK KpailoB1 YMOBHU € HETIOBHUMH.

Tounime, ymoBu [ipixie 1 ymoBu Helimana € 3a7aHl Ha 4acTUHI MeX1 00JacTi,
TOJ1 SIK HA 1HIIIN YaCTHHI MEXI1 - 1aH1 BIICYTHI 1 iX moTpiOHO 3HaiTH. [[oOpe Bimomo, 1110
3anaul Ko, K mpaBuiio, € HEKOPEKTHOIO 3a AjJlaMapoM, B CEHC1 BIICYTHOCTI CTIMKOCTI
3a BXIAHUMU JaHUMH. BimoBigHO, 10 [UX MpoOieM NoTpiOeH creiagibHUi miAXil.

VY OUIBIIOCTI BUNAAKIB 3aCTOCOBYIOTH peryiisipusaiiito TiXOHOBa, sika MPUBOJMTH
0 pO3B’sA3yBaHHS TIEBHOI KOpeKTHOI 3amavi. OnpHak ICHYIOTH ¥ 1TepalliiiHi
peryisipusytoui meroau [1,2]. Bnacue onuH 3 HUX, a came anbTepHyrouui meton [1,3]

BUKOPHCTOBYETHCS Y JaH1i POOOTI.

30


mailto:bohdan.petrovskyi@lnu.edu.ua

AMICon-2023

[TocTanoBKa 3a7a4i Ta OMKUC AJITOPUTMY

Hexaii 3amaHo pAesky JBO3B’s3HY o0yacth D 13 30BHIIIHBOIO Mexero [ 1

BHYTpiHKOIO Mexero ['1 (pucyrnok 1.1). HeoOxiaHo 3HaiiT (hyHKIIIIO U, sIKa 330BLIBHSE

piBusHHs Jlamiaca
Au=0 B D
Ta KpaloBY YMOBY
u=f, maly

du

— =0 Ha l»

dv

Takox po3ristHEMO JB1 MilllaH1 KpaioBi 3aja4i i piBHsHHA Jlamaca.

KpaiioBa 3anaua Heitmana-Jlipixie:

Au=0 BD

du

——=h mal}y

dv

U:fz Ha >

KpaiioBa 3anaua [lipixne-Helimana:

Au=0 B D
U=f1 Ha [

du

— =0 Ha .

dv

I'

Pucynok 1.1

OnuiieMo anropuT™ albTEPHYIOYOT0 METOTY:

(1)

(2)

3)

(4)

)

(6)

(7)
(8)

©)

1. BubGupaemo nmouatkose h, po3s’s3yemo 3agauy (4)-(6) i 3naxoaumo f1 Ha I'y
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2. Po3B’s3yemo 3anmaay (7)-(9) 3 BXigHUMH JaHUMH, SKi OTPUMAJIHM HA BUXI] 3
KpoKy 1| 1 3HAX0AUMO g2

3. bepemo h piBHE BUXITHUM JTaHUM 3 KPOKY 2, po3B’si3yemo 3anauy H.-J1.,
Haxoaumo Ty

4. Po3p’s3yeMo 3amauy JI.-H 3 BXigHUMU JaHUMH, K1 OTPUMAJIM Ha BUX1] 3 KPOKY
3 1 3HAXOAMMO g7

5. Kpoku 3 Ta 4, mOBTOPIOEMO JOKH HE BUKOHYETbCS 0OpaHUil KpUTEPiil 3yNMUHKH

ITepariitHoro MpoIecy

KopekTH1 Miliani KpaioBi 3a7a4l Ha KOXKHIM 1Teparlii 3BOJAMMO JI0 CUCTEMH 1HTETPAIbHUX

PIBHSIHBb IPYTOTO POJY, SIK1 YUCEIBHO PO3B’sA3yeMo MeToioM Huctproma[4].

BucHoBkH

Jns HaOmmxeHoro po3s’sasyBaHHsA 3agadyl Komn s piBHsHHsA Jlammaca 'y
JIBO3B’SI3HIA 00JacTl BUKOPUCTAHO aJbTEPHYIOUMM METOH, SIKUA Ma€ perysipusyrodi
BJIACTUBOCTI. PO3B’S3KM KOPEKTHHUX MIIIAHUX 3a7ad Ha KOXKHIM 1Tepalii MOJaHO Yy
BUIJISII CYMH BIJNOBIJHUX MOTEHIIANIB 3 HEBIIOMUMHU rycTUHamu. [l auckperu3arii
OTPUMAHUX CHCTEM IHTETPAJIbHUX PIBHSAHb BHKOPUCTOBYBaBcs MeToJ Huctproma.
UucenbHI €KCIIEPUMEHTH MOKa3yI0Th €(PEKTUBHICTh IAHOTO METOY.

B nopanpiioMy miaHyeThCsl pO3MVISIHYTH CIOCOOM MPHUCKOPEHHSI MOro 301KHOCTI

Yyepe3 BBEJICHHS MEBHUX peJIaKcaIliiHUX mapaMeTpis [5,0].
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PO3POBKA IPOTOTHUITY CUCTEMHU BUAABJIEHHS MEJIUYHOI
MACKHU HA ObJIMYYI JIIOAUHU METOJAMHA
KOMITIOTEPHOI'O 30PY

Opuenxo  FOniana, My3zuuyk  Anamoniu

JIvsiscokuti HayionanbHuu yHieepcumem imeni leana @panxa,
Dakynemem npuKkiadHoi mamemamuky ma iHGOpMamuru
yuliana.yurchenko@Inu.edu.ua, anatoliy.muzychuk@Inu.edu.ua

Axmyanonicms  memu.  ABTOMATH3allisl MOHITOPUHTY  JOTPUMAaHHSI  MAaCKOBUX
peKoMeHalld Mae MOTEHLIa]l CYTTEBO MIJBULIUTH pPiBEHb I'POMAJACHKOrO 310pOB'S,
3HKyoud pu3uk nomuperass COVID-19 ta iHmmx iHQEKIIHHUX 3aXBOPIOBAHb.

Memoro pobomu € CTBOPEHHSI MOJIEITI BUSIBJICHHS 00'€KTIB, KA €()EKTUBHO NPALFOBATUME
II0JI0 BUSIBJICHHS MEIUYHOI MAaCKU Ha OOJIMYYl JIFOJUHHU.

Mojeanb BUSSBJIEHHS MeAUYHOI MACKH HA 0014 Yi JJIOAUHHA

3anponoHOBaHO JABOCTAMHUM MiAX1J] 10 BUSBICHHS MAacKu Ha o0auy4il JroauHu. Ha
NEepIIOMYy KpOIll aJFOPUTM BHSIBIsE€ oO0auuus. JIjisi 1bOro BUKOPUCTAHO MOJEIb
YOLOSFace [1], mo mae Binkputuii koA. L{s mogens peanizye apxitektypy YOLOvVS Ta
HaTpeHoBaHa Ha HaOopi nganux WiderFace. Ha npyromy Kpolll aiaroputM BHUKOHYE
3aBAaHHs Kiacudikaiii 3HaWgeHux oOJMY 3a JBOMa KJlacamu: oOJuYdYsi, Ha SIKUX
OJSITHEHI MAack, Ta OOJauY4Ysl JroJAe, Mo He HociATh Macok. Jlma xmacudikarii
Bukopuctano mozaenb VGG19 [2], sxky HaTpeHoBaHO Ha Habopi nU(PpOBUX 300pakeHb
Face Mask Dataset [3].

[linroToBKa HMX JBOX MOJEJNEH € He3aJekKHOI. Y PEeXKUMI TECTyBaHHS iX

3aCTOCOBAHO JI0 IU(PPOBOTO 300paKEHHS MOCTIIOBHO (IUB. puc. 1.)

MO/1eJ1b
| BUSIBJICHHSI

06y

MojieJib KJiacudikanil
&

HOCIHHSI MaCKu

Mo/iedib Kaacudikanil

HOCIHHSI MACK#

Puc. 1. Cxema poGoTH ABOETAITHOT MOJIE/I1 BUSBJICHHS MEIMYHOI MaCKH Ha 004l
JIFOJTAHA

Haobip 300pa:kenb Mask Dataset
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Mask Dataset [4] micTuTb 853 nndpoBux 300pakeHb Pi3HOTO PO3MIPY, HA KOKHOMY
3 SIKMX MPUCYTHI OJHA JI0JIMHA ab0 KinbKka mrojaeit. Habip 300pakeHh BUKOPUCTAHO IS

TCCTYyBaHHA MOI[CJ'Ii BUABJICHHS MCI[I/I‘IHO'l' MacKH{ Ha 00JIrY4i JIFOAUHU.

Puc. 3. 3pa3ok Bi3yauizarii aHoTarlii 10 300pakeHHs 3 Habopy Mask Dataset (3enennmu
NPSIMOKYTHUKAaMH TIO3HAYEHI 00IMY4s 3 MACKOI0, YePBOHUMH — O€3 MAaCKH)
MeTtpuka pe3yabTaTiB BUSBJICHHS 00'€KTIB

J11s1 OLiHKY pe3yJIbTaTiB BUKOPHCTAHO MeTpUKy mAP (mean average precision).

mAP = ' (AP + AP),
5 0 1

ne APo Ta AP1 — average precision (AP) oOuucieHl uisl BUABICHHS OOJIMY JIFOJICH, 110
HOCSTPH Ta HE HOCSTh MacKH BiIOBITHO.

Pe3yabTaTy BUSABJIEHHSA MEIUYHOI MACKH HA 00 IMYY] JIIOAMHU

Knac 00y 3 Knac o0muu
MacKaMu 0e3 Macok
AP 0.798 0.383

Ta6. 1. Ouinka BUSBIECHHS 00’ €KTIB IBOX KJIAClB
3HadeHHs MAP njis pe3yJbTaTiB BUSBICHHS MEIMYHOT MAaCKH Ha OOJIUYYi JIFOIUHA
JUUIS TECTOBOT'O HAOOPY JTaHUX:
mAP = (0.798 + 0.383) = 0.590.

BucHoBku

CkiagHiCTh 3aB/IaHHS BUSBJICHHS MEIUYHOT MacKH Ha OOJWYY1 JIFOJUHU I HAOOpy
Mask Dataset monsirae B pi3HiIM KUIBKOCTI JIFOJE€M Ha 300paKEHHSIX, iX PO3MIILLEHHI
BIJIHOCHO KaMepH Ta BIJHOCHO iHIMX 00'exTiB. 3HaueHHs 0.590 3a merpukoro mAP
BKazye Ha e(EKTHBHE BUSBICHHA MEIMYHOI MACKd Ha OOJMYYl JIOJAWHH B yMOBax
pEeaTbHOTO JKUTTH.

Po3pobiene mporpamHe 3a0e3MEeUeHHS MOXKHA BHKOPHCTaTH SK  IPOTOTHII
KOMIT'FOTEPHOI TIPOTpaMHu JUIsl KOHTPOJTIO 32 HOCIHHSIM MAacKH Y HaBYAJIbHHMX 3aKJIaJiax Ta
THIITUX TPOMAJICHKUX MICIISIX.

Cnucoxk jgireparypu
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5. Qi D. YOLOS5Face: Why Reinventing a Face Detector arXiv:2105.12931v3 [cs.CV] 27
Jan 2022

6. Simonyan K. Very Deep Convolutional Networks for Large-Scale Image Recognition
arXiv:1409.1556v6 [cs.CV] 10 Apr 2015

7.Face Mask Detection. [Enexkrponnuii  pecypc]. — Pexum  gocrymy:
https://www.kaggle.com/datasets/ashishjangra27/face-mask-12k-images-dataset

8. Mask Datset. [EstexTpoHHMiA pecypc]. — Pexum JOCTYITY:

https://www.kaggle.com/datasets/andrewmvd/face-mask-detection
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PO3POBKA ABTOMATH30BAHOI CUCTEMM IS
KJIACU®IKALIII BOEHHUX PYHHYBAHbDb

Codpis Illysap, I'anuna Keacnuys, Maxcum Kapamaes
JIvsiscvkun nayionanvruu ynieepcumem imeni leana Opanxa
Daxynemem npuKIAOHOi Mamemamuxky ma iHgopmamuxu
SOFIIA.SHUVAR@Inu.edu.ua

I3 24 mororo 2022 poky HeBONUHHI OomOapayBaHHS YKpaiHM pPOCIHCHKUMHU
BIMICHKOBMMH 3aBJIaI0Th HEMMOBIPHUX CTpaXXJAaHb YKPAiHCHBKOMY Hapojy. 3HaYHA IIIKOJa
Oyna 3aBgaHa 1HQPACTPYKTypi YKpaiHChKMX MiICT Ta cii. He3Bakaroum Ha Te, IIO
YKpaiHCBKHH ypsiJI 30CEPEKY€EThCSI Ha caMiil BiliHI, 3apa3 BiH IUIaHYy€ B1IOY0BY KpaiHU
3a JIOMOMOTOK0 TJIO0AIbHOI MIATPUMKU 3 OOKY CBITOBOI CHUIBHOTH. J[Jis MO30BIB 110
MDKHApOJIHUX CYIiB, a00 1HAWBIIYyaJbHOIO BIJIIIKOJYBAaHHS, a TaKOX JJII OTPUMAaHHS
pernapariiii Ta KOMIEHCaIlli JjIs BIIHOBICHHS 1 B1iAOyI0BH YKpaiHUM HEOOX1THI 3BEICHI
JIOKa3u Ta PEECTp TMOMIKOMKEHUX OO0'€KTIB 3 OI[IHKOI BTpaT, BIAMNOBIAHO MO
00TpyHTOBaHOI MeTO10J10Tii. [1]

[Ipomec iHcHekIli TEepUTOPIH € JOCUTh CKJIaAHUM Ta BuTpaTHuM. Komanna
AHHOTATOPIB TNOBUHHA MPOIVIAHYTH BEIMKY KUIBKICTH OpTO(OTOIUIaHIB, ouudpyBatu
KOXHY OyJIBII0 Ta BHU3HAUUTU PIBEHb MOMIKOKEeHHA. OTxe, icHye mnoTtpeda B
IHCTpYMEHTax 1 METOJaX, SKI MOTJM O JOMOMOITH IIBUAKO OIIHUTH TOIIKOIKEHI
OyIuHKH, a caMe po3po0Ka aJTOPUTMIB KOMI'TOTEPHOTO 30py. Taki anropuTMu MOXKYTh
JOTIOMOITH aBTOMAaTUYHO BHU3HA4YaTH pIBEHb 3PYWHYBaHHA OyiBii, IO JO3BOJIUTH
MIJBUIIUTH SIKICTh Ta MIBUIKICTH MPOIIECY OLIHKUA pyWHYBaHb. Kpim Toro, Takuil miaxisa
JIO3BOJIMTH 3HAYHO 3MEHIIUTH KUJIBKICTH JIIOJACHKHUX IIOMHWJIOK Ta IMABUIIWATHA HAIIHHICTD
OTPUMAaHHX JTaHUX.

OToX METOI pOOOTHU € CTBOPEHHS aBTOMATHM30BAHOI YHIBEPCAIBHOI CUCTEMU IS
kinacudikamii  piBHA  pylHYBaHHS  1HGPACTPYKTYp  PpI3HOMAHITHUX THWIIB  Ha
opTooTOIIaHAX HACEIICHUX IMyHKTIB YKpaiHW, 10 BKJIFOYA€ aBTOMATHU3AIlIO TMPOIIECY
MITOTOBKH TPEHYBAJIBHUX JIAHWX, TPEHYBAaHHS MOJENi, OIIHKY TOYHOCTI OTPUMAaHHX
nepea0ayeHb Ta CTBOPEHHS CEpPEOBHINA I 3aCTOCYBAHHS aITOPUTMIB JI0 HOBHUX
TaHUX.

PoGota Bukonana B pamkax npoekty “Pocis 3ammatuts’[1] abo “RebuildUA™[1],
o po3podiserses mia erigoro KuiBcskoi Llkonu Exonomiku, Ha 3amoBieHHs1 Odicy

[Ipesunenta Ykpainu. Tomy mgaHi, HamaHi Jyist JOCTIKEHHS, HE € TTyOTIYHUMU.

Pe3y.]'II)TaT]/I IlOC.]'IiI[)KeHHH
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[TaptHepamu mpoekty “RebuildUA” Oymu Hamani nmani 69 HaceneHMX ITyHKTIB
VYkpainu, mo mocTpaxkaanu Bia OodoBux Aid. JlaHi ajis OAHOTO HACEJICHOTO MYHKTY
CKJIQIAIOThCs 3 ONHIET ab0 KuIbKOX map (aiimiB: opTodoTormiany ¢opmaty .geotiff 3
PO3AUIBHOIO 3aTHICTIO B MEXax BiA 5 70 7 ¢M Ha mikcedb Ta .geojson daitmy 3 GPS
KOOpJAMHATH Ta piBHEM 3pyHHYBaHHs JUIs KOXKHOiI OymiBii Ha opTodoTtoriaHi. PiBeHb
3pyiiHyBaHHSI Oy/iBelIb KOMYEThCA MM 3HadeHHsM Big 1 mo 5. Ilpuknmaam Takoi
kiacudikalli, a TaKoX KIJIbKICTh pyHHYBaHb KOKHOTO TUITY HaBejieH1 y Tabymii 1.

Ta6n. 1. Knacu pyiiHyBaHb Ta iXHii po3MoALT

1 2 3 4 3)
Kiacu .
pyﬁHYBaHB Hemae HUmogipne Hesenuxi Cuabhe IHoBHicTIO
BUIMMUX pyiiHyBaHHS NOIIKO/KEHHSI | MOLIKOIKeHHs 3pyiiHOBaHO
MOIIKOIKeHb
TYE TR
doro
Kinbkicth 180060 10763 5480 1789 3884

OCKUIBbKH PO3IOJILT PiBHS 3pDYHHOBAHOCTI OyAMHKIB HE € 30a71aHCOBaHUM, a pO3Max
BaplallifHOTO psAJly 3HAYHO MEPEBUILYE MIHIMAJIbHY BapiaHTy, OyJIO BHUPIIIEHO 3BY3UTH
3aIpPONOHOBAHUMN TOCTaYaIbHUKAMU PO3MOJII Ta 30allaHCyBaTH JaHl. TakKuM YHUHOM,
kiacu 2 1a 3 o0'eqHanucs y kiac 2, a kjacu 4 ta 5 y kiac 3.

Ockinbku JaHa poboTa 30cepepkeHa Ha KiIacH(ikaiii MOIIKOMKEHb KOXHOI
Oy[iBI, AOLIIBHUM € Hapi3aTu opTO(OTOIIaH HAa HEBEJIUKI 300pa)kKeHHs 3 OYIIBJICIO Y
cepenuni. OToueHHs OymiBIl HaJa€ KPUTHUYHO BAXKIMBY 1H(POPMAIIO Ta Bi3yallbHi
MiJKa3Ku, SIKI MOXKYTh JOTIOMOTTH MOJEN Kpalle nepeadauuTi piBeHb MOIIKOIKCHHS.
[nsxom aHaizy po3MnoALTy IO OYJI0 BCTAHOBJICHO PO3MIP TaKUX 300pakeHb 256X256
mikceniB. byaiBii, po3mip SKUX TEpPEeBUINyE€ BKa3aHUM, Oylu pO3AUICHI Ha JCKUIbKa
300pakeHb. OJIHAK, SIKIIO BKJIIOYMTH 3aHAATO Oararo HABKOJIMIIHBOI TEPUTOPIi, IIe
30UIBIITyE€ PU3UK 3aITyTaTH MOJIETh Yepe3 NoAaBaHHs 0 Hel ¢parMeHTiB 300pakeHHS,
Kl MICTATh KiuIbKa OyJiBeNb PI3HOTO PIBHS MOIIKOJDKEHHS, a TaKoX 1H(pOpMalliio,
HEBIJIMOBIJIHY KOHTEKCTY 3aBAaHHS, TaKy SIK 3€JICHI HACa/KEHHS, MIIIOX0 1, aBTOMOO1I
tomo. ToMy ayis BHIy4eHHS 00 €KTIB, SIKI HE MAIOTh BIJIHOIIEHHS JO OI[IHKH 30UTKY,
OyJI0 BUPIIIEHO IOAATH A0 TPUKAHAIBHOTO 300pa)K€HHSI YeTBEPTUH — allb(a-mMacky, Ae
IEHTpaJIbHIN Oy/iBIl BiAmoBimae 3HadeHHs 256, a ¢ony - 40. B pesynbpraTi s
OHOBJICHUX pIBHIB 3pyiHyBanHsa 1, 2, 3 orpumanu 6361, 9100, 9996 300pakeHb

BiAMoOBiAHO. L1 7aH1 BUKOPUCTOBYIOTHCS /111 HABYAHHS MOJIEIII.
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Mopnens peanizoBano 3a pgomomoroto 0i0miorexkn PyTorch. Ile apxitextypa
3ropTkoBoi HepoHHOi Mepexi (CNN [2]), cTBopena ananoriyHo 1o mepexi VGG
(Visual Geometry Group) [3], m0 CKIQma€eThCs 3 ABOX OCHOBHUX YAaCTHH: BHJILJICHHS
o3nak (feature extraction) 1 kmacudikatopa (Puc. 1.). YacTtuHa BUIIJICHHS O3HaK
BI/IMOBIZA€ 3a BUBYCHHS IPEJCTABICHHS BXIJHOTO 300pakeHHs, sIKe (DIKCYE BaXKJIMBI
o3Haku s kinacudikaii. BoHa ckimamgaerbes 3 kKinbkox 3ropTkoBux (Convolution) miapis
13 aktuBaiiero ReLU, ski BUBYAIOTh MPOCTOPOBI OCOOIMBOCTI 300pa)K€HHS, 3a SIKUMHU
CIAyIOTh Iapd MakKcuMalbHOro 00’e¢aHanHs (Max-pooling), ski 3MEHIIYIOTh
JTUCKpeTH3arlito o3HakoBuX Kaprt (feature maps), o0 3MEHITUTH 1X TPOCTOPOBUI PO3MIp.
Batch-nHopmasizaliisi TakoX 3aCTOCOBYETBhCS 1O BHXIJHHUX JaHUX JCIKUX 3TOPTKOBUX
HIapiB AJ1s1 MOKPAIIeHHs CTaOUTbHOCTI HAaBYaHHS Ta MPOAYKTUBHOCTI.

Yactuna knacudikali ckiiagaeTbes 3 noBHICTIO 3’enHanux (fully-connected) mapis,
SK1 B1IOOpa)KarOTh BUBYEHI O3HAKM y HMOBIPHOCTI Kjiacy. Buxii 4acTMHH BHIIyYEHHS
O3HAaK 3pIBHIOETHCS Ta MPOXOAUTH Yepe3 JBa IMOBHICTIO 3 €HAHI MIApU 3 AKTUBAILIEIO
ReLU Ta batch-nopmanizamieto. KiHneBuil BUXiTHUNA pIBEHb Ma€ 3 BY3JIH 1 OOYHUCIIOE

WMOBIPHOCTI KJIAaciB 3a JOMOMOT0r0 (YHKIIT akTHBAaIlli softmax.

4°256*256 16250250

e ;
Convolution + RelLu Linear
16*125*125

32°121*121 [ \ - 3
- i Max Pooling
' N

32'6060 645656 o ReLu
642828 1282424 Batch Normalisation

128*12*12

| P Feature Extraction | Classification |

Puc. 1. Apxitektypa Mozeni

[lin yac HaBYaHHS MOJEJ 3aCTOCOBYBAJlaCh METOJOJIOTISI PO3IMIMPEHHS JaHUX —
3aCTOCYBaHHS BHUNAQJKOBUX TIEPETBOPEHb [0 BXIIHUX JaHUX, M0 € TMOIUPEHUM
MIJIX0/I0M, 3aBJSKH SIKOMY MOJIEJNIb Kpallle y3arajbHIO€ HOBI JAaHl. MeTou po31IupeHHs,
K1 3aCTOCOBYIOTBhCSl JIO0 JaHOTO HAaOOpy AaHUX, CKJIAIalOThCA 3 TOPU3OHTAIBHUX 1
BEPTUKAIILHUX 00epTaHb, aQiHHUX MEPETBOPEHB Ta 3MiH ICKPABOCTI Ta KOHTPACTY .

Mo/ieib HaBUYaIach i3 BAKOPUCTAHHSAM CTOXAaCTHYHOTO IPaJi€HTHOrO ciycKy [4] ms
onTuMi3aiii 3 moyaTkoBOr MmBHAKICTIO HaB4yaHHS (1) 0.001. Jlns tectyBanHs Oyiio
oOpano Mojenb, HaTpeHoBaHy Ha 91 emoci. [[ns OmiHKK MiIXO0My BHUKOPHCTOBYBAJIWCH
JaH1 13 5 HAceNeHUX IMYHKTIB 13 OlIbII-MEHII 30aJIaHCOBAaHOI0 KiacudiKallito, mo Oyau
BUJTYUYCHI 13 TPEHYBAIBHUX JaHUX. Pe3ynbraTu nepeadaveHb, OTprUMaHi Ha IIUX TECTOBUX
JAHUX, TEMOHCTPYIOTh METPUKH 13 TaOMuIl 2, a Takok Martpull KoHPy3ii (Puc. 2.) nis

BIJIMOBITHHUX MICIIEBOCTEH.

39



AMICon-2023

Tabs. 2. Pe3ynpTyr04i METpuKU

Contusion matrix (fasivochka fasivochka polygon)

Accuracy 0.982059 |
Precision 0.981083 ‘|
Recall 0.982059 '
F1 0.981381 "

Puc. 2. Martpuri xoudys3ii

3anponoHOBaHUI arOPUTM MAIIMHHOTO HABYAHHS JIEMOHCTPYE XOPOII PE3yIbTaTH
OTpUMaHMX TiepeadadeHb PiBHIB 3pyHHOBAHOCTI Oy/IiBeNb Ta MOXE OYTH 3aCTOCOBAaHHUM
JUTSI IPAKTUYHOTO aHAII3y pyHHYBaHb.

Ha nanuit MOMEHT 11l CTBOpPEHHSI TTOBHOIIIHHOTO KiacudikaTtopa icHye mpobiema
JeTeKIli OyIMHKIB, TOMY JIJIsl 3aCTOCYBaHHS MIAXOAY Mepea0adyeHHs piBHIB 3pyHHYBaHHA
HOBUX TEPUTOPIA BUKOPHUCTOBYIOTHCS JlaHI KOHTYpIB OYJlIBENlb, IO € Y BLIBHOMY
JocTyI, a came HagaHi Bing Maps[5], a Takoxx KoopauHATH OyJIBEeJIb OTpUMAaHi Bij
nocrayaiabHUKiB. L1 maHi 30epiraroThes 3a A0MOMOTOI0 PO3IIKMPIOBaYa MPOCTOPOBOI Oa3u
JaHUX JJi1 00’ eKTHO-pessmiiHoi 6a3m ganux PostgreSQL - PostGIS, skwmit momae

HNIATPUMKY reorpadiuHux o0’ €KTIB.

Cnucok Jiteparypu
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2. Keiron O’Shea, Ryan Nash (2015). An Introduction to Convolutional Neural

Networks.

3. Karen Simonyan, Andrew Zisserman (2015). VERY DEEP CONVOLUTIONAL
NETWORKS FOR LARGE-SCALE IMAGE RECOGNITION.

4. Jing Yang, Guanci Yang (2018). Modified Convolutional Neural Network Based
on Dropout and the Stochastic Gradient Descent Optimizer.

5. GlobalMLBuildingFootprints.(n.d)
https://github.com/microsoft/GlobalML BuildingFootprints
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JIBOKPOKOBUM METO/ 1JIs1 HECTAIIIOHAPHUX 3AJIAY Y
TOPOIJAJIBHUX OBJIACTAX

Kamepuna Tumouwiyx
JIvsiscokuti HayionanbHuu yHieepcumem imeni leana @panka,

Daxynemem npuKIAOHOi Mamemamuxky ma iHpopmamuxu

KATERYNA.TYMOSHCHUK@Inu.edu.ua

ITocTanoBka 3agaui

VY po6ori [1] nnst yricenbHOTO PO3B’sA3yBaHHs KpaiioBoi 3aaadi [ipixie Ay piBHIHHS
['enbMrosbIia y BUMIAIKy 3aMKHEHUX TOPOiNabHUAX TIOBEPXOHB 3aITPOIIOHOBAHO
e(eKTUBHUHN aITOPUTM Ha OCHOBI METOJIy IHTETpaIbHUX PIBHSHB. Y 111 poOOTI MU
MOIIMPHUMO 1IeH MiAX1]1 Ha BUMAJ0K HECTallIOHAPHOI 3a/1a4l y TOPOiJadIbHUX 00J1acTsIX,
00OMEKEHHX JBOMA MOBEPXHSIMHU.

Maemo obmexeHy TopoiganbHy 00sacte D C R3, yTBopeHy 00epTaHHSAM JBOX IJIOCKUX
kubnenoionux ¢iryp I'y, I', HaBkoo oci. [TozHaunMo 11 BHYTpIlHIO TpaHUIlio X, € C2
Ta 30BHIIIHIO rpaHulio X2 € C2. [loTpiOHO 3HaWTH PO3B’A30K MOYATKOBO-KPaloBO1

3a/1a4i [ XBUJILOBOT'O PIBHSIHHS TEIUIOMPOBIIHOCTI

azaz_u+ba—u=Au B D X (0; ), (1.1)
dt?2 ot
nea+b#0,a=0,b =0, axkuii 3aJ0BOJIbHSIE TTIOYATKOBY YMOBY
du
u(x, 0) =aa(x,0) =0, x €D (1.2)
Ta KpalioBl YMOBH
u=F; Ha X; X [0, ), i=1,2, (1.3)
Jie JUTS 3aJTaHUX JOCTaTHBO TIIakuX QyHKIiM F1, F2 BUKOHYIOTBCS YMOBH Y3TO/KEHOCTI:
F'(x,O) =aﬁ(x,0) =0 HaX, i=1,2. (1.4)
i At i

YacTKOBA AUCKpeTH3AlliA 32 YaCOM

Jlns 3MeHIIIeHHsT BUMIPHOCTI BXIJIHOI 3aJ1adl BUKOPHCTAEMO IepeTBopeHHs Jlareppa 3a
yacoMm, SK TIoKa3aHo y po0oTi [2]. 3anumemo po3suHenHs Dyp’e-Jlareppa mist QyHKiii

u(x, t):
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(o)

u(x,t) = kD un (x)La(kt), k>0, (2.1)

n=0
meu (x) = “ e, (kulx, t)dt, n=0,1,2,...— xoedimientun Dyp’e-Jlareppa.
n 0 n
PosBunenns (2.1) € po3s’si3kom 3amaui (1.1)—(1.4) Toxi i e Toi, Kom KoeillieHTH

®dyp’e-Jlareppa € po3B’s3kamMu MOCITIJOBHOCTI KpalOBHX 3a/1a4

n

Aun == Z ﬁn—m Um BD,n = 0, 1, 2,..., (2.2)

m=0

ne B, = a?k?(n + 1) + bk, 3 KpallOBUMH YMOBaMH

u, = fim HAY, n=012., i=12 (2.3)

e f1in fon — Koedimientu Oyp’e-Jlareppa dynkuiii Fita F,, BianosigHo.

Meton iHTerpajibHUX PiBHSHb

PosrnsiHemo mepiiry 3 MOCIiIOBHOCTI KpaiioBux 3a1a4 (2.2)—(2.3):

Auy—yuy=0 BD, (3.1)
U = fio Hal, i=1,2 (3.2)

Jiist po3B’si3ky piBHSHHA (3.1)—(3.2) Mae Miclie Take iHTErpajabHE IMOAaHHS Yepes

MOTEHL1JIA MPOCTOTO LIAPY:

1 1
ug(x) === [ P Y)dsy) + 5 [ (P, y)ds(y), (3.3)
21 )]

ne U1, U2 — HEB1IOMI TYCTUHU 1 @ — yHIaMEHTAIBbHUHN PO3B’ 30K, IKUH Ma€ BUTIISI

d(x,y) =

e Vlx=yl | ) . .
BiamoBiiHO 40 BIacTUBOCTEN MOTEHIIAIIB IJIS1 3HAXOKCHHS

|x—y|

T'YCTUH 3 KpallOBUX YMOB Ha X; OTPUMYEMO CUCTEMY 1HTETpaIbHUX PIBHSHb:

1
?[i J OO ASO) +— [ (O N)dsG) = fro(0),x € 3y

] D)
L [y @G ydst) + L fu 0P y)ds(y) = f (1), x €
{Zn 1 2T 2 20 2.
21 22

Hexait moBepxHi X; yTBopeHi oO0epTaHHSIM 3aMKHEHUX KpuBuX [';. BBenmemo
HWTIHAPUYIHY CHCTEMY KOOPIMHAT i BBaxkatumeMmo, 1o ['i = {xi(t) =

(r(t),z(t)),t € [0,2m]}. OTpriMaeMO HACTYITHY TAPAMETPU30BAHY CUCTEMY:
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2T
1
/&i [ P, (DL, 7)dT + 7 [ Y,(DL(t, 1)dT = g1(b),t € [0,27]
é e s
7] J 91L& DT + 5 [ Pa(DL(E )T = ga(0), € € [0,27],
O

ne Yi(1) = u(x(@IV (' (D)2 + (Z(1))?2, gi(t) = fuo(x (D)), i =
L(t,7) = r(1)Px(t), x(1)).

DyHIaMEeHTAJbHUI PO3B’A30K B HWJIIHAPUYHIA CMCTeMI KOOPANHAT

BBGI[CMO ITIO3HAYCHHA:

R(t,7,9) = ([r@®O + [r(@]* = 2r(O)r(Dcose + [2(1) — z(D) ]2
Toni dpynaameHTanbHUM PO3B’ 30K MA€ TAKUIA BUTIISL:
2m

e~ YR(tT,0)

Bx(t),x(M) =] ———=dgp
. R(t, T, )

Posnucasmu B psig Teitnopa niginTerpaibHy (PyHKIII0 OTPUMYEMO:

Aqqx(t), X(T)) = Z amlm(t, T) ’

m=0
rea _on o (67 = [R(E T @) idg,
m m! m 0

Jist pyHKin 1, cipaBeUIMB1 HACTYITHI PEKYPEHTHI CITiBBIIHOLICHHS:
Imi2 = Pl — QU m (4.1)
(m+3)Jmy2 = (Mm+ 1) [p]m - qlm] (4.2)

st qoBineHuXx m € N U {0}. Tyt J,,, (t, T) = LZH cos@[R(t, T, )™ de, p(t,T) =
PO + [r(D]* + [z(1) = z(D]? q(t, 1) = 2r(Or(D).
Po3srisgHeMo BUNaaKyu NapHUX Ta HEMApHUX 1HAEKCIB M. [Ipu HemapHUX 3HAYEHHSIX M
GyHKILIT 00UHUCITIOIOTHCSA 32 peKypeHTHUMU dopmynamu (4.1)—(4.2) 3 mo4aTkoOBUMU
3HauYeHHsIMHU [; = 2w Ta J1 = 0.
PosrnsHeMo BUMa 0K mapHUX M.
Hexait K(k) = [*"(1 — k2sin20)-1/2d®, E(k) = [*"(1 — k2sin0)1/2d0 —

0 0 e

MOBHI EJINTUYHI IHTErpaJid MEePIIOTo Ta APYroro poay BiANOBIIHO, k =
p+q

Toni Ay napHUX 3Ha4€Hb M BUKOHYIOTHCS CITIBBIAHOLIECHHS:

= I E() + I K(k),
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Jm = W EK) + JEK (),

ne mist [E | [K | JE JK cipaBenmuBi pekypeHTHI ¢popmynn (4.1)—(4.2) 3 noyaTkoBUMH
m m m m

4
3Ha4yeHHsaMmu [F = 0, [K = JE = —4/ptq JK = 4p

0 0 vpFg 7O 0 avpEg

BuxopucTtaemo /y1si TOBHUX €NINTUYHUX 1HTETPaliB HACTYITHI MPEACTABICHHS:

K(k) = Kimin OO + K,(), E(k) = E;min() + Ey (1),
n n

nen =1-—k% K;(n), E:(m), i =1, 2 — dyHkIii, 1110 MOAAIOTHCSA Y BUTIIAII
cTeneHeBux psiB [3].
Ocrarouno a1 QyHIAMEHTAIBHOIO PO3B’SI3Ky OTPUMYEMO HACTYIIHY (hOPMYILY:
®x(0),x@0)= 1 (xO,x@)n (L) +x (0, x@),  (43)
1

n(t, 7) 2
ne yi(x(t), x(1)) = 2‘; 0 “2m1§m(t' 7) Ex(m) + Zj; 0 azml’;m(t, 7) Ki(m) +

Ok2 Xm=0 A2m+1 I2m+1(t, ), k=1,2.

TyT x) — HenepepBHi GyHKIII, &; — cumBoI KpoHekepa.

Metoa kBaaparyp

Slapa iHTerpaabHUX PIBHSAHB 3 ypaxyBaHHIM BUTJISLY (BYHIaMEHTAIBHOTO PO3B’SI3KY
(4.3) B 3aranpHOMY Tomamo y Burmsiai Ly (t, T) = r () ®x; (t), x;(7)),
ne l,i = 1,2 no3HavaroTh KPUBY, Ha SKil 3HAXOAAThCS TOUKH X;(t) Ta x;(T)

. . . . 1
BiJIMTOBITHO. 3ayBaKUMO, 10 TIpH { = | , T = t MaeMo 0coOMBICTh Y In ( ) Ta
n(to)

obuncmoemo Ly (t, T) 3a popmyioro:

4 t—r
L (t,7) = L' (t,7)In(_sin?( ) + L2 (t, 1),
u 1

e 2 i

ne L} = —r (1) x1(xu(t), x:(1)),
12 (4) = r(0x (x 0, x @) (D) +rOx_(x (0% @)
n

OTxe, OTpUMYEMO HACTYIIHY CUCTEMY 1HTErpajJbHUX PIBHSHb!
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(12n

T Tv o eondsned )+ e+
| 27T 1 11 e 2 11

0
21

1
¥ ?r_f Y2(D)L12 (8, 1)dT = g1(0),t € [0,27]

0
21

nf Pa2(7) [LL(t,7) 1n< sin? (=

T)) + L3,(t, 7)] dt +

|2

1 21
| o [ Pr@La(t,dr = ga(®), ¢ € [0,2m]
{ "o

YucenpHe po3B’sI3yBaHHS 11i€1 CHCTEMHU TIPOBEAEMO METOJIOM KBaJIpaTyp Ha pO30OUTTI
T,

t; = ]_,] =0, ...,2n — 1 3a bopmynamu:
n

21 2n—1
1

1
Eof g(@dr =~ Z g(t)),
=0

1 2w 4 t; — 2n—1
“Jg@mCsine (" yyde~ 3 g(tIR
2 e 2 joo=il
1 -1y .
R=—-_1,5 yn-1 lcosm + ) — B3sTi 3 poboTH [4].

J 2n \2 m=1,, J n

[Ticns 3acTocyBaHHA KBaApaTypHUX (POPMYII 1 KOJOKAIli OTPUMAaHHUX

anpOKCUMAIIMHUX PIBHIHB Y KBaJIpaTypHUX BYy3J1aX OTPUMYEMO TaKy CUCTEMY

JIHIMHKMX PIBHAHB BIAHOCHO Y/(t;),1 =1, 2:

/271 1 1 1 2n—-1

b ’P(t)[Ll (¢, t)? +_ L2+ _ S ) (t,t)=g(t)
2 j 12 i j 1 i

=il op 11 0 2n
Jj=0 j=0
1 2n—1 2n—1 1
2m 3 W () L2 (b, 6) + X (&) [LT 6t t)Rii—1 +  zm L2 (6 t)] = g2(t),
j=0 j=0

nei=0,...,2n — 1. HabmmwkeHuit po3s’ 30k 3aaa4i (3.1) oTpuMyemMO BIMIOBIIHO 10

(3.3) 3a popmyoto:

2n—1 2n—1
u (x)~ __ ' l/J (t)r(t)cléx x (t,))+ > 1/) (t)r(t)déx X (t )
0 2 2n

YucenbHI eKCIEPUMEHTH MIATBEPIKYIOTh €(DEKTUBHICTH 3aIPOTIOHOBAHOTO

ANrOpUTMY.

45



AMICon-2023

Cnucoxk jgireparypu

1. Xanko P. [Ipo uncensHe po3B’a3yBaHHs IPaHUYHOI 3a1a4i Jipixie ams piBHIHHS

['enbMrosbiia y BUNAKy 3aMKHEHHUX 1 PO3IMKHYTHX TOPOiJalbHUX MOBEPXOHB//

BicHuk npBiBChKOT0 yHIBepcuTeTy — Cepist mpuKIIagHa MaTeMaTuKa Ta iIHpopMaTHKa.

2000. Bum. C. 1-4.

2. Chapko R. On the numerical solution of the Dirichlet initial boundary-value problem
for the heat equation in the case of a torus // Journal of Engineering Mathematics 43:
75-87,2002, C. 76-11.

3. Abpamorurt M., Cturan Y. CripaBo9HUK TI0 criennaibHBIM GyHKIAAM. M.: Hayka,
1979, C. 404.

4. Kress R. Linear Integral Equations. Springer. Berlin, 1999, C. 231.

46



AMICon-2023

3ACTOCYBAHHSA METOAY KOJOKALII 1JI51 PO3B’S13YBAHHS
IHTET'PAJIBHOI'O PIBHSAHHS B JIBOBUMIPHIN OBJIACTI

Oxkcana llananuys
JIvsiscoruti HayionanbHuu yHieepcumem imeni leana @panka
Daxynemem npuKIAOHOi Mamemamuxky ma iHpopmamuxu
oksana.palianytsia@Inu.edu.ua
1. Beryn

Hexaii D c R? - ogHO3B's13Ha 0071acTh, 0OMexeHa KpuBow ['. HeoOxigHo 3HaAWTH

GyHKI0 u: D - R, 10 33J0BOJIbHSE PIBHIHHS:

-Aut [ kG yu@y)dy=f(x), x€D oy
1 KkpaiioBy ymoBy JlipixJe:
ulx) = gkx), =x€T, 2

nek:DxD->R,f:D->R,1g:T - R-—Bigomi QyHKIIIi.
2. 3acTocyBaHHS MeTOy NOTEHUIAJIB.

Hexaii '€ C2, f € C(D) 1 k € C(D x D). lllykaeMo KJIJaCHUYHUM PO3B’SI30K u € C2(D) N

C(D 3amaui (1)-(2) meromom imTerpampHEX piBHsHB. Hexaii G(x,y) = 'In
2n |x—yl

XY €

R2 x # y- pyHOaMeHTaIbHUN pO3B’SI30K piBHSAHHSA Jlamiaca, v - 30BHIIIHSA HOpMalb 0

mexi obnacTi I'. IIpencraBumo po3B’si30k 3aaadi (1)-(2) y BUIIIsai cyMu NOTEHIIATIB

u@@) = [ oG Y dy+ [ &) __(x,y)ds(¥),x € D (3)
D r ()

3 HEeBLAOMUMU (QYHKI[ISIMU TYCTUHU ¢ € C(D) 1 i € C(T), 10 € po3B’SI3KaMU CUCTEMHU

IHTErpajibHUX PIBHSIHB

9C)+ [, eWGEM dy+ [1 $0) 55 (6 y)ds() = f@),x €D, @

Y(x) — 2 fD P(G(x,y)dy — 2 fr () af’%(x,y)ds(y) =-2g(x),x€T
v(y

{

Glx,y) = L k(x,z)G(z,vy) dz.

()
Teopema 1. Ina T € C2, f € C(D) 1 k € C(D X D) cuctema (4) Mae €UHHI PO3B’ 30K
@ €C(D) 1y e c(D).
JloBeneHHs1 TpyHTyeTbcsi Ha Teopii Pica nns omeparopHoro piBHsiHHA |l pomy 3

KOMITAKTHUM OMIEPaTOpoMm [2].

3. UnceabHe po3B’si3yBaHHS cucTeMu (4)

3.1. ITapameTpu3aunis
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Hexait Mexa obmacti D € 3ipkoBoro, TO6TOT = {y(t) = r(t)(cost,sint),t €
[0,2m)},7 > 0. Buznaurmo D* = D \ {(0,0)}. Toxi icHye B3a€MOOJHO3HAYHE BigOOpaKEHHS
p() =pMm,t) =1y : T =(0,1) x[0,2m) > D~.

[Tapamerpusyemo cuctemy (4) 3aMiHIOIOYHM 3MIHHI Y MOABIHHUX IHTErpajiax y =
p(w)=p( 1) 1 B KpUBOMIHIHHUX IiHTEerpaiax y=y(r) Ta x= y(t). OTpumaemo

CKBIBaJICHTHY CUCTEMY

o)+ _[g@H  (0)do+ f YOH (0)dr=f@vel,
T 11
{ Y(t) + izf (p((u)H (t w)dw + f w(r)H (t T)dt = g(t),t € [0, 2m) ©)
2r 1 2r 0

ne o) = W), Y = Yp®), fW) = f(p@), g©) = 29y (®).
Snpa B (6) MarOTh BUTJIS:
Hu(v, w) = 21)(w) [, Kv, 9)&q, w) J(q)dg,

H1(v,7) = 2rly'(D)] [, Kv, 9Q(q, ) J(g)dg,
H21(t, w) = —4nG(y(1), w)](w),

2y D = @), €,
H2(t, 1) = )

c Vol v(y(0), t=t

Tyt mu BBeNM no3HaueHHS J(w) = J(§,7) = &r2(n),

v, ) = kp@),p(@),Ta, @) = 6@ p(w)), @) =p(0), Qa,7) = TLTITD,

3.2. MeToa koJiokanii

BBezieMo CiTKy 0 <ni <7, <~ <ny <11} =" j=0,2¥, basuci noninomu Jlarparoka
w,(m,n € (0,1), i = M TPUTOHOMETPUYHI Oa3UCHI MOJIHOMH Jlarpanxka L;(t),t € [0,2n),
j=0,2N-. Habmm3umo HeBimomi ¢(yHKIii TycTMHM 3 cucTeMu piBHAHB (6)
HACTYITHUM YHHOM

o) = 01,0 ~ pun () = Xy T oun@y)¥5) (8)

Y () = Yw(t) = 235 () Li() 9)
3vij = (i, ) 1 Py) = Wiy, t) = Pi(n)Li(1).

[Ticns migcranoBku HaOmmwxkeHb (8) 1 (9) B (6) Ta komokamii y Toukax (Mg, ty)

OTPUMAEMO CUCTEMY JIIHIHHUX PIBHIHb:
Prm + 2 ZN 1 11 aN-1 212 = fim
A km;ij Z ¢]A

i=1 §0U km;j
10
t 1,bm+24i= 2N~ 1%]A211”] Zzzv 1¢]A22 =gm (10
k= 1yn =&

3  HEBIIOMUMH 3HAQYCHHAMH  @km = QuMN(Ukm), Ym = Yn(tm) 1 B3aJaHAMH  frm =

f(M, tm), gm = g(tm) 1 MATPUIHUMU KoeDillieHTaMU

Al = (A1) (vkm), A2 = (AL2L)(Vikm),
k,m;i,j km;j

A2l = (A21Wy)(tm), A22 = (A22Lj)(tm).
m;i,j m;j
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3.3. KBaaparypni ¢popmyan
[TocnabuMo 0coOMBICTE Y (PYHKIIT Hy(v, w) ATUTUBHUM crioco0oM. OTpuMaeMo

rIaaki QyHKIIT Hyy, Lk = 1,2 1 3aCTOCYEMO KBaIpaTypu

L g~ isw yan- e, 11
;Tfn g B YD Yo tw, 90, 0) (11)
1 [Mgde~ LR g(e), (12)
2 0 N j=0 j ' '

I 11 ™, ¢ iw — By3IM 1 Baru KBagpatypu ['ayca-Jle:xxannpa Ha

e | , ’
M ,N EN'ni=E+EO—i'tj=F P

BIZIPI3KY [-1,1].
3.4. O0uuceHHsI HA0JIMKEHOT 0 PO3B’A3KY 3a1aui

3anuireMo napaMeTpU30BaHUK BUTJIST TIOAaHHS po3B’ 3Ky (3)

2m

u® =5 [ p@y@n w5 [ @ 0w DLy
I1 0

__r 4
(@) — v()]

TOI[i YUCCJIbHC 3HAYCHH:A pOBB’fIBKy U MOXKHA OOYHCIIUTH HAaCTYIIHUM YUHOM
unn(v) = B 32N @iiBt (u) + X2V hiB2(v),
i=1"j=0 ij Jj=0 j

3B =_" [ ¥ (@/@h___"  do,
Yy 2 Y [(p()—y(w)|
B2(v) = | fan (t) Q(v, 7)dx.
J 2t 0 J

Jlorapugmiuna ocoOnuBicTh B Bl (v) MOCIA0IIOCTECA aHAIOTIYHO AK Y QyHKIII H11.

Hanani 3acrocoByemo kBagparypri Gopmynu (11) ta (12) mis oOUnciaCHHS 1HTETpaliB

Bl Ta B2,
9] J

4. YucenbHi eKClIePUMEHTH

Hexaii 0651acTh D — OMUHUYHMI KPYT 3 LIeHTpoM B Toulli {(0,0)}, k(x,y) = |x — y|%

fG) =—"'Blxl?+1) — 4, x,y € D. Tounmii po3s’s3ok 3amadi (1)-(2) u (x) = |x[2—1,x €
6 ex

D. Tabmuus 1 MICTUTE CEPENHBO-KBAAPATHYHI IIOXUOKH emn = [lumn — Uex|| 12(py.

Tabm. 1.
4 8 16
N
4 0,215179661 | 0,049987502 | 0,046875404
8 0,212328726 | 0,032318154 | 0,014598799
16 0,205069577 | 0,025647925 | 0,008224231
BucnoBku

OTxe, 3aCTOCYBaHHS METOIY KOJIOKaIlii € eEeKTUBHUM JJIS PO3B’SI3aHHS 3aJaHOI
KpaioBoi 3amavi JJIsl 1HTErpo-Iu(epeHIiaTbHOTO PIBHSHHS 3 YaCTUHHUMHU TOX1THUMH.

OTpumMaHni pe3yJbTaTi TIATBEPAXKYIOTh TEOPETUYHI OOTPYHTYBaHHS.

Cnucoxk jgireparypu
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1. Chapko R. On the boundary-domain integrals approach for a partial integro-
differential equation / Chapko R., Palianytsia O. // Visnyk of the Lviv University.
Series Appl. Math. and Informatics — 2022. — Ne22. — P. 38-44.

50



AMICon-2023

HACKPI3HE HIM®PPYBAHHA B ITPOBITHUX KJIAY -
MECEHIA/KEPAX

Anacmacisa [lonosuu

JIvsiscokuti HayionanvHuu yHigepcumem imeni lsana @panka
Dakynomem NPUKIAOHOI Mamemamuxku ma ingopmamuxu

Anastasiia.Popovych@Inu.edu.ua

Opniero 31 cBITOBUX MpoOJeM, MOB’sI3aHUX 13 MU(PPYBAHHSAM SK TEXHOJIOTIEI0, €
npobiema 6anaHcy Mik MOTpeOOr0 B KOH(IICHIIIMHOCTI Ta TOTPEOOI0 TPABOOXOPOHHUX
OpraHiB 1 HallOHAIbHOI O€3MeKW MJOCTyNaTUCh A0 Ti€i 4YM 1HIIOI 1H(dOpMaIii.
He3Baxkatroun Ha Te€, MO TEXHONOTS MHUQPYBAHHA MOXE JONOMOITH 3aXUCTUTU
KOH(D1ICHIIMHICTh JIIOJIEH K TaKy, ii TaKOX MOXYTb BHUKOPHCTOBYBATHU 3JIOUYMHII Ta
TEPOPUCTU JJIsl CIUIKYBAaHHS Ta IUIAHYBaHHsS HE3aKOHHUX MAiM, HE Oyay4d NOMIYEHUMHU
IPaBOOXOPOHHUMH opranamu. e npusBeno 10 AUCKycii Mpo Te, UM MOBUHHI YpSIu MaTH
MOXJIMBICTh JOCTYIly J0 3amM(poBaHUX AaHUX, 100 3amobirati Ta pPO3CHiAyBaTH
3JI0YMHM, UM MU(PYBAHHS MA€ MOBHICTIO 3aXUIIATH, 1100 CTBOPUTH O€3MEeUHI YMOBHU IS
mofed 1 3a0e3neyuTd KOHQIAEHUIWHICTh iX JaHuX. [IuTaHHsS 0COOJMBO akTyaldbHE B
KOHTEKCT1 BCE OUIBIIOr0 BUKOPUCTAaHHSA LU(POBOro 3B’s3Ky Ta IHTepHETYy, € CTPIMKO
3poctae o0csr 3ammdppoBaHUX JaHUX. BiH TakoX IMiJIKPECITIOe HEOOXITHICTh CIIBIIpaIll
MDK TEXHOJOTIYHUMM KOMIIaHISIMU, ypsiaMd Ta TPOMAJISIHCBKUM CYCHIJILCTBOM JIJIsI
PO3pOOKH TMOJITUKA Ta HOPMATUBHUX aKTIB, SIKi 30QJIaHCYIOTh KOHKYPYIOUl 1HTEpEeCH
KOH(D1IeHLIIHOCTI, O€3MEeKN Ta MPABOOXOPOHHUX OpPraHiB.

Sx mpuknaa y cBoiil poOOTi, s BUKOpHCTana HackpizHe wmudpyBaHHs. Lle Tun
mudpyBaHHs, KOJIU JIaHl MHUPPYIOTHCS HAa MPUCTPOI BIANPABHUKA Ta PO3MUPPOBYIOTHCS
Ha MPUCTPOi oJepxkyBaya. lle o3Hauae, 1m0 JaHI 3axXUINEHI BiJl MEPEXOIJICHHS Ta
3UUTYBaHHS OyJb-KUM, BKJIOYAIOUM TMOCTAYaJIbHUKA IIOCIYT, OCKIUJIbKA  KITHOY1
mdpyBaHHs Ta aemudpyBaHHs 30€piraloThes JIMINE Y BiAMpPaBHUKA Ta ojJepxKyBayda. Lle
BIJIDI3HSIETbCS B IHIMX TUMOIB mUA(pyBaHHd, A€ JAaHl MWHUQPYIOThCS Ta
po3mHUPOBYIOTHCS CEpBEpaMU, SIKI 3HAXOASATHCA MIXK BIAMPABHUKOM 1 OJEp>KyBadyeM.
[Tpyunna, 3 sKoi HaM TOTPiIOHE HACKpi3HEe WHU(PYBaHHS, MOJSATa€ B TOMY, IO BOHO
3a0e3nevuye KOH(IACHIIAHICT, 1 Oe€3MeKy HalMx KOMyHiKamiil. be3 Hackpi3HOro
mudpyBaHHs Oyap-XTO, XTO Ma€ JOCTYIl JO cepBepa, 1e 30epiraroThCs Harii
NOBIJJOMJICHHSI, MOTEHLIMHO MOXE MpOYUTaTH iX, OylIb TO ypsija, Xakep 4Yd cam
nocTadanbHUK mochyr. Hackpizne mmumdpyBanHs, 3 iHIIOro OOKy, TapaHTye, IO JIUIIE

BiI[l'[paBHI/IK 1 OACPKYBAY MOXYThb IIPOUUTATH HOBi,Z[OMJ'ICHHH, 10 3HAYHO YCKIIAJIHIOE
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nocTyt A0 iHdopmartii ais 0y1b-KOro 1HIIOTO.

XMmapHi mecenmkepu, Taki sk WhatsApp, Signal i Telegram, BUKOpUCTOBYIOTH
HackpizHe mudpyBaHHs, MO0 3a0e3neunTu KOHQIASHIIHHICT 1 0€3MeKy CHITKyBaHHS
kopucTtyBauiB. I[li MeceHmKkepw CTalOTh JAenaii TOMyJSPHIIMIMMH dYepe3 IPOCTOTY
BUKOPHUCTAHHS Ta 3PYYHICTb, & HACKPi3HE MU(PYBAHHS € BAKIUBOIO YaCTUHOIO TOTO, 110
pobuth ix OesmeyHuMH. OKpIM 3aXHUCTy KOH(IACHLIHHOCTI KOPHUCTYyBadiB, HACKpI3HE
mupyBaHHS TAKOX JOMOMarae 3amoOirTd 3J0My Ta BUTOKY JaHUX, IO MOXe OyTH
JIOPOTOI0 TIOMUJIKOIO 1 3aBJATH IIIKOJU OKPEMUM 0CO0aM YU IIJTUM OpTaHi3aIlisiM.

Ane nmenani yacTille KOPUCTYBadl 3a/1al0ThCSl MUTAHHSAM, YU BCE TaKM TaK JIETKO
3naMatu mudp, 3aK0yBaTH HOT0 UM 30BCIM MEPEXOMUTH JIaHI.

Jns  nmaHoro  ekcmepuMeHty s Bukopucraiga — Telegram, — xmapHuit
OaraTornaaT@opMOBHIA MECEH/KEP, IO BIIACHE HAJA€ MOXKIMBICTh BHKOPHCTAHHS TaK
3BaHUX CEKPETHUX 4YaTiB, SKI Ha MPSIMY BHKOPHUCTOBYIOTH HACKpi3HE HIMGPYBaHHS.
CekpeTHuil 4aT — 1€ YaT OJWH Ha OJWH, y SIKOMY BHKOPHUCTOBYETHCS HACKpi3HE
muppyBaHHS I 3aXHCTY MOBIAOMIIEHb, QoTtorpadiil 1 Bi€o, SKUMU BH JIUIUTECH.
CekpeTHl yaTH He 30epiraloTbCsi Ha cepBepax Telegram, AOCTynm A0 HMX JIOCTYIHUH
JUIIe Ha MPUCTPOSX BIANpPAaBHHKA Ta ojepkyBada. Ilicig BupalieHHd 4aTy BCl
MOBIJJOMJICHHS, (oTorpadii Ta BiACO TaKOXK BHUIAISIOTECA 3 000X MPHUCTPOIB. Y
CEKpEeTHOMY 4YaTl KOpPUCTYyBadl MOXYTh TMEPEBIpUTH KJIIOY MU(PpPYyBaHHS, SKHM
BUKOPUCTOBYETHCS ISl 3aXHUCTy pO3MOBHU. Telegram BHKOPHUCTOBYE alrOpuUTM OOMIHY
kitouamu  [ipdi-Xemnmmana s BCTaHOBJICHHS O€3MEYHOTO KaHaTy 3B SI3KYy MIXK
npucTposMu  KopuctyBadiB. Ile o3Hawae, 1m0 kM09 muUQpyBaHHSA, KUK
BUKOPUCTOBYETHCS JIJISI 4aTy, T€HEPYEThCS Ha MPUCTPOSX KOPHCTYBadiB 1 HIKOJIM HE
nepenaeThest Ha cepBepu Telegram.

Moero i71e€10 Oy10 TOCTYNUTHUCH Ta 3MIHUTH aliTOPUTM UG PYBaHHS HA OYIb-SKHiA
1HIIM, Ta MICS YUCIEHHUX COpo0 Ta MONIyKy iH(opmalii, s Aiifiuia 10 BUCHOBKY, IO
3MIHUTH IrOpUTM MU(PyBaHHA JUIsl CEKpeTHUX 4aTiB y Telegram mpocTo HEMOKIIUBO,
a/pke po3pOOHUKHU JAaHOTO MECEHKEPY BUKOpUCTaIu nmpoTokoa MTProto ans cexpernux
4aTiB, SIKMM € BJIACHUM IMPOTOKOJOM Mmu(ppyBaHHs, po3podsieHum Telegram. Ileit
MIPOTOKOJI BUKOPUCTOBYE KOMOIHAIIII0O CHMETPUYHOTO Ta aCHMETPUYHOTO Mmu(pyBaHHs, a
Takok oOMiH kiodyamu [idbdi-Xemnmana g 3axucty 3B’A3Ky MK KOPUCTyBayamu.
[Tporokon MTProto, sikiii BAKOPUCTOBYETHCSI B CEKPETHHX Yarax Telegram, crieriaabHO
po3pobneHuit it 3a0e3rmeueHHs] BUCOKOTO PiBHsI O€3MeKH Ta MPOTYyKTUBHOCTI CIIyKOu
OOMIHY TMOBIJOMJICHHSIMHU. Xoua JesKi KOPHUCTyBaul MOXYThb BiJJIaTh MepeBary
BUKOPUCTAHHIO IHIIUX anropuTMiB mudpyBanHs, Takux sk AES abo RSA, Telegram ne

HAJa€ MOXKJIMBOCTI 3MIHUTH alNropuT™M MpyBaHHS Uil CEKpeTHUX daTiB. Baprto
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3a3HAYMTH, L0 JESKI eKCIepTH 3 Oe3neku KpuTukyBanu Telegram 3a BUKOpHCTaHHS
BJIACHOTO TIPOTOKONYy MHU(PYBaHHS, a HE 3araJlbHOBU3HAHOTO Ta TIEPEBIPEHOTO
crannapty mudpysanns. [Ipote Telegram 3asBuB, 1m0 iXHIA MPOTOKON MM(PyBaHHS
MIEPEBIPUIIM HE3AJICKHI SKCIIEPTH 3 OE3MeKH, 1 BOHU MPOJOBXKYIOTh CTBEPKYBaTH, IO
ixHe mmdpyBaHHs 3a0e31euy€e BUCOKUH piBeHb O€3MeKHu Ta KOH(PIACHIIIMHOCTI JJIs IXHIX
KOPUCTYBaYiB.

Hwxue naBeneHuit npukiag cxemu nporokoay MTProto:

MTProto 2.0, part Il
Secret chats (end-to-end encryption)

payload
Length Payload type Random bytes Layer IN_seq_no OUT_seq_no
32-Bit 32-Bit min 128-Bit 32-Bit 32-Bit 32-Bit
Message type Serialized message object Padding
32-Bit Variable length 12-1024 bytes
Secret Chat key Note:

generated via DH, periodically Payload contains length
regenerated for PFS and sequence numbers to be

s L 3 checked by the receiving party
after decryption.

KDF

SHA-256 g Key

AES key A 4

256-Bit
AES |GE Encryption
AES IGE IV

256-Bit

key_fingerprint msg key
64-Bit 128-Bit Encrypted data

embedded into an outer layer of client-server (cloud) MTProto encryption,
then into the transport protocol (TCP, HTTP, ..)

Important: After decryption, the receiver must check that
msg_key = SHA-256(fragment of the secret chat key + decrypted data)

Sk mu Gaunmo, 37amMaTH Takuil MeTo U(pyBaHHS HE Tak Bxke M npocTto. Cxoxa
CUTYyaIlisl TAKOXK 1 3 TAKUMHU TPOBIIHUMH XMapHHUMH MeCEHkapamu, sk Viber, Skype,
IMessage Ta iHII, HaBITH HE TOMY, 11O B HUX € a00 X HEMa€ BJIACHOTO CTBOPEHOTO
METO/y, a TOMY IO NepeBakHa KUIbKICTh 3 HUX BUKOPHUCTOBYE HACKPI3HE MIH(PPYBAHHS,
3acCHOBaHe Ha mpoTokodi Signal, OKpiM IIbOrO MPAKTUYHO BCI MECCHIKEPH HE
JI03BOJISIIOTH KOPHCTYBauyaM 3MIHIOBATH aJITOPUTM IIH(PPYBAHHS TSI IPUBATHUX PO3MOB.
[Tpotokon Signal — 11e MMPOKO BU3HAHUHN 1 TIEPEBIPEHUI MPOTOKOJ MUGPYBAHHS, TKHMA
BUKOPUCTOBYBAaBCS B IHIIMX 3aXHWIICHUX IMporpamMax oOOMIHYy TOBIJOMJICHHSIMH,
Hanpukiaa Signal 1 WhatsApp. Bin BukoOpucTOBy€ KOMOIHAIIF0 CHUMETPUYHOIO Ta
acMMeTpUYHOTO mudpyBaHHs, a Takox oOMiH kimodamu Jlidi-Xemimana s 3aXxucty

3B’SI3Ky MK KOPUCTyBayaMM, III0 BIATMOBIJHO Ma€ CXOX1 PUCH 13 BHIIE HABEICHUM
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npotokosiom MTProto, npencrasienum Telegram.

OTmxe, MU JIANIIKA 10 JIOTIYHOTO BUCHOBKY, III0 XOY MM 1 HE MOXKETE 3MIHUTH
aNropuT™M MUGPYyBaHHS A CEKpeTHUX 4ariB y Telegram um Oyap-SKHX IHIIUX KAyl
MECEH/Kepax, aJKe MPOTOKOIH, sIKI BUKOPUCTOBYETHCS B HUX, CIEIIaTbHO PO3pOOICHI
J1s1 3a0€3MEeUYCeHHS] BUCOKOTO PiBHS 0e3MeKH Ta KOH(IISHIIIHOCTI pO3MOB KOPUCTYyBaul, 1
MU (aKTUYHO TIOBHICTIO 3aXHUIIEHI BiJl XaKepChKUX YW OyAb-SKHUX IHIIUX aTak, Ta
NUTaHHS 3 JIOCTYNOM IPAaBOOXOPOHHUX OPraHiB [0 HECAHKIIOHOBAHUX I1HTEPHET
3JI0YMHIB BCE 1€ 3AMIIAETHCS BIAKPUTHM.

Cnmcok Jireparypu
1. IudpyBanns: tunu 1 anroputmu. Illo 1me, dYuM BIIPIBHAIOTBCA 1 J€
BUKOPHUCTOBYIOTHCS? [ EnmexTpoHHuMiA pecypcl]. - Pexum JIOCTYILY:
https://hostpro.ua/wiki/ua/security/encryption-types-algorithms.
2. “End-to-end Encrypted Messaging Protocols” — ABropu: Kcenist €pmormna, @padecka
Myciani, ["api Xanmin.
3. Hackpizae mmdpyBannsa. CekperHi uyatu. [Enextponnuit pecypc]. — Pexxum poctymy:
https://core.telegram.org/api/end-to-end.
4. Telegram. [ EnexTpoHHMi1 pecypc]. — Pexxum JTOCTYyTY:
https://uk.wikipedia.org/wiki/Telegram.
5. About end-to-end encryption. [Exektponnmii pecypc]. — Pexum moctymy:
https://fag.whatsapp.com/820124435853543?cms_1d=820124435853543&draft=false.

54



AMICon-2023

3ACTOCYBAHHA FLUENT API ITPU CTBOPEHHI BIBJIIOTEK

lzop Mpyuxo
JIvsiscoruti HayionanbHuu yHigepcumem imeri leana Opanka
Dakynomem NPUKIAOHOI Mamemamuxku ma ingopmamuxu

thor.mruchko@Inu.edu.ua

ITocTanoBka 3agaui

CyyacHe mnporpaMmyBaHHs 0a3yeTbCsi Ha BHKOPHUCTAHHI YK€ PO3POOICHHUX
JITOPUTMIB, SIKI CHPOIIYIOTH PO3pOOKY KOHKpETHOro 3aBiaHHs. Jlo mpukiamgy, Ams
peanizamii Be6-3actocynky moBoio .NET BukopucroByiotrs 06i0mioreky ASP.NET; nns
CTBOPEHHS KOMIIJISATOpAa BHUKOPUCTOBYIOTH BOYJOBaHy peami3alilo CTeKy; s
COPTYBaHHA CHHUCKIB HAaJalOTh BU3HAY€HI METOAu 4M (yHKLiI 100 epEeKTUBHO Ta
IIBUJIKO BUKOHATH 1[I0 OTEpaIliio.

s toro, mo6 03HAHOMHUTHCH 3 MpaBUJIAMH BUKOPUCTAHHS BOYJOBAaHHX YH YXKe
CTBOPEHHX MPOTrPaMHUX AJITOPUTMIB, MOTPIOHO YWUTATH JOKYMEHTAI[l}0, JTUBUTHUCH HA
MPUKJIAAN peaizallii BiJi po3pOOHUKIB Ta BUTPATUTH JOCTATHHO Yacy MI00 3pO3yMITH, SIK
MPABHJIBHO KOPUCTYBATHUCH TEXHOJIOT1SIMH.

OmuH 13 cnoco0iB CHPOIIEHHS BXITHOTO TOpory y (yHKIioHan Oi0J10TEeKH Iie
BukopuctanHa FluentAPI. Ile minxin, xomm 610mioTeKky OyayroTh Ha ocHoBi Fluent
interface — oxHOro i3 croco0iB KOHCTPYIOBaHHS 00 €KTHO opieHToBaHOTO Application

Programming Interface[1].

FluentAPI

Fluent interface Hagae MOXIMBICTE BUKOPHUCTOBYBATH (PYHKI[IOHAT BUKOPHUCTOBYHOUH
KOHCTPYKIIIi, K1 y CBOTH KOHIIEMIIiT OJIM3bKi JI0 JIOJACHKOT MOBH [2].
e miaxia 3acTocoByeThes y Oarathox Oi0moTekax: LINQ [3], Entity Framework [4] y
MoBI porpamyBanHs C#; a Takox npu peasizaiiii narrepuy Builder [5].
PosrnssHemMo npukiiaj Takoro miaxoay Ha OCHOBI METO/IB, K1 JO3BOJISIOTH BIIKPUTH
dbaiin s YuTaHHS Ta OMPAIIOBAaHHS BX1THUX JaHUX KOPUCTYyBadYeM.
JIJist TO4aTKy BU3HAYAETHCS JAHITIOKOK 32 JIOMOMOTOIO SIKOTO MOKHA OTPUMATH
Oa)kaHWl pe3ybTaT:

1. BCTaHOBUTHU AMPEKTOPIIO 70 (ailiry (3 mepeBipKoOr0, YU TaKa TUPEKTOPIs ICHYE);

2. BCTaHOBUTH Ha3By (ailiny (3 mIepeBipKOIO, UM TaKUil (aill HassBHUH y 111

JTUPEKTOPIi);
3. BCTaHOBWTH BIANOBIIHUN TUN (ailiy;

4. BCTaHOBUTH OOpPOOHMK BXIJTHUX JAHHX;
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5. CTBOpUTH 34HUTyBad 3 (paiiiy.

Jlns peamizaniii ctBopumo kitac Reader, sxuii Oype MICTUTH METOAM Ta IMOBEPTATH
00’€KT IILOTO K KJacy IMICJIs BCTAaHOBJCHHs MOTPiOHOI iHopMalii (AupeKTopis,
PO3LIMPEHHS], Ha3Ba).

[Ticnst 11pOTO 11€# 00’ €KT MOXKHA CTBOPUTHU Ta BUKOPHUCTOBYBATH.

ar reader = new Reader()
.SetDirectory(DIRECTORY)
.SetName (FILE_NAME)
.SetExtension("txt")

.SetHandler(ReplaceSeparator) ;

reader.Read(out var result);
Console.WriteLine(result);

Puc. 1. [lpuknan HanamTyBaHHS Ta BAKOpUCTaHHS 00’ ekTy Reader.
[Ipote, KoM 3MIHUTBCS MOCTIAOBHICTh BUKJIUKIB, TO MPU BUKOHAHHI HACTYITHOTO

KOJTy BIJIOYAEThCS IMMOMUJIKA Y 1HIITasi3a11i.

ar reader = new Reader()
.SetName (FILE_NAME)
.SetDirectory(DIRECTORY)
.SetExtension("txt")

.SetHandler(ReplaceSeparator);

reader.Read(out var result);
Console.WriteLine(result);

Puc. 2. IIpuksian 3MiHK TIOCTIIOBHOCTI BUKJIMKY 00’€xTy Reader.

[le nmpuBene A0 HEMPAaBWJIHLHOTO BCTAHOBJICHHS IIISAXY, OCKUIBKM HaJIallITOBaHA
TUPEKTOPIst BUTJIAITATUME HACTYITHUM YUHOM:
.‘Hazpa®aiiny’/‘ {upexropisa’/‘Po3mmpenns’.

Jlist Toro, o6 po3poOHUKY MPO 1€ TMOBIAOMUTHU MiJl Yac peamizaiii (pyHKIIoHaTY,
BUKOPUCTOBYIOUM  010iioTeyHl 3aco0u, TOTpIOHO BKa3aTh Ha  HEMPaBUIbHY
MOCJIIJIOBHICTh BUKIIMKIB. Po3riasHeMo miaxia, y sIKOMY MpU CTBOpeH1 010110TeKH,
BukopuctoBytoun FluentAPI, Oyne 3’sBiasTuch mijnka3zka TpO JOCTYIHI METOIM Ha

NOTOYHOMY €Talll KOHCTPYIOBAHHS.

reader = Builders.ReaderBuilder
.SetDirectory(DIRECTORY)
|

Puc. 3. Iligkaska cepenoBuiiia po3poOKu Mpo HAsIBHI METOTH.
BukopucToByoUH el miaxia MOXHa KPOK 32 KPOKOM YTBOPUTH MPABUILHUHN MIISAX

710 TOTpiOHOTO (haity.

ar reader = Builders.ReaderBuilder
.SetDirectory(DIRECTORY)
.SetName (FILE_NAME)
.SetExtension("txt")
.SetHandler(ReplaceSeparator)
.Build(Q);

Console.WriteLine(reader.Read());

Puc. 4.IloBHEe BUKOpUCTAaHHS JAHIFOYKKA HAIAIUTYBAHHS.

Kpoxu peasizamii
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1. Busnauutu iHTepdeiicy uyu abCTpakTHI KJacH, $Ki OyAyTh BIANOBiIATH 3a

HaJIaIITyBaHHS MOTPIOHOTO 00’ EKTY.

s ReaderBuilder : IDirectorySetter,
IFileNameSetter,
IExtensionSetter,

IHandlerSetter,
IReaderBuilder

Puc. 5. Peanizanis intepdeiiciB kiracom ReaderBuilder.
2. Koxen inTepdelic MOBUHEH MICTUTH METOJHU, SIKI MOXXYTh OyTH BUKOPHCTaHI Ha
MOTOYHOMY KpOIll HaJaIllITYBaHHS Y BUTJISAL:
[Hactynnawuii eran] [Hazsa metony] (Ilapamerpn);
He, «Hactynuuii etam» — 1e iHTepdenc uyu abCTpakTHUM Kjlac, HACTYIHOTO eTary

HaJJalllITYBAaHH.

ace IFileNameSetter

IExtensionSetter SetName(s ) fileName);

Puc. 6. [Ipuknaa nepexoy Ha HACTYITHUH €Tal HaJlallTyBaHHS.
3. Komn yci nanmamryBaHHS 00’€KTy OyJI0 MpPOBEIEHO, MOTPIOHO CTBOPUTH CaM

00’ €KT.

iblic interface IReaderBuilder

ReaderBuilder.Reader Build();

Puc. 7. 3aBepilieHHs JaHII0KKA HAJAIITyBaHHSI.
4. Mo)XHa TaKoX JOJaTH TOUYKY BXO/JKEHHS B HaJAIUTYBaHHs, a caMe€ CTBOPEHHS
00’ €KTy-KOHCTpYKTOpa 3a iHTepdeiicoM/abCTpakTHUM KJIaCOM TIEPIIOro eTamy
HaJIAIITYBaHHA. [HKOJIM MOYaTOK CTBOPEHHS 00’ €KTY MOXHA BUHECTH CTATUYHHUM

METOJIOM CaMOro Kjiacy 00’ekTa[5].

s Builders

tic IDirectorySetter ReaderBuilder => new ReaderBuilder();

Puc. 8. IToyarok HamamryBaHHS.
Ak pe3ynbTar — pO3pOOHUK OTPUMYE MOXKIMBICTH Y MPABUIBHIA TOCIITOBHOCTI

HaJalITyBaTh Po3po0IieHy (PyHKIIIOHATBHICTb.

reader = Builders.ReaderBuilder
-SetName (FILE_NAME)

rogram.IDirectorySetter' does not contain a definition for "SetName® and no accessible extension method

me’ accepting a first argument of type ‘Program.|DirectorySetter” could be found (are you missing a using directive or
embly reference?)

-Build();

Puc. 9. Ilomuiika KOMIUIIOBaHHS Yepe3 HEMPABUIIbHY MOCIIJOBHICTh Aii.

BucHoBok

Bukopucrannas FluentApi npu crBopeHi 0i0Ji0TeKH T03BOJUTH 3MEHIINTH Yac Ha

OCBO€HHS 111€1 610710TeKH PO3pOOHUKOM; CTBOPEHHM KO Oy/e JIErKo COpUiMaTUCh, 10
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30UIbIIIyEe SIKICTh Ta MPOCTOTY MIATPUMKH TPOEKTY, y sKoMy OibmioTeka Oyne
3aCTOCOBYBAaTHCh, MPH BUKOPUCTAHHI MoaudikoBaHOTO TMiaxoay peanizamii Fluent
interface — 3 BHKOpPUCTaHHSAM TIOETAITHOTO (OOMEKEHOr0) JIAHIIOXKKA BHKIIMKIB —

3MEHIIUTHCSI MMOBIPHICTh BUHUKHEHHSI IIOMUJIKH 11T YaC BUKOHAHHSI.

Cnucok Jitepatypu

1. Fluent Interface [Wikipedia]. — Pexum JIOCTYITY:
https://uk.wikipedia.org/wiki/Fluent_interface

2.Fluent Interface [Java design patterns] — Pexum goctymy: https://java-design-
patterns.com/patterns/fluentinterface/

3. INQ in C# [Learn Microsoft] — Pexxum moctymy: https://learn.microsoft.com/en-
us/dotnet/csharp/programming-guide/concepts/ling/features-that-support-
ling#extension-methods

4.Entity Framework — Fluent Api [EFTutorial] — Pexum  mgoctymy:
https://www.entityframeworktutorial.net/efcore/configure-one-to-one-relationship-
using-fluent-api-in-ef-core.aspx

5.C++ Builder pattern with Fluent Api [RipTutorial] - Pexum moctymy:
https://riptutorial.com/cplusplus/example/30166/builder-pattern-with-fluent-api
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3ACTOCYBAHHSA METOIIB IHNTYYHOI'O IHTEJIEKTY JJIA
PO3HI3HABAHHSA JOPOXHIX 3HAKIB

Mapia Cmanoguu
JIvsiscokuti HayionanvHuu yHieepcumem imeni leana @panka
Daxynemem npuKIAOHOi Mamemamuxky ma iHpopmamuxu

Mariia.Stanovych@Inu.edu.ua
Beryn

IITyuyHuil 1HTENEKT € BIJHOCHO HOBOIO rajly33i0 1HQOpPMAaTHKH, KA 3apojuiacs B
60-x pokax wmwuHynoro cromittsa. Ilepmumu ii 3acTocyBaHHSMU OyNOo BUPILICHHS
anreOpaiyHUX 3a/4ay, JOBEJIEHHS JIOTIYHMX TeopeM Touo. Ta 3 KOXHUM pOKOM
3HaXOAWIOCS BCe OUTbIIE cdep KUTTS, siKi O MoTpedyBad MPUKIIATHOTO 3aCTOCYBAaHHS
TUX YU IHIIUX METOJIB IITYYHOTO 1HTEIEKTY.

Takoro cdeporo Takok CTajgo BOJIHHS aBTOMOOLIS, J€ pO3IMi3HABaHHS 3HAKIB €
TOJIOBHUM YMHHUKOM Yy JOTPHMMaHHI MPaBHJI JOPOXKHBOTO PYKY Ta BIATAK O€3MEKH BCIX
HOro yYacCHUKIB.

Cucremu, 1110 BUMAraKTh PO3MI3HABAHHSA JOPOKHIX 3HAKIB

Jns moyatky pO3IJISTHEMO CHUCTEMHM, KOTpl JJIsl JOCSATHEHHSI THUX UM I1HIIUX
MOCTABJICHUX 1IJIEH BUMAratoTh BAKOPUCTAHHS METO/IIB IITYYHOTO IHTEJIEKTY.

ADAS (Advanced Driver-Assistant System, Ypockonaneni Cucremu [lormomoru
Bonio) — 11e cucteMu, OCHOBHUM TPU3HAYEHHSIM SIKHX € JOTIOMOTa BOJIIE€B1 y KEPYBaHHI
aBToMoOuIeM Ta mapkyBaHHI. ADAS BUKOpPHUCTOBYe aBTOMAaTM30BaHI TEXHOJIOTII,
JATYMKH 1 KaMEpH I BUSBIICHHS MEPENIKO]] MoOIn3y a0 MOMHIIOK BOJIiS, 110 JO3BOJISIE
BIJIIOBIJTHO 3pearyBaTH Ta 3aCTOCYBaTH Jid MIOAO0 ycyHeHHs HebOesmeku. LI cucremmu
TaKOXX BKJIIOYAIOTh B ce€0€ pO3IMi3HABAaHHS HABKOJIMIIHIX 3HAKIB JIJIi BUBEACHHS i€l
iHpopmariii Oe3nmocepelHLO Ha TaHEIhb aBTOMOOUIS, a TaKOX 3a MOXJIMBOCTI,
BCTAHOBJIEHHSI TOTO UM IHIIOTO AamapaTHOro OOMEXEHHS M IIBUIAKOCTI PyXy
aBTOMOO1JIA.

besninoTtHuii  (camokepoBaHMi) aBTOMOOUT — aBTOMOOUIb, SIKHA 37aTEH
MOJIOPOXKYBaTH 0O€3 ydacTi JMoAWHH. [[IsS IIbOTO 3aCTOCOBYIOTHCS PI3HI NpUIaav |
JTaTYUKH, Taki SK pangap, gdigap, GPS, omoMerpu, a Takok METOAM 1 TEXHOJOTIi, Takl K
KOMIT' FoTepHU 31p. OJHUM 13 BaXKJIMBUX CJIEMEHTIB JJIsI BU3HAUYCHHS OOCTAHOBKH Ta
OPUIHATTS CUCTeMaMM O€3MIJIOTHOIO aBTOMOOUIIO PIlIEHb € PO3Mi3HABAHHS JOPOKHBOI
PO3MITKH Ta 3HAKIB, aJKE€ CaM€ BOHHM BKa3yIOTh Ha BCTAHOBJICHY CXEMY PYXY, a TaKOX

00MEKEHHS, 110 MOXKYTb JISITH Ha TiH YW 1HIIN TIISHIN TOPOTH.
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Jlani cucteMu CTarOTh BCE MOMYJIAPHIIIMMHU Ta OUIbII 3aTpeOyBaHUMH CE€pPE BOIIIB 1
iX BKJIIOYAIOTh Y BCE MIUPIIUN psia aBToMoOUTB. Tak, 3rigHo 13 JoCiipKeHHsIM Morning
Consult, mpoBegenum y 2021 pori, 60% ommranmx sxkuteniB CIHIA 3asBisie mpo
TOTOBHICTh KOPHUCTYyBaTuCs O€3MUIOTHMM aBTOMOOUIEM 3apa3 abo B HallOmmK4omy

MaioyTHboMy. [l mopiBHsiHHSA, B 2018 porri Tak BBaxxkasio 54% onuTaHuX.

Respondents were asked if they would ride in an autonomous vehicle

mYes Maybe in the future mNo

38%
: . 37% i

March-April 2018 August 2021

V. MORNING CONSULT

Polls conducted March 29-April 1, 2018, and Aug. 25-28, 2021, among about 2,200 U.S. adults each, both with margins of error of +/-2

Puc. 1. PesynpTatu onuTyBaHHs, npoBeaeHoro Morning Consult
ETanu po3nizHaBaHHSA J0POKHIX 3HAKIB

PosmizHaBaHHs JOPOXKHIX 3HAKIB MOTpeOye€ BUKOPUCTAHHS METOJIB MAIIMHHOTO
HaBYaHHS /IS MOOYJOBH IITYYHUX HEHpOHHUX Mepex. Came po3mi3HaBaHHS 3HAKIB Ha
300pa)K€HH1 € KOMILIEKCHOIO 3aJau€l0 1 CKJIAJA€eThCsl 3 JABOX IOCIIOBHUX €TaliB —
BUSIBJICHHS Ta Kacudikarris.

Ha erani BusiBIEHHS 300pa)K€HHS MONEPEIHBO OOPOOIAETHCS, MOKPALLYETHCS 1
CErMEHTYETHCS BIAMOBIIHO 0 XapaKTePUCTUK 3HAKIB, 30KpeMa TaKUX BIACTHBOCTEH, K
KoJiip Ta popma. Pe3ynbTaTtoM € CerMeHTOBaHE 300pakKeHHS, 110 MICTUTh JIJISHKH, K1
MOTEHIIITHO MOXYTh OyTH pO3IMi3HaHI SK JOPOKHI 3HAaKU. E(EeKTUBHICTH 1 MIBUAKICTH
BUSIBJICHHS € (haKTOpaMu, sIKI BIJIITPAIOTh BAXJIMBY POJIb MPOTATOM YCHhOTO TPOIIECY,
OCKIJIbKM BOHH 3MEHIIYIOTh NPOCTIP MOUIYKY 1 BKa3yIOTh JIMIIE HA MOTEHIIIMHI 001acTi.

Ha erami knacudikaiii KoeH KaHIUJIAT TECTYEThCS 32 MEBHUM HaOOpOM O3HAK,
1100 BU3HAYWTH, YA HAJEXKUTh BIH JIO TPYNHU JOPOKHIX 3HAKIB, a MOTIM KIAaCHU(PIKy€EThCS
B pI3HI Ipynu Ha OCHOBI Horo o3Hak. Lli o3Haku migiOpaHi TakuM YHUHOM, LI00
MIKPECIUTH BIAMIHHOCTI MIXK Kiacamu. Dopma 3HaKy Ta KOJIP BIIITPalOTh MEHTPATbHY
pOJIb HA 1IbOMY €Talll, 1 3HaK! KJIacu(PiKyIOTbCs Ha pi3HI KJIacu, Taki sIK TPUKYTHI, KPYTJi,
MPSIMOKYTHI, KBaJIpaTHI Ta BOCBMHUKYTHI, 3 1HIIIOT %K CTOPOHU — CHHI, O1J11, >KOBTI, YEPBOHI
Ta 3eJieHl. AHali3 CUMBOJIIB YMOXJIMBIIIOE HACTYIHUN KPOK Kiacu@ikallii: aHaNi3yHouu
dbopMy CUMBOJY 1 TEKCT BCEPEANHI 3HAKY, MOXKHA JIETKO BU3HAYMTH KJIac, JO0 SIKOTO BiH
HAJICXKUTb.

[Tportec po3mizHaBaHHS TOPOKHBOTO 3HAKY MOKHA YMOBHO IMPEACTABUTH Y BHUTIISIL

HACTYIHOI CXEMH:
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Bxingne
300paxkeHHA
I |
y :
Tonepeaas I'Iepe'mopet’mx
obpodka dopmu Tpoctopy
|___EOIBOPIB |
v ,
Brssiensa BHSABIeHEA
Gopyvu KOIBOpY
Ananiz Ha | ocHOBI HopMH Ananiz Ha |OCHOBI KOIBOPY|
v
Busrnerna
Ta
PO3MI3HABAHHA
Ou4iKyBaHHE
BHBIJ

Puc. 2. Po3mnizHaBaHHS JOPOKHIX 3HAKIB Y BUTJISI CXEMU
IToTenuiiini ckjaagHoIIi

UYepe3 cKiIaJiHE OTOYEHHS JOPIr Ta OOCTAaHOBKY HABKOJIO HHMX JIOPOXKHI 3HAKHU
3HaXOASAThCSA B PI3HUX YMOBAaX, BIJIMOBIIHO, iXHE PO3MI3HABAHHS CTHUKAETHCA 3 IUIUM
PSAIOM HaBEACHUX HIDKYE TPYTHOIIIB.

Komip 3HaKky 3 yacomM ThMSHIE€ BHACIIJOK TPUBAJIOTO BIUIMBY COHSYHOIO CBITJIA Ta
peakiiii gapbu 13 3a0pyTHIOIOUYMMH PEUYOBUHAMH B IOBITPI, 110 YCKIJIAJHIOE BU3HAUYCHHS
KJIacy IIbOTO 3HAKy 3a KOJBOPOM, a TaKOXK 1eHTHU(]IKAIII0O CUMBOIIB, 110 3HAXOATHCS B
HUX.

Ha BUAMMICTh JOpPOKHIX 3HAKIB BIUIMBAIOThH MOTOJHI YMOBHU, Takl K TymaH, AOLI,
XMapH Ta CHIT, a TaKOX IHII MMapaMeTpH, Taki sIK 4yac N0OW, HasBHICTh YU BIJCYTHICTh
JOPOKHBOTO OCBITJICHHS, HAsIBHICTh UM BIJICYTHICTh CBITJIOB1AOMBAIOYOrO MOKPUTTS Ha
3HaKy, TiH1 BiJ] IHIIUX 00’ €KTIB TOIIO.

HasBHICTh 00'€KTiB, CX0KHUX 32 KOJIBOPOM Ta/a00 (OPMOIO Ha TIOPOXKHI 3HAKU TAKOXK
MO>K€ 3aBaJIUTHU Ta CIIOTBOPUTH PE3YJIbTaTH aHaNi3y 300paKeHHS.

3HaKU MOXYTh OyTH J1€30pPI€EHTOBAHI, MOIIKOKEHI a00 YaCTKOBO 3aKPHUTI 1HIIMMU
00’€KTaMH HABKOJIO HUX.

Po3mip 3HaKy 3alexuTh BiJ BIICTaHI MK KaMepol Ta CaMUM 3HAaKOM, pijlle
pPO3Mip 3HAKY MOKE 3 CAMOT'0 MOYaTKy HE BIJNOBIIaTH CTaHIAPTY.

Sxmo 300pakeHHS OTPUMAHO 3 aBTOMOOUIS, IO PYXaeThCs, TO BOHO YacTo
CTpaKJla€ BiJl PO3MUTTS MPU Pyci Ta BiOpallii aBTOMOO1ISL.

[Ipuknaan 3HaKiB, pO3Mi3HABAHHS SIKUX MOE YCKIJIAIHUTHUCS Yepe3 HasBHICTb Ha

300pa)keHHI1 BUIIIE OMUCAHUX (HAKTOPIB:
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Puc. 3. 300paskeHHsI, Ha IKUX PO3Mi3HaBaHHs 3HAKIB € YCKIAJHEHUM
AHaJIi3 HA 0CHOBI KOJIBOPY

Komip € BaX1MBOIO BIIACTUBICTIO JTOPOXKHIX 3HAKIB, OCKUIBKH TpH iX po3pooi
BpaxoByBaBcsi (haKTOp PpO3PI3HEHHS Ta BII3HABAHHS TOrO YM IHIIOTO 3HAKY; Tak,
OUThIIICTh 1H(OPMALIMHUX 3HAKIB € CHHBOTO KOJBOPY, a OLIbINICTh 3a00POHHUX —
OUIMMHM 3 4YEepBOHUM OOpamMJIeHHSM. TakKMM YHHOM KOJIIpP € BaXJIMBUM JIKEPEIOM
iHdopmalii ans posmnizHaBaHHA 3Haky. Kpim Toro, oO6poOka KoJIbOpY MOXKE 3HAYHO
3MEHIIUTH KIIbKICTh MOMHJIKOBHX KPallOBUX TOYOK, SIKI BAHUKAIOTh TPU HU3bKOPIBHEBIM
00poO0I1l 300pakeHb.

Kamepu, BcTaHOBIEHI Ha TPAaHCHOPTHHUX 3ac00ax, IO PYyXalTbCs, CTBOPIOIOTH
RGB-300paxenns; komipauii mpoctip RGB opranizoBanuii sk aekapToBa CHCTEMa
KOOPAMHAT 3 OCSIMU X, y 1 z, nipeactaBieHuMu R, G 1 B BiANOBIIHO, 1 OCKUIBKH 111 TPU
KOJIpPHI KOOPJAMHATH CHUJIBHO KOPENIOIOTh, 3MIHM 1HTEHCHBHOCTI HaBKOJHUIIHHOTO
OCBITJIEHHSI MOKYTh BIUIMBATH Ha cucteMy RGB, mepeminiyroun rpynu KojabopiB y Oinmi
a00 YOpHI KyTH, 1 B 0aratboX BHUIIaJIKaX TaKe 300paK€HHsI CTa€ MEHII MPUIATHUM IS
pO3IMi3HaBaHHA KOJIbOPY 3HAKy. HaTromicTh HEOOXiNHO BiIOKpeMIIOBaTH 1HGOpMAIlio
Ipo KOJip B iHGOpMALIil IPO SCKPABICTh LIJISAXOM MEPETBOPEHHS KOJIIPHOTO MPOCTOPY
RGB B iHmmii konipHuit nmpoctip. Y JitepaTypl onucaHo 0araTto KOJIPHUX MPOCTOPIB,
3okpema HSI, HSB, L*a*b*, YIQ 1 YUV. [lns po3nizHaBaHHs JOPOKHIX 3HAKIB CUCTEMa
HSI € HallmommpeHimoro 3 NpUYNH, OMMMUCAHUX BUILE, aJie 1HILI CUCTEMH KOJIbOPIB TAKOX

BUKOPUCTOBYIOTHCS JUIS IMI€1 3a1a4i.

AHaJi3 Ha 0CHOBI popmu

Xoya ayis poO3Mi3HABAHHS JOPOKHIX 3HAKIB 3a3BMYail BUKOPHCTOBYETHCS KOJIIP,
JIOPO’KHI 3HAKH TaKOK MOXYTh CIPUMMATHCS 32 (HOPMOIO.

ApPryMeHTOM Ha KOPUCTh BHKOpPUCTaHHA iHopMmamii mnpo dopmy IS
pO3IMi3HaBaHHs JOPOXKHIX 3HAKIB € Te, L0 KOJbOPH HE CTAaHJApPTU30BaHI B PI3HUX
KpaiHax — He 3Ba)Karo4M Ha Te, 1m0 BieHchka KOHBEHIIIS TTPO TOPOXKHI 3HAKW Ta CUTHAIH
Oyna mnpwuitHsita me y 1968 pori, cranom Ha 2023 pik Bckoro aum 69 kpaiH
patudikyBanu ii, TPUYOMY CepeJ CIHUCKY HEMa€ TaKuX BEJIHMKUX KpaiH 3 TYyCTUM

aBToMOOUTEHUM Tpadikom, ik CILIIA, Anonis Ta [uaia. Binrak cuctemu po3mizHaBaHHS,
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IO 3aJieXaTh BiJ KOJBOPY, YacTO JOBOAMTHCS HANAIITOBYBATH MPHU Nepei3ai 3 OHiel
KpaiHH B 1HIITY.

[HIIUM apTyMEHTOM € Te, 10 KOJIbOPH 3MIHIOIOTHCS 3aJIEKHO BiJl IGHHOTO CBITJIA Ta
BiIOMBHUX BJIACTHBOCTEH. Y CHTYyaIlifX, KOJH BaKKO OTPUMATH iH(OPMAIIIIO TIPO KOIIp,
HaIpUKIIaa, y CyTiHKax abo BHOY1, PO3Mi3HABaHHS 32 POPMOIO € XOPOIIINM BapiaHTOM.
BucHoBku

B naniit po6oti Oyno OMISIHYTO MPHUKJIAJHE 3aCTOCYBaHHS METOJIB IITYYHOTO
IHTEJIeKTY Ha MPUKIAl PO3Mi3HaBaHHS JIOPOXKHIX 3HAKIB, CHCTEM, IO OIMHMPAIOTHCS Ha
JlaHe PO3IM3HABaHHs, €TalK PO3Mi3HaBaHHs JOPOXKHIX 3HAKIB, KOTP1 MOTpiOHO OpaTH A0
yBaru Mpu MPOEKTYBaHHI Ta PO3poOlll MITyYHUX HEHPOHHUX MEpEeXk, CKIaJHOIIl, KOTpl
NOTPiOHO BPaxOBYBAaTH IPU pO3pOOIIl Ta HABUYAHHI TAKOT MEpPEXKi, a TAKOXK JIBA OCHOBHHUX

crocoOu aHaii3zy 300pa)keHHs Ta Kiacudikalli — 3a KOJbOpoM Ta (POPMOIO 3HAKY.

Cnucok Jiteparypu

1. H. Fleyeh, Road and traffic sign detection and recognition / H. Fleyeh, M. Dougherty
//IResearchGate.— 2006. C. 645-649.

2. Convention on Road Signs and Signals. United Nations Treaty Series (in English,
French, Chinese, Russian, and Spanish). VVol. 1091. Vienna. —1968.

3. Amid Tesla’s Autopilot Probe, Nearly Half the Public Thinks Autonomous Vehicles
Are Less Safe Than Normal Cars. [Enektponnuii pecypc]. — Pexxum moctymy:
morningconsult.com/2021/09/02/autonomous-vehicles-safety-consumer-interest-
polling/

4. Advanced driver-assistance system [Enexkrponnuii pecypc]. — Pexum mpocrtymy:
en.wikipedia.org/wiki/Advanced_driver-assistance_system

5. Self-driving car [EnexTpoHHMiA pecypc]. — Pexum JOCTYITY:

en.wikipedia.org/wiki/Self-driving_car
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PEAJIIBALIA ®I3UKO-IHOOPMOBAHOI HEWPOHHOI MEPEXKI
JJIA PO3B’A3YBAHHA PIBHAHD Y YACTKOBHUX NOXITHUX

Jmutpo AnbsHax
JIbBIBCBKHI HalllOHAJILHUI YHIBEpcUTET iMeH1 IBana dpanka
dakynbTET MPUKIIATHOT MATEMATHUKH Ta IHPOPMATUKH
dmytro.alianakh@Inu.edu.ua
Beryn

3aBaaHHs PO3B'A3yBaHHS PIBHAHb Y YACTKOBUX MOXIJTHUX Ma€ Ba)KJIMBE 3HAUYCHHS B
pI3HUX Taly3siX HAyKH Ta 1HXEHepli, TaKuX sIK MeXaHiKa PIAUH, €JICKTPOMAarHeTU3M,
MaTepiaio3HaBCTBO, (hiHAHCOBA MaTeMaTHKa TOIIO. TpaauiliiiHi YUCeIbHI METOIH, TaKl
SK METOJIU CKIHYCHHHUX PI3HHIb, MeToau cKiHueHHuX eiaeMeHTiB (MCE) [1] Tta meTtonu
TPAaHWYHUX €JIEMEHTIB, MAaIOTh PsAJl 0OMEKEHb, 30KpeMa, HaUTUIITKOBY OOUYHCIIOBAIEHY
CKJIQJIHICTh JIJIs1 BEJTUKUX 3aj1a4, TPOOIeMH 3 aJIallTUBHICTIO 10 HEPETYJIAPHUX CITOK a0o
BHUCOKOI PO3IUIBHOI 3IaTHOCTI Ta OOMEXKEHHS, TIOB's13aH1 3 ONITUMI3alli€l0 TapaMeTPiB.

VY 3B'SI13Ky 3 BUHUKHEHHSIM Ta PO3BUTKOM TJTMOOKMX HEHPOHHUX MEPEXK, 30Kpema 3
BUKOpPUCTaHHAM (i3uko-iHpopmoBanux HerpoHHux Mepex (Physics-Informed Neural
Networks, PINNs) [2], mocTae MOXJIHMBICTh BUPIIIEHHS 3a7a4 PO3B'sI3yBaHHS PIBHSIHB Y
YACTKOBUX MOXITHUX 3 HOBUM TiaxoaoM. PINNs koMOiHyIOTh mepeBaru TriuOOKOro
HABYaHHS 3 BUKOPHUCTAHHSIM amploOpHUX 3HaHb Mpo ¢i3uuHi cmiBBigHOIICHHS. [le
OMUCYIOTh CUCTEMOLO, 110 J103BOJISAE MIIBUIIUTH €(DEKTUBHICTb 1 TOUHICTh PO3B'SI3KIB.
Omnuc aaropurmy PINN

BxinHi faHi: piBHSHHS Ta MOYaTKOBO-KPailOB1 YMOBH.
e 3agatu Bl BUOIpKM s TpeHyBamHs Ty 1 T, Jud  piBHAHHA 1

I'PaHUYHUX/TIOYaTKOBUX YMOB.

e BrxirounTi 00YUCICHHS HEOOX1THUX MOXITHUX JJI PIBHSIHB Y HEUPOMEPEKY.

e BusHauuTu QyHKI1I0 BTPAT AJIs PIBHSAHHS 1 yMOB Ha TPAHULISX.

e TpenyBatu PINN 11 3HaxomkeHHs HaOMDKEHOTO PO3B 3Ky, MIHIMI3YIOUH

(GyHKIIO BTpAT.

To6To MU 3a/1aeMo BCi BX1JIHI JIaHl, TPEHYEMO HEUPOHHY MEPEXKY 1 mependauyemMo
3HAUCHHA B TOYKaX. SIKIIO MM 3MIHIOEMO SIKHI-HEOYIh 3 BXIJHUX TMapaMeTpiB, TO
HeHpoMepexy MOTPiIOHO TPEHYBATH CIIOYATKY.

®dyHK1i0 BTpaT 0y/1eMO 00YUCITIOBATH K CyMY CEpeIHbOKBAAPATUYHHUX IMOXHOOK
(mean squared error, MSE) 3Ha4eHb piBHSIHHS, TOYaTKOBUX 1/a00 KPaliOBUX YMOB.

CepenHbOKBaIpaTUYHA MOXHUOKA OOUHCITIOETHCS 32 (POPMYJIIOLO:
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MSE(e) =%Z el_z, (1)
i=1

7 e — BEKTOp JIOBXKHUHOI N (N — KUIBKICTh TOYOK JUIA HaBYAHHS), OTPUMAHHUU TICIIs
MIJICTABISIHHSA OTPUMAHOTO HaOJMKEHHS 3 HEHPOHHOI Mepexi B pIBHSAHHI abo
MIOYaTKOBO-KpaiioB1 YMOBH.
OynKI1isg BTpaT Oy1e MaTH BUTJIS;
L = MSE, + MSE, + MSE,, 2)

ne MSE, — noxuOka 3amoBUIbHEHHsA piBHSIHHS, MSE), — mnoxubOka 3aJ0BIIbHEHHS
KpaiioBux ymoB, MSE; — moxuOka 3a/0BUIbHEHHS [TOYaTKOBOT YMOBH.
IIporpamna peadnisanis

PINN Oyna peanizoBana Ha MOBI mporpamyBaHHs Python [3] 3 BukopucraHHAM
010moTtexu s mammHHoro HaBuanHs TensorFlow v2 (TF) [4]. ABroaudepeHiiitoBaHHs
B TF Oy1o 3acTocoBaHe Jyisi 0OUMCIICHHS BTPAT 1 OOYMCIICHHS BCIX HEOOX1THUX MOXITHUX
BIJl BIIOMUX 1 mIykaHoi (yHKmii. Sk anroput™ ontumizauii OyB BuOpanuii Adam
(Adaptive Moment Estimation), sikuif € METOJIOM CTOXaCTHYHOTO T'PaJIEHTHOTO CITYCKY,
SIKUW BUKOPUCTOBYETHCS NI OHOBJICHHS IMapaMeTpiB MOJIE1 Ha OCHOBI OIIIHKHU MEPIIOTO
Ta APYroro MOMEHTIB IpaJi€HTa.
Pe3ynbTaTii 004N CIIOBAILHUX €KCIIEPUMEHTIB

PosrisitneMo HeniHIlHY KpailoBY 3aj1ady cTalioHapHOi Audy3ii

—(k(x,p)P) = f,x € (a,b),  p(0)=p(1) =0, 3)

ne k(x, p) — dyHkiis, sika xapakTepu3y€e HEOTHOPIAHOCTI MaTepiany, p(x) — mykaHa
¢yukiis, f(x) - 3amaHa npaBa yacThHa. Y oMy mpukiami B3sato k(x,p) =1+ xp,

f(x) =—-1.

Mean loss Solution for the nonlinear problem

0.8 1

-0.04

0.6 4
—0.06

Loss

0.4 4 -0.08

-0.10
0.2 4

0129 pinw solution

0.0 A A A @ FEM solution

0 200 400 500 800 1000 00 02 o4 0.6 o8 10
Epoch *
a) b)
Pucynox 1 Ha pucynxy a) 306pasiceno émpamu 6ioHocHo enoxu mperyeants. Ha pucynok b) 306pasceno nabrudicenuti po3e'szox

(3), ompumanuii PINN nicna 1000 enox naguanns

Enoxa Brpatn

0 1.015
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300 8.1e-04

500 1.96e-05
700 2.67e-05
1000 2.55e-05

Tabnuys 1 Beauuuna smpam Ha enoxax mpenyeamsb

Ax mapamerpu st PINN Oyio B3sto: mBuakicte HaBuanHsa 0.005, 100 Touok mjs
HaBYaHHS, B35T1 3 piBHOMIpHOrO noauny [0; 1]. IlepuenTpoH 3 0AHUM BXOAOM 1 OJHUM
BUXOJIOM Mae 3 mpuxoBaHux Dense mapu (abo moBHICTIO 3'€qHaHi mapu) 3 50-ma
HEUPOHAMH KOKEH.

Heitponna Mepexxa HaTpeHyBanaca Ha 1000 emoxax 3a 22 CeKyHAM, 11O € B pa3u
IIBUIIE TIOPIBHSHO 3 PO3B’SI3KOM OTPUMAHUM METOJOM CKIHUEHHHMX eJIeMEHTIB. [l
MCE, peanizoBanomy 3a ponomororo MATLAB [5], po3B’si30k oTpuManuii s 21-i
BY3JI0BOi TOYKH, piBHOMIpHO B3sTHX 3 [0; 1], Oyno B3sATO KYyCKOBO-JiHIiiHI Oa3HCHI
GyHKLIi, 17151 OOYMCIIECHHS 1HTErpaiiB OyJjio B34TO piBHOMIpHE po30UTTS 3 200 TOUKaMH.
Pesynbrar, orpumanuii MCE 3 TUM camMuM MOPSIKOM TOYHOCTI 3a 1 xBuiauHy 1 18
CEeKyHJ, [0 € JIOBIIE OUIbII HIK y TPU pasu, a NpH 30UIBIICHHI KiJIBKOCTI BY3IIIB
JUCKpETU3allil pI3HULS CTaBATUME 1€ OUIBIIOIO.

Opnak, He mpu BCIX NOBTOpHUX TpeHyBaHHsAX PINN 30iraBcsi 10 Takoi TOYHOCTI,
IpU CTaJii KUTBKOCTI enoX. Jlekonu HelipoHHa Mepeka MoMaiae B JIOKAIbHUM MIHIMYM,
10 HE JI03BOJISIE 11 AOCSTTH KPAIIoro pe3yJibTaTy.

BucHoBku

3acTocyBaHHs (i3UKO-1HHOPMOBAHOI HEWPOHHOT MEPEki BUSBUIOCSH €(EKTUBHUM
METOJIOM JUIsl PpO3B’A3yBaHHS PIBHAHb B YAaCTKOBUX IMOXIJIHUX, OCKIJIbKA BOHU
HABYAIOThCSI Oe3mocepeHho 3 AudepeHIiaIbHUX PIBHSAHb, 3a0€3Meuyloun 3aJ0BIIbHY
TOYHICTh HABITh IPH OOMEKEHOMY HA0OP1 JaHUX JIJISi TPCHYBAHHSI.

Onnak PINN mae gesiki oOMexxeHHs. 30KpeMa, IXHE HABUAHHS MOXKE BUSIBUTHUCS
CKJIAAHUM 1 MOTpeOyBaTh 3HAYHUX OOUYMCIIOBAIBHMX pecypciB. Kpim Toro, meronu
ONnTHUMI3allll, AKI BUKOPUCTOBYIOThCS Juisi HaBuaHHS PINN, MoXyTh MaTtu TpyAHOUI 31
30DKHICTIO 200 MOTPAnUTH B JIOKAJIbHI MIHIMyMH, IO TPHU3BOJIUTH 0 HEMPABUIHHUX
pe3yNbTaTiB.

[Tonpu i oOMexkeHHs1, 3actocyBanHs PINN 10 piBHSHB 3 4aCTKOBHUMH TOXITHUMU
B1JIKpMBA€E HOB1 MOKJIMBOCTI JIJIsI MOJICTTIOBAHHS Ta aHATI3y (13UYHUX CUCTEM.
Buxopucrani qkepesia
[1] CaByna . I'. Uucnosuii aHaii3 3aj1ad4 MaTeMaTHIHOT (Pi3UKH Bapial[iiHUMH METOIaMH.

— JIsBiB: BumaBHuuuit 1ieHTp JIHY imeni IBana ®panka, 2004, — 221 ¢
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[2] Vadyala S.R. / S.N. Betgeri, N.P. Betgeri // Physics-informed neural network method
for solving one-dimensional advection equation using PyTorch. Pexwum mocrtymy:
https://www.sciencedirect.com/science/article/pii/S2590005621000515

[3] Odiuitinmii caidT moxkymeHTalii MoBHM mporpamyBanHs Python. [Enexkrponuwuii
pecypc]. - Pexxum moctymy: https://www.python.org/doc/

[4] Odiuiitanii caiit nokymenranii 6i6miorekn TensorFlow. [Enextponnuii pecypc]. —
Pexxum noctymy: https://www.tensorflow.org/guide

[5] Odiniitauii caiit poxkymenranii MATLAB. [Enexrponnwii pecypc]. - Pexum

nocrymy: https://www.mathworks.com/help/matlab/
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OI'JISII MOXKJIUBOCTEHN 3ACTOCYBAHHSA CHATGPT JJIA
PO3B'SI3YBAHHSA AJITOPUTMIYHUX 3AJTAY

Tapuascbkuii I1. B.
JIbBIBCHKUI HalllOHAJILHUH YHIBepcUTeT iMeHi IBana dpanka
dakynbpTeT MPUKIATHOT MAaTEMATHKU Ta iHOOPMATHKU
petro.tarnavskyi@Inu.edu.ua
Y pob6orti npeactasieHo orisia 3actocyBanHs ChatGPT [1] mnst po3B'ss3yBaHHS SIK
MPOCTUX, TaK 1 CKIAQTHUX aJITOPUTMIUYHUX 3amad. OIiHeHO MPUOIM3HI MEXKi, B SKUX
nouineHO BukopuctoByBaTH ChatGPT. [Ipo akTyanbHICTh Ta BaXJIMBICTh TEMH CBITYUTH
Te, 10 0arato y4yHiB Ta CTYACHTIB BUKOPUCTOBYIOTh MOTO JJIsl pO3B’SI3yBaHHS JOMAITHIX
3aBllaHb. Bukiamadi 3aJyMyrOThCS HaJq TUM IO MoTpidoHO pobutm 3 ChatGPT [2],
OCKIJTBKM CTYJICHTH MOXYTh BHKOPHUCTOBYBATH HOTO Jisi TOPYIICHHS aKaJAeMi4HOi
no0pouecHOCTl. ToMy BaXTMBO pO3yMITH MOKIIUBOCTI I[LOTO IITYYHOTO 1HTEIIEKTY.
Y po6oTi BUKOPUCTAIN KJIACUYHUM MIAPYYHHK [3] 1 3 HBOrO BHIUIMIIM JCKIJIbKa
CTaHJIAPTHUX aJTOPUTMIB Ta II1IXO/I1B:
® [IONIYK HAWKOPOTILO] BIJICTaH1 B 3BAKEHOMY Ta HE 3BayKEHOMY rpadi
® KapKac HalMEHILOI Baru
® JMHAMIYHE MPOTrpaMyBaHHS
e anroputm Kayra-Moppica-IIparra
® KHTaliChbKa TeOpeMa po ocTadi
® [IOIIYK OMYKJI0i 000JIOHKH
JIJ1st KOKHOTO 3aBJaHHS IITYYHUHN 1IHTEJIEKT MaB 3HANUTH PO3B’S30K 1 HAITMCATH KO/
nporpamu. Ilpuknaa 3aBmaHHs nonaHo Ha pucyHky la. Ilim wac mporo orisgy
CTaHJAPTHUX AJITOPUTMIB 310pajii CTATUCTHKY HAa CKUIBKHM KOPEKTH1 MpOrpaMu poOUTH

ChatGPT, BoHa 300pakeHa Ha pUCYHKY 10.
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pe  Write a program that reads the number p and checks whether it is prime.

@ Here's a Python program that reads in a number “p* and checks whether it is a prime

number:

python () copy code

Henpapuibgi: 4

IToBHicTIO mpaBHIbHI: 10

Pucynok 1. a) Bzaemonis 3 ChatGPT 0) CrartucTrika 3reHepOBaHHX MPOrpam

Ham posrasaynu 3aaadi 3 ACM ICPC World Finals 2018 ta 2019 pokiB, siki He
Oy po3B’si3aHl JKOJHOIO KOMaHJOK Ha MUX 3MaraHHsx [4-5]. BuOpani 3 3amadi €
OJIHUMH 3 HalBaXXYMX aJFOPUTMIYHUX 3anad. JKoaHy 3 1IMX 3a7a4 BIH HE PO3B’SI3aB.
Moxna ckazatu, mo ChatGPT mie He 37aTHUN po3B’s3yBaTH 3ajadl B SIKUX HEOOX1JTHO
00’ eHaTH JIeKUIbKA 171el pa3oM a00 BUKOPUCTATH P13HI aAITOPUTMHU B OJHIHN 3a1a4i.

Hnsa  ormsimy wmoxkiuBoctedt  ChatGPT  momatkoBo  BUKOpUCTamM — CalT 3
AITOPUTMIYHUMM 3a7adamu [6], Ha saxomy € O0iu3bko 13000 pi3HOMaHITHHUX 3ajad Ta
noHan 300000 3apeectpoBanux kKopucTyBauiB. Llei caiit icHye 3 2012-To poky 1 €
JIOCTATHBbO TOMYJISIPHUM, TOMY KIJIBKICTh JIIOJICH, 10 pO3B’S3aJIM 3ajady BIANOBIIAE il
CKJIaHOCTI. Byziemo KopucTyBaTHCh caMe Takoro Ikaiow. CroyaTky BHOpain JeKuIbKa
HAWTIPOCTIMINX Ta HAWCKIIATHINIUX 3a/ad, ajie MPOIyCKalu 3ajadi siki He MOKHa OyJio
KOPEKTHO 33JaTH LbOMY IITYYHOMY IHTENEKTy. Pe3ynbTati oTpuManu noi0H1 A0 3a1a4
sk Oynu po3risanyTi paHime — ChatGPT He maB HisskuX mpo6IieM 3 JETKUMU 3a/1a4aMu, a
B CKJIQJIHMX BIH HE MaB CYTT€BOTO Iporpecy abo B3arajii He MaB 1JIed SK PO3B’sA3yBaTH
BIMOBIIHY 3amady. [licma mporo BuOpanu 3amaui cepeaHboi ckiamHocTi. Cepen 1ux
3ama4 OyJM Taki, sIKi BIH pO3B’sI3yBaB oJipa3y 1 0€3 »KOMAHUX MpobsieM. Y JESIKUX 3aJadax
BIH JIONYCKaB HEBEJIMKI HETOYHOCTI, SIKi OyJ0 Jierko BumnpaBuTH. Takox Oynu il 3amaui,
SK1 BiH He 3Mir po3B’s3aTu. OTxke, skmo BukopuctoByBatn ChatGPT st po3s’sizaHHs
3a/1a4 CEepeIHbOI CKIIAJTHOCTI, TO 000B’I3KOBO MOTPIOHO NMEPEBIPSATH PE3YJIbTATH.

Ha ocHoBi nochimkeHb AiHMNUIM BUCHOBKY, 1o BUKopuctoByBatH ChatGPT €
JOIUTBHO JJIS TPOCTUX QJITOPUTMIYHUX 3ajad, 1€ HE MOTpiIOHO BUKOPUCTOBYBATH
JeKUTbKa alropuTMiB. 31 CKIQIHUMM 3ajadyaMyd 1€l IITy4YHUH 1HTEJIEKT JOIyCKae
MOMWJIKH, OCKUTBKH TOTPiOHO 3p0o0uTH 6arato KpoKiB 1 MOMWIKA B OJJHOMY BIUIMBA€E Ha

BECh PO3B’s30K. TOMy JIsl aITOPUTMIYHHX 3a]1a4, CEPEIHBOT CKIAAHOCTI a00 CKIIaIHIIIE,
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NOTPIOHO MEepeBIPSATH KOTO BIAMOBII, 00 BIH MOKE TOMUISITUCH.

Jliteparypa:
1. ChatGPT - Pexum poctymy: https://chat.openai.com/ — J[lara 3BepHEHHS:
09.03.2023
2. Five Ideas for How Pre Ideas for How Professors Can Deal with GPT ... For Now

/| Travis R. Pickell and Brian R. Doak - Pexum poctymy:
https://digitalcommons.georgefox.edu/cgi/viewcontent.cgi?article=1432&context=
ccs — Jlata 3BepHenns: 07.03.2023

Beryn no AnroputmiB, mepekiaa 3 aHTIidchkoi Tperboro BumanHs. / T. T.

Kopwmen, Y. E. Jleitzepcon, P. JI. Pigecr, K. Craiin; 2019. —-5- 11 c.

Pesymstatu ACM  ICPC  World Finals 2018 - Pexum  gocrymy:
https://icpc.global/community/results-2018 — Jlata 3Beprenns: 07.03.2023
Pesymstatu ACM  ICPC  World Finals 2019 - Pexum  gocrymy:

https://icpc.global/community/results-2019 — Jlata 3Bepaenns: 07.03.2023
Sphere Online Judge — Pexwum moctymy: https://spoj.com/ — JlaTta 3BepHEHHS:
09.03.2023
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ONTUMIBALIA 3r0PTKOBQi HEUPOHHOI MEPEXI UEPE3
PEAJIIBALIIO IIEI PAHHBOI'O BUXOY

Kusk Opecm-Teooop, bapanosa Onvea
Jvgiscokut nayionanvHuu ynisepcumem imeni leana Dpanxa
Dakynomem nPuKIAOHOi Mamemamuky ma iH@opmamuxu
orest-teodor.kyiak@Inu.edu.ua

Bcmyn. binbmiicts 3ropTkoBux HelpoHHux wmepex (Convolutional Neural
Networks, CNN) noOyoBaHi Ha OCHOBI IPUHIIMITY MOCIIJOBHOTO OMpPaIfOBaHHS
yCiX BHYTPINIHIX IIapiB HEUWPOHHOI MeEpexXi SK MNpH TPEHYBaHHI, TaK 1 MpH
TecTyBaHHI Mojeni. OgHaK y ASIKHUX BUMAJKaX BUKOPHUCTAHHS BCIX IIapiB MOJENi
€ HAJJIMIIKOBUM 1 MOE€ HETaTUBHO BIUIMHYTU Ha pe3yibTaTd ii po- Ootu. lle
30KpeMa CTOCYEThCS 3ajad kiacu@ikaiii 300paxeHb y cdepi KOMI IOTEPHOTO
30py, KOJH cepel 300pakeHb 3yCTPIYAlOThCS Taki, 110 HE BXOJSITHh [0
JOCIIIDKYBaHUX KJaciB, TOOTO € HaJJIMIIKOBUMHM JaHUMHU. ToMy po3poOka
epekTUBHUX Mojesie, MNo30aBJICHUX 3a3HAYCHUX HEJOJIKIB, € aKTyaJlbHOIO
npobjeMoro. Y 1bOMYy BIJIHOIIEHHI 3HAYHOI TOMYJIAPHOCTI HaOyBae imes
BIIPOBA/KEHHSI Y MOJIeNIb HEHPOHHOT MEpeXki TaKk 3BaHOTO OJIOKY ‘‘paHHBOrO
Buxony”’ (Early-Exit, EE) [1], [2], [3], sikuil BigmoBigaTUME 3a BIJCIIOBaHHS
HaJTMIIKOBUX JaHuX. EdekTuBHa peamizalis Takux MoJeliel Ha MPaKTHUIll JacTh
3MOry B Hamepea BH3HAYEHUX MICUSIX OOYHCIIOBaJbHOTO Tpada IUHAMIYHO
0o0MpaTH NUISAX MiJ 4Yac OTPUMAaHHS pe3yJbTaTy.

Metoro nanoi pobdoru € Mmoxaephizaiiss CNN 3 VGG-19 apxitektyporo [4]
IUITXOM BIpoBa/LUKeHHS B Hei EE-Ooky Ta gociimkeHHsS XapaKTEepPUCTHK
noOy/10BaHO1 HEHPOHHOT MEPEXKI Ha 3a7a4uax Kiacudikarlii 300pakeHb.

Po3pobnena modens. J1jis poBeeHHS JOCIIKEHb 32 OCHOBY OYJI0O BUKOPHCTAHO
apXiTEeKTypy 3ropTKoOBOi HeupoHHOT Mmepexi VGG-19 [4]. V mopenb, y sKid
peai3oBaHO TaKy apXiTEKTypy, MICIs Mepuioro 0JIOKY B 3TOPTKOBIM OCHOBI OyJ0
nonaHo kopuctyBalnbkuii EE-05ok (quB. puc. 1). Moro ronoBHa MeTa IOJATSE y
BiJICIIOBaHHI HAa/JIMIIKOBUX 300pakeHbh Ha paHHIX eTarmax OOYHCICHb, 00

36KOHOMHTH PECypCH MoJiel Tipu Kiacudikailii HeoOXiJHUX 300paKEHb.
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EE-Omok crTBOpeHuii Ha OCHOBI IIapiB MaKCHUMI3aliifHOTO arperyBaHHs
(MaxPooling) Ta noBuicTio 3B’si3Hux mapiB (Fully-Connected, Dense), ctpyktypa
skux a”ajorigyHa no mapiB y VGG-19 apxitektypi. Takox 11e# OJIOK CKIIaTa€eThCs
3 mapy, SKuil BUpiBHIOE (popmy pesynbraTy morepeanboro mapy (Flatten). Ile
3po0JICHO 3 METOI0 3aCTOCYBaHHS Ha OCTAHHBOMY €Talll MOBHICTIO 3B’ SI3HOTO IIapy,
AKAM Ha BHUXOJl1 OyAe JaBaTH pe3yJbTaT pO3MNOALTYy HMOBIpHOCTEW OiHapHOI

kiacudikailii 3a qonomMoror GyHkKIii akTuBaiii softmax.

4096 4096

4x4x512

8x8x512

16x16x256

L1 32x32x128
64x64x64

16x16x64 2

fp Flatten m Dense fo Softmax

“Y convap ) MaxPooling2D
Puc. 1: MoaepnizoBana VGG-19 apxitekTypa 3 peanizoBanuM EE-6moxom.

dyHKLIsA BTpaTu npyu BUKOHaHHI EE-O50Ky mij yac TpeHyBaHHSI OCHOBaHA Ha
obumucnenHi OiHapHOoi B3aeMHOi eHTpomii (Binary Crossentropy). s dyskiis
BTpaT BHU3HAua€ MNOXMOKY Tpu Kiacu@ikauii 300paxeHb MiX JBOMa KjlacaMu
3aJIe’KHO BiJI IXHBOTO CIIPaBXHBKOTO Habopy nanux. Knacudikariiis BinOyBa€eThCs Ha
Ti, II0 HajJeXaTh JO TOJOBHOTO JaTaceTy 1 MNOTPeOYyIOTh JI0JIaTKOBOTO
OTpalfoBaHHs, a00 Ha Ti, IO HAJIEXKATh A0 HAJJIMIIKOBOrO HA0Opy JTaHUX 1 MalOTh
oytu Bincisini EE-6iokom. @opmMyity OiHApHOI B3a€EMHOI €HTPOITIi MOKHA TI0JIaTH
Yy BUTJISIAL:

elr

Li=—log( ), 1)

ne Ky — 11e enemMeHT J0oTiT-BeKTOpY, SIKUH BIMOBIIAa€ iHIEKCY PO3MIIIEHHS OJUHUII
y One-Hot Encoded BekTopi mpencTaBieHHS MNPaBHILHOI KaTeropii ajis
BIZIMOBIIHOTO 300pakeHHs. Y 1IbOMY BHIIQJKy JIOTIT-BEKTOp — 1€ BEKTOP
nependOauyeHUX 3HAaYeHb KiIacudikaiii BXITHUX JTaHUX, €JIEMEHTH SKOTO HE €
HOpMaJIi30BaHi.

dopmyiia 1 o0unciaeHHs (GyHKIlIT BTpaTH NpU TOJIOBHIN Ki1acu@ikaliii MoJjie- Jii
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BijHOCHO (C — 1) KaTeropii Ma€e BUTJIS;
ekr
L2 = —log (r——
2 g (Z;C_l ekc) )
[Ipu TpenyBaHHI KiHIIeBe 3HaYeHHS (PyHKIT BTpaTn BigHOocHO C KiaciB, 3 sxux (C

— 1) kaTeropiii € roJIOBHUMH | 1 HaIMIIIKOBA, OOYHCITIOIOTH 3a (hOPMYJIOK0:

L= L1 + 6L2 f (3)
ne L; — OiHapHa B3aeMHa EHTPOMIS BIJHOCHO MBOX KJAaciB 3aJIEKHO BiJ
MIOYaTKOBOTO JaTaceTy, L, — B3aeMHa eHTpoOMmis KaTeropid misi TOJIOBHOL
knacudikamii momeni BimHocHO (C — 1) kmacy, 0 — mapameTp, SKUi HaOyBae

3HaueHHS 0, K0 PO3TIISAAETHCS MHOXKHWHA 300pakKeHb 3 HAUIMIITKOBOTO KJIacy, i
1, SIKI1O 300pa)K€HHS € 3 TOJOBHOTO HA0OPYy JaHUX 1 MOTPEOYIOTh BUKOPUCTAHHS
BCIX IIapiB MOJEIII.

Habopu oanux. I1pu npoBeieHH1 JOCTIIKEHBb OYJI0 pO3rIsIHYTO 3 00’ €THAHHS 6
HabopiB manux: MNIST, Omniglot, CIFAR-10, CIFAR-100, SVHN, GTSRB, sxki
MicTaTh 300paxkerHHss C = 11 kimaciB. Y poui rosioBHux Oyisu 3actocoBaHi MNIST,
CIFAR-10, SVHN, ockibKH BOHH MICTITh 300pa)keHHs, TojiaeHi mik 10
pi3HHUMHM kjacamu. HaGopu panmx Omniglot, CIFAR-100, GTSRB Oymnu
BUKOPUCTAaHI1 SIK HAQJUUIMIIKOBI, TOOTO 300paKeHHS B KOKHOMY 3 HUX OyJiu 3BE/CHI
0 OJHOTO HAJJIMIIKOBOTO KJjacy, SKWAM HEeOOXiTHO BIJCIITA Ha eTall
onpaitoBanHs EE-Ooky.

Onuc npozpamuoi peanizauyii. byno po3poOieHO Kjaac MoOJe Ha OCHOBI
apxitektypu VGG- 19, knac 3aranpHOro 00Ky B Mojedni, sika peanizye VGG-19
apxitekyTpy Ta kiac EE-OGnoky, sxuit Oyae momaBaTHUCh y 3rajlaHy MoOJENb. Y
KOJXKHOMY KJaci Takok BuzHaueHo Metona call(), skuii ommcye mociigoBHICTH
BUKOHAHHS IIapiB IBOTO KJIACy MiJl Yac MPSIMOTO MPOXOJKEHHsS. TakoX y Kiaci
Mozenl Oyjo TEepeBU3HAYEHO METOAM KPOKY TPEHYBAaHHS Ta TECTYBaHHS, SIKl
OIMUCYIOTh MOBEJIHKY MOJICJII MPU OMNpalfOBaHHI HEHO BIAMOBIAHMX AaHuX. Jljs
peamizauii mporpamu Oyjo BHUKOpuUcTaHO MOBY Python, 30kpema 6i0mioTexy
Tensorflow 2 s moOya0BU HelipoHHUX Mepexk i 0i0mioTeky NUMPY miist poGoth 3
BeKTOpHUMH maHumu. Ilporpamy Hamucano Ha tardopmi Kaggle 3
BukopuctanHsiM GPU NVIDIA T4(x2).

Pe3ynomamu. PesynbTaTu €KCHEpPUMEHTIB arnpooOaliii Mojeni, peaai3oBaHOi Ha
ocHoBi VGG-19 apxitektypu 3 BrpoBampkeHnMm EE-01oxom, TpoaeMOHCTPOBAHO
Ha puc. 2 1 B Tabmumsx 1-4. Sk BumHO 3 rpadikie, momens 3 EE-0Gioxom

JEMOHCTpY€E TOMIOHI pe3yJabTaTH 10 Mojedal 0e3 HOro BUKOPHCTAHHS B1JIHOCHO
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3HaYeHHs (PyHKIIT BTpaT 1 TOYHOCTI, SAKIIO PO3TIANATH 00 €AHAHMUI JaTeceT
MNIST 1 Omniglot. Oanak, KO MpoaHadi3yBaTH TaOJUIll Pe3yabTaTiB MOJIeei
Han HaOopamu nanux SVHN i1 GTSRB, moxxHa CTBEepIXyBaTH, IO Y JESIKHX
BUIaaKax Mojenb 3 EE-6okoM kitacudikye BXiHI JaH1 3 BUIIOI0 TOYHICTIO. Kpim
1IHOT0, TT0JIaH1 TaOJMIll TOKa3ylTh, 110 Yac nepeadadeHHs gaHux y mojen 3 EE-
OJ0KOM 3a3BWYail MEHINMWH, HDK y Mojaenl 0e3 WOro BUKOPUCTAHHS, XOoda IIe
3aJIEKUTH Bl KUJIBKOCT1 HA/UIUIIKOBUX JAHUX.

Tab6:. 1: PesynsTat moaeini 6e3 EE-0moky Haa nHabopamu manux MNIST, Omniglot
Hammmoxk, % | BrparaTounicts, % [Uac mependauenss, cexk | Inference time, cex

57 0.023 199.3 21.463 0.000926

Ta6a. 2: Pesynabratn Moneini 3 EE-01mokom Haja Habopamu ganux MNIST, Omniglot
Hanmumok, %| Brpara(Tounicts, % (Tounicts EE, % | Yac, cex| Inf. time, cek

57 0.034 994 99.7 17.503 | 0.000755

Loss (MNIST + Omniglot) (A)

Accuracy (MNIST + Omniglot) (B)

100

10 - loss

— val_loss
0.8
0.6 0.90

0.4

0.2

0.0

00 05 10 15 20 25 30 40

Puc. 2: I'padixu dbynxkuii BTpatu (A) Ta Tounocti (B) moneni 3 EE-610k0M Ha OCHOBI
MNIST ta Omniglot HaGopiB gaHUX

Tabn. 3: Pesynbratu Mmoneni 6e3 EE-6moky Han Habopamu nannx SVHN, GTSRB

Hangmumoxk, %

Brpara

Tounicts, %

Uac nependadeHHs, CeK

Inference time, cex

28.57

1.281

78.91

21.724

0.001034

Tabn. 4: Pesynpratu Mojeni 3 EE-61okom Haj Habopamu nanux SVHN, GTSRB

Hapmumoxk, %| Brpara (Tounicte, % (Tounicts EE, % | Yac, cex| Inf. time, cek
28.57 0.2836 [91.29 99.9 18.66 0.000889
Bucnoeku. Slx cBinmuath pe3yiabTatu amnpodarii  po3podenoi CNN 3

BIPOBADKEHUMHU OJIOKaMH “paHHBOTO BUXOAY , OMHUCAHUM MIAXIT Ja€ 3MOTY
e(eKTUBHO BiACIIOBATH HAJIMIIKOBI 300pa)KeHHS Ha PaHHIX eTanax OnpalioBaHHs
Mojzemi. 30Kkpema JocsSTHyTo 3MeHieHHs Ha 20% gacy poboTtu Moxaeni 3
BUKOpHUCTaHHAM 00’eqnanoro Habopy manux MNIST 1 Omniglot ta #Ha 15%

ctocoBHO garacetiB SVHN 1 GTSRB.
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Cnucok mxepel | Jitepatypu

[1] S. Scardapane, M. Scarpiniti, E. Baccarelli, A. Uncini Why should we add early
exits to neural networks? CoRR — 2020. arxiv.org/abs/2004.12814.

[2] Y. Kaya, S. Hong, T. Dumitras Shallow-Deep Networks: Understanding and
Mitigating Network Overthinking — 2018. doi: 10.48550/ARXI1V.1810.07052.

[3] S. Teerapittayanon, B. McDanel, H. T. Kung BranchyNet: Fast inference via
early exiting from deep neural networks ICPR — 2016.

[4] K. Simonyan, A. Zisserman Very Deep Convolutional Networks for Large-Scale
ImageRecognition ICLR — 2015.
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JOCIIKEHHA BUKOPUCTAHHA PI3BHUX CKIHHEHHHUX
EJEMEHTIB 1P MOJIEJIOBAHHI CEPETOBUIIIA METOAOM
CKIHYEHHUX EJIEMEHTIB

Bikxmopis Yymaxesuu
JIvsiscokuti HayionanvHuu yHigepcumem imeni lsana @panka,
Daxynemem npuKIaAOHOi Mamemamura ma iHpopmamuxu
victoriachu2l@gmail.com

Meron ckinuenanx enemeHTiB (MCE) € momynspHUM METOIOM YHCEITHLHOTO
pO3B'sI3yBaHHA JAU(PEPEHIIAIbHUX PIBHSAHb, 1[0 BHUHHUKAIOTh B 1HXKEHEPHOMY Ta
MaTeMaTUYHOMY MoJieitoBaHHl. TumoBi mnpoOieMHiI 007acTi 1HTEPECIB BKIIOYAIOThH
TpaJMIliiHI Traigy3l CTPYKTYpHOrO aHai3y, Teruionepeaadi, AeOpMyBaHHS, TOIIO.
Hampuknang B crarti [2] fmaHuii MeTOA  BHUKOPUCTOBYETHCS JJIi  BU3HAYCHHS
nedopmalliiHuXx  BIACTHBOCTEM  (yHIZAMEHTY  ras3olepekauyyBajbHUX  arperaris
KOMIIPECOPHUX CTaHIlii, a B [3] A BU3HAYEHHS PYWHIBHOTO HAaBaHTAXXCHHsI Ha
nepdopoBaHy OOOJIOHKY MpH KOPOTKOYAcHMX cuioBuXx BrumBax. [llo0 po3B’szatu
npobsemy, MCE po30uBae BeluMKy CHUCTEMY Ha MEHII, OUIBII MPOCTI YaCTUHHU, SKI
HA3MBAIOTHCS CKIHYUEHHUMU eJieMeHTaMu. BoHU MOXXyTh MaTu pi3Hi (OpMHU, a BiJIOBITHO
it BmactuBocTi (puc. 1). Takum ynHOM, TaHUM METOJIOM MOKHA aliPOKCUMYBATH T1JIa, IO

CKJIAJIAI0ThCA 3 IEKIIBKOX MaTeplajiB Ta MalOTh CKJIAJIHY CTPYKTYPY.
O LA
>0
Puc. 1. ®opMu CKIHUEHHUX €JIEMEHTIB

[TocTae 3amuTaHHA, a SKI €JIEMEHTH Kpaill npu MonentoBaHHi1? Ilpsami mdiHii,
TPUKYTHUKH, MPIMOKYTHUKH 4M Tipamigu? [lanuii marepian JeMOHCTPYE TOPIBHSHHS
JEKUTBKOX BUJIB TPUKYTHUX CKIHYEHUX €JIEMEHTIB JIJIsl BIJIMOBI/I HA 1€ 3alUTaHHS.

BuxopucranHsi pi3HUX IBOBUMIPHUX €JICMEHTIB

Sk BIIOMO CKIHYEHHUMH €JIEMEHTAMHM € MPOCTi 00JIacTl, TaKi SIK JiHIi, TPUKYTHUKH,
NPSIMOKYTHUKH, TMipaMigd, Tpu3Mu. B CBOIX JOCHIKEHHSIX s 30Cepenuiiacsi Ha
TPUKYTHHUX CKIHUEHUX eJeMeHTax. MHowo Oyiu po3IJIssHYTI JEeKiJIbKa iX BHUJIB, a came
JHIMAHI Ta KBaJApPaTUYHI.

Kinbkicte BaroBux koedimieHTiB ['ayca BIuMBaIOTh Ha MOTEHLIMHY TOYHICTb

pe3ynbTaTiB MOJACNIIOBAaHHA. TaKoX BapTO 3a3HAYMTH, MO po30MBarOYM OOJACTh Ha
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CKIHYEHHI €JeMEHTH MM MOXXEMO OIEpYBAaTHU PI3HUMH TPUAHTYJSIIMHUMH CITKaMH, B
3aJICKHOCT1 BiJl 3aJaHUX TapaMeTpiB po3OuTTs. Ilpu 301IbIICHH] KUIBKOCTI €JIEMEHTIB
PO30OUTTS, 30UTBIIYETHCSA KUTBKICTh PIBHSIHb B CUCTEMI Ta YCKIAIHAIOTHCS B3a€MO3B’ SI3KH.
Tomy anst onTumizamii BUpILIEHHS HAmol 3a7adl MU TPOBEIH JIOCIITHKCHHS BILTUBY
TPUAHTYJISIIIIAHOT CITKH Ha KIHIIEBUH pe3ybTarT.

KpiM 11bOT0 BUTIISA TPUAHTYJSIIAHOL CITKH Ma€ BIUIMB Ha CKIIAAHICTh OOPaxyHKIB,
a OT’Ke 1 Ha Yyac X BUKOHAHHS, 1110 IEMOHCTpY€ Tab. 1.

Tabn. 1. lani mpo yac BUKOHAHHS MPOTpaMu JIJIsl PI3HUX CITOK

S (M) N TKpHK. N JiH. N Yac BukoHanHsa | Yac BUKOHaHHSA
eJIEMEHTIB BY3IIiB KBaJIpaTUYH IUTS JTIHIHHIX U1
WX BY3JiB BY3JIiB(XB) KBaIpaTHYHUX

BY3JIiB (XB)

32 76 52 179 5 9

16 137 86 308 5 9

8 289 170 628 9 17

4 584 328 1329 13 25

2 1178 639 2455 17 33

1 2352 1248 4847 23 45
Cnucok Jitepatypu

1. Majowecki M. Conceptual design of long span structures a knowledge based
synthetical approach // Proceedings of the IASS/University of Bologna, Italy.
Symposium, October 7—1, 1996. Stuttgart/Germany, 1996. Vol. 1.
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Abstract

Breast cancer is a leading cause of cancer-related deaths among women
worldwide. Early detection and accurate diagnosis of breast cancer can significantly
improve treatment outcomes and survival rates. Machine learning techniques have shown
great promise in improving breast cancer detection accuracy by analyzing medical

images and other patient data.

In this research paper, we investigate the use of machine learning algorithms for
breast cancer detection, focusing on both anomaly detection and classification
approaches. We review the latest research on machine learning-based breast cancer
detection, including the use of deep learning models for medical image analysis and the

integration of genomic data and patient medical records.

Our aim in this research paper is to explain the use of machine learning algorithms
for breast cancer detection in simple and easy-to-understand terms. We want to show
how these powerful techniques can be used to improve the accuracy of breast cancer
diagnosis by analyzing medical images and patient data. Our hope is that by providing an
accessible overview of the latest research in this field, we can help raise awareness about
the potential of machine learning for improving breast cancer detection and ultimately,

saving lives.
Methodologies

In the context of breast cancer detection using machine learning techniques, there

are two main methodologies: anomaly detection and classification.

Anomaly detection can be used to identify patterns or features within medical
images that are indicative of cancerous tissue or to identify unusual patterns in patient
medical records or laboratory test results that may indicate a higher risk of breast cancer.
Anomaly detection techniques can also help identify cases where traditional diagnosis
may be difficult or misleading, such as early-stage or subclinical breast cancer.

Classification, on the other hand, involves categorizing data into distinct classes or
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groups based on known labels or features. In the context of breast cancer detection,
classification models can be trained to classify medical images as either benign or
malignant based on specific features or characteristics. The performance of these models
can be further improved by incorporating additional patient data such as demographics,

medical history, or genomic data.

Anomaly Detection

Anomaly detection in machine learning is a technique used to identify rare,
unusual or abnormal instances within a dataset. Anomalies, also known as outliers, can
be defined as data points that significantly deviate from the expected behavior of the
majority of data points. Anomaly detection is often used in applications where the goal is
to identify unusual behavior that may be indicative of a problem or a threat, such as fraud

detection, intrusion detection, and equipment failure prediction.

In anomaly detection, the machine learning algorithm is trained on a set of normal
or expected data and then applied to new data to identify instances that do not fit the

expected pattern.

The algorithm may use various techniques, such as statistical models, clustering
algorithms, or deep learning models, to identify anomalies in the data. Once anomalies
are identified, they can be further analyzed to determine whether they represent a

problem that requires action.

In the context of breast cancer, machine learning algorithms can be trained on a
large set of medical images, including mammograms, breast ultrasound images, or MRI
scans, that are known to be normal or free of cancer. The algorithm can then be applied to
new images to identify patterns or anomalies that do not fit the expected pattern, which

may be indicative of breast cancer.

Machine learning algorithms also can be trained on a large set of patient records,
including medical histories, family histories, and laboratory test results, that are known to
be normal or free of cancer. The algorithm can then be applied to new patient records to
identify patterns or anomalies that do not fit the expected pattern, which may be

indicative of a higher risk of breast cancer.
Classification
Classification is a type of supervised machine learning technique in which an

algorithm is trained to predict the class or category to which a new input belongs based

79



AMICon-2023

on its features or attributes. The goal of classification is to learn a mapping function that

can accurately predict the class label of a new instance based on its features.

Some of the most popular techniques for classification in machine learning for
breast cancer detection include Support Vector Machines (SVMs), Neural Networks

(especially CNNs), K-Nearest Neighbors (KNN), Naive Bayes classifier.

Machine learning classification is used in breast cancer detection to classify
whether a given breast tissue or tumor is malignant (cancerous) or benign (non-
cancerous). This can be done using various clinical and imaging features of the breast

tissue, such as size, shape, texture, density, and enhancement pattern.
Results

In this study, we analyzed several machine learning algorithms for breast cancer

detection based on Fares Elmenshawii’s classification of benign/malignant tumors

(Table 1).

Our findings suggest that the Neural Network algorithm performed better than
other algorithms in terms of recall and balanced accuracy. On the other hand, Naive
Bayes and K-Nearest Neighbors (KNN) algorithms performed similarly and achieved the

highest precision scores.

These results suggest that the Neural Network algorithm may be more suitable for
accurately detecting breast cancer, while Naive Bayes and KNN algorithms may be

useful for reducing false positives.

Table 1. Model evaluations

Accuracy F1 score Precision Recall

K Nearest 0.963855  1.000000
Neighbors

NS M0.073684  0.963855  1.000000
K Nearest

NSO EYGI0.073684  0.963855  1.000000
features)

AbAdaAsll0 073654  0.963855  1.000000
(all features)

SN0 064012 0952381  0.975610
Regression

Random

Forest 0964912 0952381  0.975610

XGBoost 0.964912 0.952381 \0.975610
Random

Forest (all %0-952381 m




AMICon-2023

features) |

|
ANvhanalall0 056140 0041176 0.952381 0.951032
features)

Logistic
Regression  |SASK{eHE 0.939759 0.975000 0.906977 0.946446

(all features)
0.938596 . 1.000000 0.950704
Decision Tree

Neural
Network
0.938596 0.917647 0.906977 0.932362
(all features)
Decision Tree [0.929825 0.909091 0.929905

Conclusion

This study explores the use of machine learning algorithms for breast cancer detection,
focusing on anomaly detection and classification methodologies. Anomaly detection
identifies unusual patterns in medical images or patient records, while classification
categorizes data into distinct groups based on known features. Our findings suggest that
neural networks may be more suitable for accurate detection, while Naive Bayes and K-
Nearest Neighbors algorithms may be useful for reducing false positives. The paper aims
to raise awareness about the potential of machine learning in improving breast cancer

detection and ultimately saving lives.
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PO3POBKA APXITEKTYPHU RDE (RESIDUAL DOMAIN EXPERTYS)
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KIJIBKOCTI BXITHUX JTAHUX
Mapxian Manozax

JIvsiscokuti HayionanvHuu yHigepcumem imeni leana @panka
Dakynbmem nPUKIAOHOI MamemMamuku ma ingopmamuxu
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Beryn

Benuka KiIbKICTh apXITEKTyp JUid 3a7a4 kinacudikaiii 300pakeHb modyjoBaHa TaKUM
YUHOM, IO 1H(OpMaIlis Mpo Kiac po3MOoiijeHa MK BciMa MmapameTpamu Mmepexi. Lle
IPU3BOJIUTH 0 JACKUIBKOX HETaTUBHUX HACII/IKIB:

e HeoOXiHICTh JOTPEHOBYBAaTH OCHOBHY YaCTUHY MEPEXKI, Ta OBHICTIO 3aMIHSATH

KJacu(ikauliHUN wap npy KOXKHI1M 3MiHI MHOYKHUHU KJIACIB.

e HemoxMBICTh BUIIJICHHS Ta KOH(ITYpallii MHOKHHH IMapaMeTpiB BiAMOBIIATBHUX

3a IEBHUM KJIac.

e CkJIaaHICTh OOYHCIIEHB B ITEPALIIITHOMY aIrOPUTMI YE€PE3 B3AEMHY 3AJIEKHICTh

napameTpiB MOJIEI.

[HTYiITUBHO TOCTa€ MUTAHHS PO3POOKU apXITEKTypPH MEPEkKi KOTpa PO3MEXOBYE
napaMeTpy MPUHAJICKHI 10 OKPEMHX KJIaciB, BIATOBIIHO 1M030aBJICHOI BHUIIE3a3HAUYCHHUX
HEOJIKIB.

Omnuc apxiTekTypHu
Po3pobnena Mepexa mignagae mija kateropito 3roptkoBux wmepexxk (CNN) i

CKJIQ/IA€THCSA 3 TPHOX YACTHH:
e EKCTpaKkTOp XapaKTEepUCTUK — OJ[HA 3 HassBHUX MEPEXK, TPEHOBaHA Ha BEJIUKOMY
HaOop1 JaHUX (X04 I1€ 1 He € 000B'SI3KOBUM KpHUTepieM). €1uHa BUMOTa — 1€
O1€EKTUBHICTH BIAMOBIAHOI (DYHKIIII, Y SIKOi 00J1aCTh BU3HAYEHb CKJIAJA€THCS 3

300paxeHb 3aaHOTO PO3MIPY, a 00JaCTh 3HAYEHB 3 TEH30PIB cTajnoi (opmu.

e biok ekcriepTiB — posraiyKeHa CTPYKTYpa, 1€ KO)KHA 3 T1JI0K (eKCIIEPTiB) Ma€e
BJIACHY HE3aJICKHY apXITEKTypy, Ta MHOKUHY ITapaMeTpiB sIK1 BIAOBIIAIbHI 32
pO3Mi3HaBaHHS KJacy 3 BiAMOBIAHUM MOPAIKOBUM HOMepoM. PesynpTaToMm
MPSIMOTO XOAY KOXKHOTO 3 €KCIIEPTIB € TeH30p OHI€T po3MipHOCTI. Pe3ynbpTaTn
KOXHOI 3 TUIOK 00'€THYIOThCS 10 MepIiiid ado apyTii oci.

o KiracudikaniiHuii map — 3ropTKOBHI OJIOK 3 akTHBAaIli€r0 SOftmax, y skomy
pPO3MIpH Ta KPOK BiKHA Mii0OpaHi 3 OTJISy Ha HE3AJICKHICTh PE3yIbTaTiB

EKCIIePTIB.
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Pe3ynbraToM BUKOHAHHS TPSIMOTO XOAY TaKOi MEPEXi Ha NMESKUX BXITHHUX JaHUX
OyJle BEKTOp HNMOBIPHOCTEH MPUHAICKHOCTI 300paKCHHS 10 KJIaciB 3 BIATOBITHUMHU
MOPSIIKOBUMH HOMEpPaMH. 300paKeHHS BIHOCSTH A0 HaiMOBipHIimoOro kiacy. ['padiane

MOJIaHHS apXITEKTypH 300pakeHo Ha puc. 1.

i feature extractor @ flatten

') expert conv2d + softmax

concatenate

Puc. 1. I'padiune nonanus apxitektypu RDE

Ha0opu nanux
Jlist mpoBeZieHHsT eKcriepuMeHTIB OyB oOpanuii HaOip manux CUB-200-2011, 3

OTJISIZTy Ha HOTO BUCOKY BHYTPIIIHBO-, TA HU3bKY MIXK-KJIACOBY BapiaTUBHICTb.

[eit nabip cknamaerbcss 3 11788 300paxeHp nTaxiB npuHaiexkHUXx a0 200
Kareropiii. Po3nonin Ha TpeHyBalbHUN Ta TECTYBaJbHUN (BasliaiiiiHuii) Habopu OyB
BUKOPUCTAHUN 3TiAHO pekoMeHalii aBTopiB Habopy [1] - 5994/5794 300paxenp ~

50/50 %.

Bukopucrane 00J1aJHAHHS Ta MPorpaMHe 3a0e3nevYeHHs
Bci po3paxyHk# MpoBOAMINCH y cepBici xmapHux oduncien» Kaggle Notebook 3

BUKOpHUCTaHHAM rpadigHoro npuckoproBada NVIDIA Tesla P100.
Po3po0Oka Mepeski BUKOHYBaIach 3 BUKOPUCTAHHSIM MOBH IIporpamyBaHHs Python
(Bepcis 3.7.12), Ta 616mi0TeK:
e Tensorflow (Bepcist 2.6.4) - OCHOBHH#T IHCTPYMEHT IS TOOYI0BH MEPEIKI.
e Matplotlib (Bepcis 3.5.3) ta seaborn (Bepcis 0.11.2) - iHCTpyMeHTH 1151
Bi3yasizailii JaHuX.
e Pandas (Bepcis 1.3.5) - okpemi MmeToau A1t podoTH 3 daitnamu y Gpopmarti CSV.

Kongirypauis

300pakenHst 3 HA0Opy OyJu 3BY>KEH1 10 po3mipy 224X224X3, Ta HOpMasi3oBaHi. Y
pOJIi eKCTpaKTOpa XapakTepucTuk Oysu oopani apxitektypu: VGG16 [2], ResNet50 [3],
InceptionV3 [4], TpeHoBani Ha Habopi nanux ImageNet [5].

B ycix ekcniepuMeHTax apXiTeKTypa ekcriepTa Majaa popMy 3rOpTKOBOTO OJIOKY
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(Convolutionan Block) [6], nuB. puc. 2.

Batch

Conv2D RelLU
Norm \

—> iy — — L
Convep| Balh oy convep| BAN oy Convep | Bateh @ ReLU
Norm Norm Norm

Puc. 2. I'padiune noanHs apXiTeKTypH 3rOPTKOBOTO OJIOKY

Pe3yjibTaTu ekcnepuMeHTiB
Tabm. 1. Pe3ynbTaTi €KCIEPUMEHTIB

Model Train Set Accuracy Validation Set Accuracy
(%) (%)

ResNet50 22.48 11.35

ResNet50 + ConvRDE 30.80 13.04

VGG16 98.43 40.50

VGG16 + ConvRDE 99.99 41.40

InceptionV3 08.88 65.02

InceptionVV3+ ConvRDE 99.77 67.00

BucHoBkM

Y uiii poboti Oysio po3pobieHO Ta mpoTecToBaHO apxiTekTypy RDE ska
PO3MEXKOBY€E TapaMeTpH BIAMOBIAANBHI 3a pPO3MI3HABaHHS OKPEMHX KiaciB. 3rigHO 3
YUCEIBbHUMHU pe3yibTaTaMu OTPUMAHMMH TIiJ] 4Yac EKCIEPUMEHTIB, Mepexa J100pe
NoKaszye ce0e Ha CKJIaJHOMY Ha0Opi JaHUX, Y KOXKHOMY 3 BHUIAJKIB MEPEBEPLIYIOYH 32
METPHUKOIO0 TOYHOCTI apXITEKTYypPy IO JISKUTh B OCHOBI.

Po3pobsiena apxiTekTypa MOXX€ MaTH IIMPOKE NPUKIAJHE 3aCTOCYBAHHS Yy
CILICHApISIX Jie BIOYBAETHCA YacTa KOPEKIlisi MHOKMHU KJIACiB, a 4ac Ha MEepeTpEeHyBaHHS
oOMexeHn a0 BUMarae 3HaYHUX 00YMCTIOBANBHUX a00 (piHAHCOBHX BKJIAJCHb.
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CUCTEMA AHAJII3Y JAHUX VIS KYPCY «MOJAEJII
CTATUCTUYHOI'O HABYAHHS1» MOBOIO PYTHON

Maneywv boeoan
Jlvsiscvkuu nayionanvruu ynigepcumem imeni leana @panka
Daxynemem npuKIAOHO Mamemamuxky ma iHpopmamuxu

bogdanmal591@gmail.com

Beryn

B naniii po6oTi po3riasgaTUMEMO Pl METOJIIB CTATUCTHYHOTO HAaBUaHHS, K1 HA
JAHUW Yac JIOCUTh IMUPOKO 3aCTOCOBYIOTHCA Y pI3HUX cdepax HaAIIOro KUTTS.
SIckpaBUM MNpUKIAIOM MOXe OyTH IyK€ BIAOMHMIA METOJ JIIHIMHOI perpecii, AKUN
BUKOPUCTOBYIOTh JUIg  TepeAdaueHHs MaiOyTHIX TMoaik. 3amuT Ha  METOIH
CTATUCTUYHOTO HABYAHHS IMPHU3BEJIa IO CTBOPCHHS HAYKOBOTO HAMpSIMY, IO 0a3yeTbCs
Ha TOIIMPEH] Ta 3aCTOCYBaHHI 3HaHb CIICIIANICTIB 3 BUCOKOIO kKBamidikaiiero. [Torpeda
B TAKWMX METOJAaX CIpHUsiiia B paMKaX METO/IB Ta CUCTEM IITYYHOTO 1HTEJIEKTY PO3BUTKY
L1JIOT0 HA0Opy TEXHOJIOT1H, 110 MOKJIMKAHI JOMOMOITH B YIPABIIHHI CYCHIJIBCTBOM, Y
TOPTiBIl, KpeAUTHINA Ta (iHAHCOBIM cdepi. AKTyallbHICTh TEMH POOOTH, MPUCBIYEHOI
JTOCIIKEHHIO MOJIeJiell MalllMHHOTO HAaBYaHHS Ta HOBITHIX 1HTEJIEKTYyaJbHUX METOIB
OOTpyHTOBaHA 3aCTOCYBAHHSM TaKUX METOJIB B c(epi TrocrnoJapchbKoi IsSIbHOCTI
peaTbHUX MiAMPUEMCTB ISl POTHO3YBAHHS MalOyTHIX TOTIN.
Tema JIOCHIMKEHHAA: [OCITKEHHS METOMIB CTATHCTUYHOIO HAaBYaHHSA Ta iX
peaizariisi.
Meta nociiaKeHHs : peaisailis METO/iB Ha MOBi python 3 rpadiunum inTepdeiicom

3 MOKJIMBICTIO BAKOPUCTOBYBATH SIK IITYYHO CTBOPEHHI JIaHi, TaK 1 34MTyBaHi 3 (aiiB.

Hao0ip 1anux, mo BUKOPHUCTOBYBABCH

JIist OoCHiIKEHHsT BUKOPUCTAHO (PYHKIINA PO3pOOJICHOI TPOrpaMHu, € MOKIIUBICTD
reHepyBaTH TMOTPiOHI HA0OpM JaHWUX Ta TMpAIIOBaTH 3 peaJbHUMU JaHuUMHU. Jls
JIeMoHcTpallii (yHKIT reHepyBaHHS B pOOOTI BUKOPUCTAHO 3T€HEPOBAHUI HAOIp JIaHUX.

Orasaa MeToaiB

1) Jliniiina perpecis

€ OJHUM 3 HaAWIPOCTIINIUX METOIIB MOJICIIOBAHHS 3aJICKHOCTI MiX 3MiHHOIO

BIATYKY 1 OJlHI€IO0 a00 Ounblie 3MIHHUMH NependadyBaHHS (Tak 3BaHUMHU (PaKTOpaMu).
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JliniitHa perpecist IpuUITyCKae, U0 3aJIeKHICTh MK 3MIHHUMHU MO>KHA OMUCATH JIIHIHHOIO

byHKIIIELO.

VY niHifHINA perpecii MM HaMaraeMocsi 3HaMTH JIiHIHHY (QyHKIIIIO, SKa HallKpalmm
YUHOM MIAXOAWTH J0 AaHUX. MM HIykaemMo mapaMeTpu wi€i QyHKINi, Taki SK HaXWI 1

HEepEeTHH, SIKi JO3BOJISIIOTh HAM 3/11MCHIOBATH Mepe10aueHHs.
dopmyna JTiHIHHOT perpecii Mae BUTIISIL
Y=Po+ Pixs + Pax2+ ... + X, + €
e:

e Y -3MiHHA BIATYKY (TaKoX BiJIOMa SIK 3aJIKHA 3MIHHA), Ky MU
HamaraeMocs rnepeadauuTu

o Xi, X2, ..., Xr - PaKTOpH (TAKOX BIAOMI K HE3aJIEKHI 3MIHH1), K1 MU
BUKOPUCTOBYEMO JJIs IEpeI0aYeHHs 3MIHHOI BIATYKY

o Po - mepeTuH (Takox BIAOMUHN SIK CBOOOAHMI WIEH), 10 IOKa3y€e 3HAUYEHHS
y, KOJIK BC1 (PaKTOPH JOPIBHIOIOTH HYJIIO

o Pi, B2, ..., Pr - KOCDILIIEHTH pETPECIi (TAKOXK BIOMI SIK HAXWIIN), 1110
MOKa3YyI0Th, HACKUTHKU 3MIHIOETHCA Y 31 3MIHOIO BIAMOBIIHOTO (hakTopa X;,
IIPY YMOBI, 11O 1HIII ()aKTOPH 3aJTUIIAI0THCA HE3MIHHUMU

e €- IIOMUJIKA, 1110 BPaXOBY€ BUMAAKOBI BIIXWJICHHS MK HAllTUMU

nepen6aquHﬂMH Ta p€aJIbHUMHU 3HAYCHHAIMH Y

Meroto nmiHIIHOI perpecii € 3HAXOJDKEHHS ONTHUMAJIbHUX 3HAa4Y€Hb KOe(DIIIEHTIB
perpecii, sKl [J03BOJSIIOTH Haiikpamie miai0OpaTd nAaHi, TOOTO MIHIMI3yBaTH CyMy
KBaJIpaTiB MOMIJIOK MK HAIIUMU Mepea0adeHHSIMH Ta pealbHUMH 3HaueHHsMHU Y. Lo
ONTHUMI3aII0 MOXKHA 3J1HCHUTH 3a JIOMOMOTOI0 MeToAy HaliMmeHmux kBaapatis (MHK),
SKUU TOJISITa€ Yy 3HAXOJKEHHI Takoro Habopy Koe(illieHTIB perpecii, KU MIHIMI3Yy€E
CyMy KBaJpaTiB BIIXWICHb MK HAIIMMH TIEpe10aYCHHSIMHU Ta PCAUTbHUMH 3HAYCHHSIMH Y.
MeTton MOXHa 3acTOCyBaTd SIK JO TPOCTOI JIIHIMHOI perpecii (KoM € JuIle OAHH

dakTop), Tak 1 10 OaraToOBUMIPHOI JIIHIMHOI perpecii (KoM € Ouiblle 0AHOro (pakTopa).
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Linear Regression
MSE: 0.10, R*: 0.91

0.4 0.6 0.8

Pucynok 1- JliniitHa perpecis MoJieab pe3yabTaT poOOTH MporpaMu

2) Meton Lasso

(Least Absolute Shrinkage and Selection Operator) e ogHuM i3 METOIB peryspu3arii y

JiHIMAHINA perpecii. BiH 103BoJIsi€ 3MEHIIIMTH PU3UK MEPEHABUAHHS Ta MTOKPAIIUTH

y3arajabHIOIUy 3aTHICTh MOJIEII MUISIXOM 3MEHIIICHHS Bard He3HA4YyuX (PaKTopis,

TOOTO 3MEHILIEHHS KOe(ilI€HTIB perpecii, 0 BiANOBIAAOTH 3a 11 (haKTOpH.

®dopMmyia diHIHHOI perpecii 3 MeTo oM Lasso mae Buriis:

bi(H

Y =PBo+ Pixa+Paxz+ ... + Bexe + € -1 |B|

Y, X1, X2, ..., Xry Po, P1, B2, ..., Pr T2 € MaIOTH TOM camuii 3MicCT, IO U y

3BUYAMHIN JIIHIHHIN perpecii.

A - IapameTp perysspu3allii, SKuil KOHTPOIIOE PIBEHb 3MEHIIICHHS

koediiieHTiB perpecii. Yum OIbIlIe 3HAYEHHS A, TUM O1JIbIIIE KOSDIIIEHTH

perpecii OyayTh 3MEHIIIEHI IO HYJIS.

>'|B| - cyma abcomoTHUX 3HAYEHBb KOE(PIIIEHTIB perpecii.

Meron Lasso miHiMI3ye (yHKIIit0 BTpaT 3a Aonomoroto MHK, arne 3 nogarkoBoro

YMOBOIO, 1110 CyMa a0COJIFOTHUX 3HaY€Hb KOe(DILIEHTIB perpecii MOBUHHA OyTH MEHILIOIO

3a neBHe 3HaueHHs. [le 103BoIsge BUKITIOUNTH He3HAUYII (DaKTOpH 3 MOJEN,

3MEHIIIYIOUH iX Bary.
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Jlauuii MeTo1 Ma€ BIACTUBICTh 3aHYJIEHHs KOe(Dili€HTIB perpecii Iisi He3HAYYyInX

(bakTopiB, 110 JO3BOJISE€ 3MEHITUTH PO3MIP MOJIEI Ta MOJIMIINUTH 11 y3arajabHIOBaJIbHY

37aTHICTb.

Peanizanis

Ile mporpama 3 rpadiunum iHTepdericom kopuctyBada (GUI) mis mopiBHSIHHS

pi3HI/IX MO,Z[CJICP'I MAaIIMHHOI'O HaBYaHHS Ha OCHOBI Ha60py JaHUX. Hmxue € ommc

BUKOPHCTOBYBaHUX 010710TeK Ta iXHIX QyHKIIIH:

tkinter - nie crangaptHa 6i6moteka Python nis crBopenns GUI-inTepdeiicy.
filedialog - moayms 0iGmoTeku tkinter, 1o 103BoJIsI€ KOPUCTYBAYEBI
BUOWpaTH ¢aiii 3 A1aJIoroBOro BiKHA.

pandas - 6i6mioTeka I pOOOTH 3 TAaHUMH, SIKa HAJa€ CTPYKTYPH JIaHUX Ta
IHCTPYMEHTH JJIs1 pOOOTH 3 HUMH.

numpy - 616;0TeKa i1 HAYyKOBUX OOUYHUCIIEHb, sIka HaJae 0araToIIBUIKICHI
MacCHBH Ta MaTeMaTU4yH1 QyHKIII.

matplotlib - 6i6mioTeka myst Bisyamizamii JaHUX.

sklearn - 6i0mioTeKa I MAIIMHHOTO HaBYaHHS, [0 HAJA€ IHCTPYMEHTH IS
1oOYIOBH Ta OILIHKY MOJIeeH MalllMHHOTO HaBYaHHS.

GridSearchCV - knac 3 6i0mioteku sklearn, sikuii 31HCHIOE TIOLITYK
napameTpiB rineprnapameTpiB MOJENI 3 ONTUMAILHUMU 3HAYEHHAMH 3a
JIOTIOMOT'OF0 XPECTOBOT MEPEBIPKH.

DecisionTreeRegressor - kiac 3 6i0mioreku sklearn, sikuii Oyaye nepeBo
plllIeHb JIJIs1 perpecii.

RandomForestRegressor - kiac 3 6i6miotexu sklearn, sikuii Oymye aHcamOIIb
BUITAJIKOBHUX JIEPEB PIllICHb JJIS perpecii.

GradientBoostingRegressor - kiac 3 6i6moTeku sklearn, skuit Oyaye
aHcaMOJIb epEB PIIICHb 3 BUKOPUCTAHHSIM T'PAIIEHTHOTO TACHICHHS TS
perpecii.

SVR - xnac 3 6i6mioTexu sklearn, skuit peastizye METOI OMIOPHUX BEKTOPIB

JUJIsL perpecii.

Knac MLModelComparison mictuth MeTtoau Ta atpudytu st ctBopenns GUI-

iHTepdeicy Ta MOPIBHIHHS

B mnanax TakoX BKIIOYUTH TakoX 10 (PyHKIIOHANy Taki METOAM SIK: JepeBa

pillIeHb, METOJ] ONTIOPHUX BEKTOPIB HY 1 TaK JaJIi.
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Cnucok BUKOPHUCTAHOI JIiTEPaTypH:
1. G. James An Introduction to Statistical Learning with Applications in R /Gareth
James, Daniela Witten, Trevor Hastie, Robert Tibshirani //Springer-2013-p 15-
368.
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OLIHKA SAKOCTI CTETAHOTI'PA®IYHUX METOAIB 3AXUCTY
TH®OPMAII B 306PAKEHHSAX
Bimaniii [puyunduwun
JIvgiecuKuil HayionansHuil yHisepcumem imeni leana ®panka
Daxynbmem npuKIaoHoi MameMamuxy ma ingopmamuru
vitalii.hrytsyndyshyn@Inu.edu.ua
Beryn

MucTtenTBo NMpPUXOBYBaHHS TAEMHHUX MOBIIOMJIEHH OYJIO IHTPUTYIOUMM AaCIIEKTOM
CHUIKYBaHHsSI TPOTATOM Bciel icTopii monctBa. CreraHorpadis — i€ TeXHiKa, SKa
BUKOPUCTOBYETHCS JJI MPUXOBYBaHHS (DaKTy ICHYBaHHSI CEKPETHUX MOBIJOMIICHb, 1100
iX HE BUSBHB 3JIOBMUCHUK. 3 TOSIBOIO ITU(POBOTO 3B’SI3KYy Ta MPOCTOTH OOMIHY JTaHUMH
cTera”Horpadisi craja Ba)KJIUMBUM I1HCTPYMEHTOM I1H(opMaliiHoi Oe3neku. OcTaHHIM
4acOM BaXIIMBICTh CTeraHorpadii eKCIOHEHIIaJbHO 3pociia 13  30UIbIICHHSM
K10€p3JI0YMHHOCTI Ta CTEKEHHS.

Jlane gocnipkeHHsT Ma€e Ha MeTi 3a0e3MeuuTH BceOluHe po3yMiHHS cTreraHorpadii ta
3poOuTH BHECOK Y cdepy 1H(]popMalliitHOT Oe3MeKH IUIIXOM OLIHKYA €()eKTUBHOCTI Pi3HUX
cTeraHorpapiyHMX METOMIB MPUXOBYBaHHS 1H(OpMAaIlli B PACTpPOBUX 300paKeHHSX.
Pe3ynbpraté 1bOTO MOCHIIKEHHS MOXYTH JOIMOMOTTH TMOKpAlMTH Oe3neKky HudpoBOro
3B’SI3KY NUJISXOM BU3HAYEHHS HalWe(EKTUBHINMIMX METOJIB 1 pO3pOOKH Kpamux CrocoOiB
3axXUCTy KOH(IIEHITIHHOT iH)OopMaIi.

ITocTanoBka 3agxaui

Creranorpadis nepegdadae MpUXOBYBaHHS MOBIAOMIICHHS Y 1H(OpMaIlii B 1HIIOMY
HOCI1, HanmpHKIaa, 300paxkeHHi, ayniodaiiiili 4u TEKCTOBOMY JOKYMEHTI, 100 11e Oyso
BAKKO TOMITUTH BHUIIaJIKOBUM criocTepiradam. OCHOBOIO MeTOw creranorpadii €
PUXOBYBaHHS caMme (pakTy mepeadi, a He (PaKTUIHOTO 3MICTY 1H(pOpMAIIii.

Puc. 1 umocTpye 3aranbHy cucTeMy cTeraHorpadii, sika J03BOJISE€ BIANPABHUKY
TAEMHO TIepeIaBaTy MOBIJOMIICHHS OTpUMYBady. BifmpaBHUK MOYMHAE 3 CYNPOBIAHOTO
MOBIJJOMJICHHS (KOHTEWHEpa), SIKe MPUXOBYE BOyIOBaHy i1H(GOpPMAIIIO 32 JOMOMOTOIO
CTeraHorpa(piqyHoro alropuTMy, BAKOPUCTOBYIOUM cTerokitod. [1lo0 BuTsartu BOyaoBaHe
MOBIJIOMJICHHSI, OJICP>KyBay PO3MOYWHAE TIEH Tpoliec (BUTATYBaHHS), BUKOPUCTOBYIOUH
TON caMuii a00 TOB’s3aHUMN CTErokarod. [loBimOMIEHHS KOHTEHHEpa Ta TMOBIIOMIICHHS
CTEro MOBUHHI MaTH OJIHAKOBUM THI, ajie BOYJIOBaHE MOBIJOMJICHHSI MOXKE MATH 1HIIUH
tun  jgaHux. Ocoba, sKa HamaraeTsCsi arakyBaTh a0o0 aHajJi3yBaTH CHUCTEMY

crera”orpadii, He Ma€ monepeAHboi 1HpopMallii Ipo Te, YW € B KOHTEHHEPI NPUXOBaHE
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MOBIJJOMJICHHS. SIKIIIO JOBENEHO, MO0 B MEPEXOIUICHOMY KOHTEHWHEpi ICHy€ MPUXOBaHE

HOBi,ZIOMJ'IeHHH, TO CTCTOCHUCTCMA BBAKAECTHCSA CKOMIIPOMCTOBAHOIO a0o0 3J1aMaHoIo0.

Karoy CTEEO_ Koy
KOHTEHHEP
KoHTelHep i _ L - KonTeiiHep
| BEYOOBYBAHHA - BUTANYBAHHA |
MNosigomMmneHHA S MNosigomneHHA
3NOBMHCHUE

Puc. 1. Y3aranpHeHa cxema cucTemMu creraHorpadii.
IIpuxoByBaHHS JaHUX B PACTPOBHUX 300pasKeHHAX
MeToau CTBOpPEHHSI CTET€KOHTEWHEPIB MarOTh MEBHI OOMEXKEHHs LI0JI0 pO3MIpY
MOBIJJOMJICHHA Ta HAJIAHICTIO MPUXOBYBAaHHS. 31 3pOCTaHHSAM pPO3MIPY MOBIJOMIICHHS
30UIBIIYETHCS] 1 PO3MIP CTETOKOHTEMHEpa, KpiM TOro, 1€ MOXKE MPU3BECTH JO TIpIIOi
SKOCT1 300paKE€HHs, y pe3yjbTaTl 4Oro € WMOBIPHICTh BUKIMKATH MiI03pYy. Takum
YUHOM, ICHY€ KOMIIPOMIC MIK HAJIHHICTIO MPUXOBYBAHHS Ta PO3MIPOM IOBIIOMJICHHS,

K Toka3zaHo Ha rpadiky Puc. 2.

L

HagirHIicTb NpUxoBYBaHHA

Posmip nosigomneHHs, Kb

Puc. 2. ImocTpartist 3a5eKHOCTI Mk HaAIMHICTIO TPUXOBYBAHHS MMOB1IOMJICHHS Ta HOTO
PO3MIpOM.

Jlns mpuxoByBaHHS AaHUX y (ainax 300pakeHb BUKOPUCTOBYIOTh Pi3HI METOAM.
OnumieMo METOZ 3aMiHM HaliMEHIN 3HAYyIIOro 0iTa Ta METOJ HepeTBOpPEHHs. IXHs
e(EeKTUBHICTh MOXE 3MIHIOBAaTHCh B 3aJIEKHOCTI B TUIYy BUKOPHCTAaHOrO (opmMary
KOHTEHUHEDPA.

MeToa 3aMinu HaliMeHI 3Ha4yoro oira. (LSB)

Peasnizaitis iboro METOy Bii0OYBa€ThCS 3a HACTYIHOIO cxemoro (Puc. 3):

1. CekpeTHe TMOBIIOMJICHHS TIEPETBOPIOETHCS Yy JBIMKOBUM (oOpMaT MIISTXOM

NEPETBOPEHHS KOXKHOTO CUMBOJY Yy BianosigHe 3HaueHHda ASCII, a notim y 8-
OITHUI NBIKOBUIA KOJI.
2. OOupaeThCcs KIIIOY, KU BKazyBaTHMeE Ha 1U(pPYy B IBIKKOBOMY MIpEICTaBJIEHI,

SKY CJI1J] 3aMIHUTH.

92



AMICon-2023

3. OOupaeTbcsi KOHTEWHEP, Yy SKOMY JOCTaTHBO Micls sl BOYZOBYBaHHS
JIBIMKOBOI'O ITOB1JOMJIEHHS.

4. KoHTeltHep pO3aITIOETHCS Ha MIKCEIT.

5. 3aMiHIOETHCS HAaWMEHII 3HAYYIIHI OIT KOXKHOTO TIKCeNs (BIAMOBIAHO 10 KITFOYA)
O0iTOM 13 TIOBIJIOMJIEHHS, SKE€ NOTPIOHO MPUXOBATHU, MO0 BCTaBUTH MHOTO B
KOHTeiHep. 3MiHN He OyAyThb MOMITHUMH AJIi OpraHiB 4yyTTs, 00 JaHUN METO.
Ma€ HaMEHIITUI BIUIMB Ha KOJIIP TMIKCEIIs.

6. MonugikoBuii KOHTEHHEP HAJICHUIIAIOTh PU3HAUYCHOMY OJICpP)KyBady, SKHUI MOXKe

BUTATHYTH BOYJJOBaHE MOBIJOMIICHHS 3a JIOIIOMOTOIO TOTO K CAMOTO METOJTY.

o ) Mikceni 30bpakeHHnA
Bxigni paHi KOHTelHepa
[tjof2fof2f2fofo] [2]2]afojofrfofs] [of2fofafrjof1f1] [ofr]1fofof1]1]1]

MpuxosaHi Aari [1lofa)a)aJofoJo] [s]ofx]1]1]o]o]o]

[1]of2fof2]2[ox] [x)xf2oJofs]ofo] [ef2fxfaf2]22]x] [of2]2[ofof2]2]x]

Mikceni
cTeraHorpadiyHoro
306pareHHnA

BuxinHi naHi

Puc. 3. Cxema meToy 3aMiHM HAitMEHII 3HAYYIOTO OiTa.

MeToa THCKPETHO-KOCHHYCHHX nepeTBopenb. (DCT)

Peanizaitist 1boro MeToay BiIOYBAETHCS 32 ANITOPUTMOM:

1. CexpeTHe MOBIJOMIICHHS IEPETBOPIOETHCS Y ABIMKOBUI (hopmar.

2. OOupaeThCcsi KJIIOY, AKUW BU3Hauae, ski koedimientn Matpuii DCT OynyTh
3MiHEHI.

3. OOupaeThCcsi KOHTEHHEp, Yy SKOMY € JOCTaTHBO MICI sl BOYIOBYBaHHS
MMOB1JOMJIEHHS.

4, 300paxkeHHs PO3ALTIOETHCS Ha OJI0KM Ta 3acTocoBYeThCss DCT-niepeTBOpeHHS 10
KOHTEIHepa 3a JO0MOMOror (GopMyid, sika MEpPEeTBOPIOE HOro Ha MAaTPHIlO

YaCTOTHUX KOEQIII€HTIB:

F(u,v) = i C(uw)C(v) El 1 Z;" 1 f(x,y) cos (2x+1)un cos Qy+vm
4 x= =

L @

2n 2m
ne F(u,v) —xoedimient yactotu B (U, V), f(x,y) — 3naueHHs mikcens B (X, V),
n, m — po3mip 300paxkenus, C(u),C(v)— xoedimieHTn MacmTaOyBaHHS, SKi

Bu3HavyawThess sak: C(u) = C(v) = 1 / , kom u,v =0 Ta Cuw) =
2

N

C(v) = 1 B IHIIKX BUMAJKaX.
5. 3HaxonATbcs ABa KOe(ilI€HTH B KOXKHOMY OJIOI 3 HAaHMEHIIUMHU a0COIIOTHUMU
3HaYeHHsSMH (@00 BIJAMOBIAHO JO KJIIOYa), SIKI BIAMNOBIAAIOTh HAWBUIIUM
YaCTOTHUM KOMITOHEHTaM.

6. 3amiHIOETHCS MOJIOAITUHM O1T KOe(DIIIEHTIB HA 01T 3 CEKPETHOTO MOB1IOMJICHHS.
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Jlis ouiHKM €(pEeKTUBHOCTI CTeraHOorpapiyHUX METOJIB BUAUIUMO KPUTEPIi OLIHKH
crerocucteM. PSNR 1 MSE € 3arajpHOBXMBAaHUMHU MOKAa3HUKAMH JUIS OLIIHKH SKOCTI
3MiHEHUX a00 cTHCIUX 300paxeHb. MSE o0Ouuciioe cepeHio KBaJIpaTUYHY PI3HUITIO
MK 3HAQUYEHHSMHU IIKCETiB ABOX 300pakeHb. Menmn 3HaueHHS MSE BkasyloTh Ha

OUTBIITY CXOKICTh MK JIBOMA 300payKCHHSIMH.
1
MSE = __yn ym (C =S )2, (2)
xxy “x=14“y=1 xy x,y

ne Cy, — 3HAYECHHs IIKCENS IOPOKHBOTO KOHTEHHEpa, Sy, — 3HAYEHHS MIKCEs
3alI0BHEHOT'0 KOHTEHHEepa, 1, M — KUIBKICTh PSAAKIB Ta CTOBIIIIB B MacuBi C.

PNSR BpaxoBye jiama3oH 3Ha4eHb MIKCENIB Ha 300paXeHHI Ta BUMIPIOE
MaKCHMaJIbHE CHIBBIIHOIICHHS 3HAYCHHS IIKCEISA A0 CepeHbOI KBaIpaTUIHOI OXUOKHU
MDK JIBOMa 300pakeHHsAMHU. Buii 3HadeHdss PSNR cBiguaTe mpo OUIbIIY CXOXICTh MK

JIBOMA 300pa’KEHHSAMH.
MAX?

PSNR = 10 x logio (— - 3)

MSE
IIpeacraBieHHs pe3yJbTATIB

BuxopucroByroun MoBy mnporpamyBaHHs Python BOymyeMo TeKCTOBI ngaHi B
300paxkenHs mertogamu LSB Tta DCT. Monudikanii He MOMITHI OpraHaM 4yTTs JIFOJUHH,
TOMY 3a JIOOMOTOI0 OHJIAMH-pecypcy, B1IOOpa3WMO PI3HUIIO MDK TOPOXKHIM Ta

3allOBHEHUM KOHTeitHEpoM .bmp dopmary.

Puc. 5. Pi3Hutis mix mopokHiM Ta 3all0BHEHUM KoHTelHepoMm metoay DCT.

st ominku edexktuBHOCTI MeTo11B 00unciumo PNSR Tta MSE Ta BigoOpa3umo ix B
Taby. 1, mpu pi3HUX po3Mipax BOYJOBAHOTO MMOBIIOMJICHHS.

Ta6m. 1. IlopiBHSIHHS KPUTEPIiB OIIHKK METO/IIB.

94



AMICon-2023

Po3mip LSB DCT
nositomsieHHst |  PNSR MSE PNSR MSE
64 88.95 0.0001 32.04 40.58
128 85.91 0.0003 32.01 40.62

BucHoBKH

Creranorpadis Bifirpae BaXJIUBY pojib y 3a0e3leyeHHl Oe3MeyHOro 3B’SI3Ky Ta
3aXUCTY KOHQIICHIIIMHUX JaHUX. 3aBISKH TOCIIHKEHHIO OyJIO OLIHEHO €(EeKTHUBHICTh
JIBOX METOIB, a caMme 3aMiHM HaWMEHII 3Ha4yylIoro OiTa Ta AUCKPETHO-KOCHMHYCHHX
nepeTBopenb, 3a gonomororo PNSR ta MSE. Bussieno, mo 31 30UIbIIEHHS pO3MIipy
CEKpPETHOTO MOBITOMJICHHS TIOTIPIIY€ThCA HAIIMHICTh TPUXOBYBaHHS, 3HUKY€EThCcsi PNSR
ta 301uIpIyeThess MSE, 1o, BiacHe, 1 BiANOBijae TeopeTuuHoMy matepiany. Illomo
BUOOpPY METOAY: Kpalll pe3yJibTaTH MOKa3aB CHOCIO 3aMiHM HAaWMEHII 3Hadyuioro Oita,
OpOTE BIIOMO, L0 METOJ JUCKPETHO-KOCMHYCHUX MEPETBOPEHb € OUIbLI CTIMKUM J0

CTCroarTrak.

Cnucok Jiteparypu
1. Amirulhagi A. A Comparison of Steganography in the GIF Image using LSB and
Spread Spectrum Method / A. Amirulhagi, T. Purboyo, R. Nugrahaeni // Journal of
Engineering and Applied Sciences 15.— 2020. 247-251.
2.Kharrazi M. Image Steganography: Concepts and Practice / M. Kharrazi, H. Sencar,
N. Memon // WSPC/Lecture Notes Series. — April 22, 2004.— 31 pp.
3.Zaidan A. Overview: Main Fundamentals for Steganography / A. Zaidan, B. Zaidan,
O. Alanazi // Journal of Computing. — 2010. — Vol. 2
4.Kumar S. Hiding the Text Messages of Variable Size using Encryption and Decryption
Algorithms in Image Steganography / S. Kumar, G. Singh, T. Kumar, M. Nehra //
International Journal of Computer Applications. — 2013. — Vol. 61.
5.Steganography in Digital Media: Principles, Algorithms, and Applications, 2009. —
466 pp.
6.Free online diff checker tool to compare two image files. [Enextponnuii pecypc]. —

Pexum noctymy: https://www.textcompare.org/image/
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PO3B'SI3YBAHHS OJHOBUMIPHUX KPAWOBUX 3AJIAY
METOAOM CKIHYEHHUX EJIEMEHTIB

Manawmnsax Mapis
JIvsiscokuti HayionanvHuu yHigepcumem imeni leana @panka
Daxynemem NpuKkIaAOHOi MamemamuKu i iHpopmamuxu

mmalashnyak@gmail.com

@®opMyJIIOBaHHS KpPaioBoi 3aj1a4i. . Po3risiHeMo kpailoBy 3aauy

B d du(x) du(x) B
F () ) =+ o(u@ = f) v €@ (L)

AKa 33JJ0BOJIbHAE TaKl KpailOB1 yMOBU
u(0) =0,

2 = au() -1 (1.2)
dx x=1

Tyt u=ulx),B = Bx),0 =0(x) Ta f = f(x) — 3amgani GyHKIT TaKi, 10
u(x) = po = const > 0,0(x) =0 (1.3)

U B,0 € L°(Q), f € L2(Q)
0=>0 ,u— 3amaHi crani.
Bapianiiine ¢gopmyBanHsi kpaioBoi 3ana4i. KpaiioBa 3amaua qomyckae BapiauiiHe

dbopMyBaHHS BUTIIALY:

3HAWUTH U € V Taky, 110

c(u,v) =<Lv> VYveV ()
3 TAKMMH CTPYKTYPHHUMHU CIICMCHTAMU
V:i=H!'={veH':v(a) =0}
{ c(u,v) == gb (u ne + ,Bd_uv + ouv) dx + au(b)v(b) 3)
dede ' dx

{ <lLv>= [ fvdx+dw(b)
OuinoBay anpoxkcuMamii MOXUOOK JIs YACTHHAMHU JIiHIHHOI anmpoxkcumanii. Mu
BUKOPHCTOBYEMO TIOCJIEMEHTHO BU3HAUEHUH arnoctepiopHuii ormiHtoBad noxuoku MCE y

BUTJISIAL PO3BUHEHHS:
en(x): = Xlo' A1y, by, (%) (4)
Jie JNOKaNbHUN HOCIH supp b; 1, = K; 1, 1 Ha 1pOMy eneMeHTI OasucHa QYHKLUii B
2 2
JIOKAJIbHUX KOOPJMHATAX OIMCYETHCS BUPAa3oM b, 1 /Y= 40(&)w(é).

OuinoBay anpoxkcuManii MOXUOOK JJisi YACTUHAMM KBAJAPATHYHOI ANPOKCHMAIIII.
OmiHtoBay MoxuOOK OyayeMO Ha KOXKHOMY CKIHYEHHOMY €JIE€MEHTI BHUKOPHCTOBYIOUH

KyO14HI MTOJIIHOMH BUTJISIAY:
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(eis17,(©) = [WEOIEHOE — (YA, -
véel[-1;1],vi=0,..,N—-1
OuiHoBay anpoxkcuManii MOXMOOK I YACTHHAMHM KYOIiYHOI ampokcumanii.
OrmiHtoBay MoxuOOK OyAyeEMO Ha KOXXHOMY CKIHYEHHOMY €JIE€MEHTI BUKOPHCTOBYIOUH
MOJIIHOMH YETBEPTOTO MOPSAKY BUTIISIY:
eit) (©) = 162D,
144 é [-1;1], vi=0,..,N — 12 ©)

Crparerii amantyBannss cirok MCE. Ha xoxHOMYy CKIHUEHHOMY €JIEMEHTI

MepeBIPSIEMO YU BUKOHYETHCS HEPIBHICTD

.1, > eps, 7
Mipls, > €D (7)
VN|lenl|41 . .
ne Niyly, = _2+_/27 100%, ||ex ||i+1 /, — aIOCTEPIOPHMI OLIHIOBAY IOXUOKU s

Vilunlly+lenlly
JTHIKHUX anpoKcuMarlii, ||up||y — eHeprermuHa HOpMa pO3B’SI3KY Ha CKIHYCHHOMY
eneMmeHTi K, eps — 3aaHuii MaKCUMaJbHO JOIYCTUMHUNA PIBEHb MOXUOKHU.
JInst mOpIBHSIHHS aJanTyBaHHS CITOK METOJy CKIHUEHHHX €JeMEeHTIB Oyio BuUOpaHOo 3
CTparterii.

Crpareris Nel. J[ng BCIX CKIHYEHHMX EJIEMEHTIB BHUPaXOBYEMO 1);,1 4 [lykaemo

koedimient k = max(n,,1 /2)/10 1 MICIIS bOTO KOXEH €JIEMEHT, Ha IKOMY BUKOHYETHCS

HEpiBHICTH (7), AUIMTBCS Ha JEKUIbKA HOBHX, y CIIBBIJHOIICHHI 1,41, : k. AITOpHTM
2

OyJie TOBTOPIOBATHUCS, TTIOKHM X04a O 0JTHA 3 MOXUOOK €JIEMEHTIB BUIIIA HOPMH.

Crparerist Ne2. KoxkeH eleMeHT, Ha SKOMY BUKOHYEThCS HEPiBHICTb (7), OAUIAETHCS Ha
2 piBHI YacTWHH, SIKI B MaWOyTHIN CITII 3aMiHATH HOTO Ha JiBa HOBUX CKIHYEHHUX
eqeMeHTH. Peita eneMeHTiB, sl SIKMX HE BUKOHYETHCS HEPIBHICTH, 3aJMIINAETHCS 0e3
3MiH 1 pa3oM 3 yciMa HOBOYTBOPEHUMH CKIHUEHHUMH e€leMeHTaMu (OpMYIOTh YTOUHEHY
CITKY. SIKIIIO JKOJIEH 3 €JIEeMEHTIB HE 3a/I0BOJIBHSIE TAHOT YMOBH, TO MPOIIEC Al TyBaHHS
BBAKAIOTH 3aBEPIICHUM.

PiBHoMmipHe 3rymenHs citku. [Toku xoua 6 0MH 3 €JIEMEHTIB 3aI0BIILHSE HEPIBHICTD
(7), moxinsieMo yci CKIHUEHHI €JIEMEHTH Ha JBa OJHAKOBUX €JIEMEHTH.

IMpuxnan. [Toknagemo B piBHAHHS KpaioBoi 3amaui u(x) = 0.0025, B(x) =0, a(x) =
1, f(x) = cos?’mx + 0.005m2cos2mx. B kpaiioBiii ymoBi BizbMeMo a = 1028, u= 0.
BizbMeMO MOYaTKOBY KUIBKICTh CKIHUEHHHX ejleMeHTIB N=10. OOuuciumo po3B’s30K
HAIIOl KpaloBOi 3agaul  METOJOM KYCKOBO-JIIHIMHUX amnpoOKCHUMAaIliid, 3aJaemMo

MaKCUMaJIbHUI piBeHb NOXUOKHU € = 3%.
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Tabn. 1. Pe3ynpraTu NiHIHHOT anpokcuMarii

Kinpkicts | OcTaTouna MakcumainbsHa I'mo6anpHa
KPOKIB KUIBKICTh €JIEMEHTIB | BIIHOCHA MOXHOKa | MoxuOka
Crpateriss | 6 89 1,318 5,994
Nel
Crpareria | 10 107 2,981 1,727
No2
PiBHOMIpHE | 7 640 1,56 0,38
3TYLICHHS
CITKH
Tabu. 2. Pe3ynabTaTi KBapaTUUHOI allpOKCUMAIIii
Kinekicte | OcTatouna MakcumanbHa ['mo6anpHa
KPOKIB KUIBKICTb €JIEMEHTIB | BIJIHOCHA MOXUOKa | MOXMOKa
Crpateris | 4 43 2,807 1,474
Nel
Crpareriz | 5 43 2,807 1,462
No2
PiBnomipne | 4 80 2,088 0,534
3TYLICHHS
CITKH
Tabmn. 3. PesynbpTaTl KyOI14HOT anpoKcuMartii
Kinekicte | OcTarouna MaxkcumanbHa ['moGanbHa
KPOKIB KUIBKICTh €JIEMEHTIB | BITHOCHA MOXHOKa | MOXUOKa
Crpareris | 4 54 2,901 0,121
Nel
Crpareris | 6 67 2,913 0,119
No2
PiBnomipne | 4 80 1,871 0,011
3TYIICHHS
CITKH

3 pe3yabTaTiB y Tabmuugx 1-3 MokHa 3poOUTH BHCHOBOK, 110 €(pEKTUBHICTh CTpATETiid

Nel ta No2 mepeBaxkae Ham piBHOMIpHUM 3rymieHHsAM ciTku. Ctparteris Nel motpebye

MEHIIOI KIIBKOCTI KPOKiB, IPOTE OCTATOYHA KIJIBKICTh €JIEMEHTIB B CTpaTErisix Maiike

OJIHAKOBA Ta 3HAYHO MEHIIIA 32 PIBHOMIPHE 3TYIIEHHS CITKH.
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YUCEJBHOI'O PO3B’SI3YBAHHS TPUBUMIPHOI 3AJIAYI
PEKOHCTPYKHIi I'PAHUIII
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JIvsiscoruti HayioHanbHuu yHigepcumem imeri lIeana Opanka
Dakynomem NPUKIAOHOI MamemMamuxku ma ingopmamuxu
Arkadii.Marchenko@Inu.edu.ua

Beryn

3amaya pPEKOHCTPYKLII TpaHMIl TMOJSIrae y BiAHOBIEHHI (OPMU BHYTPIIIHBOI
TpaHMII 32 BIAOMHX T'paHWYHUX yMOB. LIs 3amaua € akTyanpHOIO y 0aratbox 00JacTsX,
BKJIIOUAIOYN MEAMIIMHY Ta reojesito. BaxinBo 3a3HaunTH, 110 BOHA € HEKOPEKTHOIO 32
AJlaMapoM B CEHCI BIJICYTHOCTI CTIMKOCTI 3a BXIJIHUMH JaHuMU. lle mpusBoauth 10
HEOOXI1THOCTI PO3POOKH CIEHIAIbHUX PEryJIIpU3yIounx MeToiB. B maHiit po6oTi Mu
HaBEJIEMO METOJ Ha OCHOBI T'€HETUYHOTO MPOTrpaMyBaHHs, SKHM, HA BIAMIHY BiJ 1HIIUX
NIOXO0IB, MOTpeOye nuile O0araTopa3oBOro pO3B’A3KYy MPsAMOI 3aaayl Jyuisl OLIHKHU
HaOMKEeHHA. SIK TpHKiIaa JOLUIBHOCTI 3aCTOCYBaHHS EBOJIOLIMHUX AJITOPUTMIB IS
00epHEeHUX 3a7]a4 HaBesieMo poboty [1].

ITocTanoBka 3agaui

Po3srnsHeMo TpuBMMIipHY 00sacTh De R3, sika CKJIaIaeThCcs 3 JABOX MOBEPXOHBb I
(BHyTpimHs) Ta I, (30BHimmHs). Hexaii 3amana ¢yskmis ueC?D)C(D), ska €

po3B’a3k0M piBHsAHHA Jlamnaca
Au=0 B D (1.1)

Ta 33J]0BOJIbHAE KpaiioBl ymoBH Jipixne-Heitmana
ou
U=0 na T, Ta gzg na T2. (1.2)

Hexait Takox 1151 pikcoBaniit pyHkIli g =0 Mmaemo ymoBy [ipixie

u=f ua Iy. (1.3)

Toni 3amaua nmosidrae y BiIHOBJICHHI BUTJISIAY MTOBEPXHI ['1 TIPH 3aaHUX TPAHUYHUX

ymoBax (1.2)-(1.3).

Ockinbku mpsima 3amada (1.1) 3 ymoBamu (1.2)-(1.3) € mepeBu3HAYEHOIO, TO
BUKOpUCcTaEMO yMOBY (1.3) /uis omiHKH po3B’s3Ky U mpH QikcoBaHiii moBepxHi I'1. To6TO

3BEAEMO 3a/IaHy 3a/1a4dy JI0 HACTYITHOI 3a7a4l MiHIMI3aIlii:

J=lu—f & ,—min. (1.4)

Po3B’s130k mpsiMoi 3a1a4i
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3acrocyeMo MeTonl (yHIaMEHTAJIBHUX PO3B’SI3KIB MJS PO3B’SI3yBaHHS MPAMOI
samaui (1.1)-(1.2) (meramphime B [2]). st mporo mpuimmyctumo, mo noepxHi I, ta T,

BaI[aHi MmapaMCTpUuIHO HACTYIIHUM YHHOM!

I, :{XZ (9,(p) = (X21(el(p)l X2 (el(p)l X23(9,(p)),0 E[O;TC],(P E[Of 27[]}1
'y ={x1(0,9) = r(0,0)-(sin6 cose,sinb sing,cosb), 6 [0;n], ¢ €[0,2r]},

ne r:[R3—(0,00) 3amaHa 2n nepioguvHa QyHKILS.

Tomi po3B’s30K MPSAMOT 33]1a41 MOYKEMO MOJATH Y BUTJISII HACTYITHOI CyMH

0,00 = Y0 (x, y;), XeD, (1.5)

1
ge neN, @xy)=_.

o T XY, Xx,ye R® GdyHIaMEHTaIbHUI PO3B’SI30K PIBHIHHS
T |x-y

Jlannaca (1.1), A=A, 1 .., A )" HeBigomi KoedilieHTH, Y BHOpaHi TOUKH JKEpeEa.
1 2 n i

Touku IDKCPCIIa BI/I6I/Ipa€MO 3d HACTYIIHHUM IIPpABUJIOM:

QZXz ©,,0,), o1 napnux K, (1.6)
Y*="0.5x (0 ,¢ ), 0ns nenapnux K,

Jc

0 ="4 o =1 j=L..n x=x®.0) i=12. (1.7)
n | i 0

BukopuctoByroun MeETOJ  KOJIOKAallli, OTPUMYEMO CHUCTEMY PpIBHSHb  JJIs
3HAXO/’)KEHHS HEBIIOMHX KOE(DILIIEHTIB A

IEx_cp(x Y)=0,i=1,..,n,

= acp(lx ,Jy ) (18)

IS vy = g2 i=1in,
LJ':l 2i

Ky PO3B’A3yEMO METOJO0M HaWMEHIIIUX KBaJpaTiB: ATAL=ATb, ne A MaTpuIls 3aJaHa
cuctemoro (1.8), a BekTop b BiAMOBIAHUMU MPAaBUMH YaCTHHAMHU.
I'eHeTH4YHE MPOrpaMyBaHHSA

['enetnune mnporpamyBanHa (mami ITI) € omHUM 3 EBOMIOMIMNHUX METOIIB
ONTHUMI3aIli AKUN MIATPUMYE TOMYJIALI0 1HAUBIAIB P(t) ={th,vt2,...,vtN} (NeN - po3mip
nomyJisiiii, t — HOMep iTeparlii), Kl B CBOIO Yepry MPEICTaBIICHI Y BUTJISAII JepeBa 1
3a/1al0Th KOHKpeTHY (QyHKIit0. JlepeBo, ske 3amae KOHKPETHUH I1HIWBIA, YacTo
Ha3UBAIOTh “‘KOJIOM”.

B ocnoBy I'TI noknazeHi MexaHi3Mu aHaJIOTTYH1 IPUPOIHBOMY B1AOOPY, a caMe:

e Bino6ip — BuOip iHAMBIAIB HA OCHOBI 1X GyHKIIIT moxuOku eval(V!).

e CxpemeHHs1 — KOMOIHYBaHHS “Koay” BUOpaHUX 1HAMBIAIB (puc. 1.a).

e Myranis — 3miHa “Koay”’ 1HAWBiZA 3a3MaJierib BU3HAYCHUMU OIepallisiMu

(puc. 1.06).
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3aranbHUN ATOPUTM TOJISTA€ Y MOCTIIOBHOMY B1AOOpP1 Ta OHOBJICHHIO MOMYJISLIT

pCI’OSS Ta pmut

BIAMOBIAHO. B SKOCTI PO3B’SA3Ky MU BHOMpAEMO IHAWBINA 3 HAWKPAIIOK OI[IHKOIO.

IUIIXOM 3aCTOCYBaHHS CXpEILIEHHS Ta MyTamii 3 WMOBIPHOCTSIMHU

JletanpHilne nNpo reHeTUYHE MporpamMyBaHHs B [3,4].
Puc 1. Ilpuknaz onepaiiiii cxpemieHHs Ta MyTartii

B H:
Bartbkn Hamaaku arero aumamoi

() () () ()
0 @==0 @ & @ ¢ @
OO OWOH @ OO @O0 OO T

©
(@)

YucebHI eKCIIEPUMEHTH
Hagenemo pe3ysibTaTi YHCEIbHUX €KCIIEPUMEHTIB, IPH HACTYIHIN

KOHQIryparii:
N pcross pmut n r(G,(p)
500 70% 30% 32 2+1/4.25+ 3c0s(30)

Tabmuus 1. Kongirypaiiis mporpamu.
['panwuirio I'; 3adikcyeMo K Kyiro paaiycy 5.
OckiJIbKY 3aj1aHa 33j1a4a € HEKOPEKTHO0, TO HABEJIEMO Pe3yJIbTaTH JJIsl TaHHX 31

30ypeHHsIM, sIKI (POPMY€EMO HACTYITHUM YHHOM:
9°=g+3(@2n-Dlgl..

Jie & Hamepen 3aJaHui BIICOTOK 30ypEeHHs, a 1| BUIMAJAKOBO 3r€HEPOBAaHE YHUCIIO.

B Tabnuiii 2 HaBeeHO pe3ynbTaTh BUKOHAHHS MPOTPaMU ISl pi3HOTO PiBHA
30ypenHs & . Ha pucynky 3 HaBeACHO BHUIJISIT PEKOHCTPYHOBAHUX MTOBEPXOHb IS
TOYHHUX JaHuX Ta 31 30ypenusaM (3.a — 0%, 3.0 — 2%, 3.8 — 5%).

3a pe3ynbTaTaMu YUCEIbHUX EKCTIEPUMEHTIB MOXKEMO CTBEPKYBATH, 110
JTAaHUHM METO]I € 3aCTOCOBHUH JI0 33/1a41 peKOHCTPYKIIIi TpaHuIL.

8 iTeparis J
0% 63 4.930237815166275
2% 1883 15.41524154555154
5% 1971 25.874657870487184

Tabmn. 2. Pe3ynbratu 4ncenbHUX €KCIIEPUMEHTIB TSI PI3HOTO PiBHSA 30ypeHHS

Puc 2. 300pakeHHsI peKOHCTPYHOBAaHUX TTOBEPXOHB IS Pi3HOTO PiBHS 30ypeHHs
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PO3POBKA CUCTEMM 1JI1 BUJOBYBAHHS IH®OPMAIIII 3
TEKCTY
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Dakynomem nPUKIAOHOI MamemMamuxku ma iH@opmamuxu,

mariia.ponomarenko@Inu.edu.ua, olha.pryadko@Inu.edu.ua

Beryn

3pocTatoya KUIbKICTh TEKCTOBHUX JIaHHUX, JOCTYNHHUX B LHU(PPOBOMY BUIJISII,
CTBOpHJIA MOTPEOY B aBTOMATU30BAHUX CHCTEMaxX MOIepeaHboi 0OpOoOKH Ta aHaJ3y
tekcry. 1106 BupimmTu 110 IpodsieMy po3poOMMO CHCTEMY, IO aHAJI3Y€E TEKCT,
NUISIXOM ~ pearizamii OCHOBHUX (yHKIIH BuaoOyBaHHs iHopmarlli, a came:
BUSIBJICHHS KJIIOUOBHX CJIIB Ta PO3MI3HABaHHS IMEHOBaHUX cyTHOcTell. Llg cuctema
OyJe KopucHa JOCHTITHUKaM, BUKJIaJjadaM Ta CTyJ€HTaM, SKUM MOTPiOHO IMIBHIKO Ta
e()eKTUBHO aHaJII3yBaTH Ta PO3YMITH CKJIJHI MUCbMOBI MaTepiain. Takox qo1aMo
(GYHKIIIO CKaHyBaHHS JOKYMEHTa, OCKIUJIbKM TEKCTOBa 1H(oOpMaIlids MOXe

30epiraTucs He TUIbKU B TEKCTOBUX JOKYMEHTaX, alie 1 Ha (oTorpadisx.

BuninenHs KiIO4OBUX CIIB Ta PO3IMI3HABAaHHSA 1MEHOBAHMX O0'€KTIB (@HTIL
Name Enity Recognition, NER) € BaxxnmuBumu meromamu B oOpoOlli MPUPOIHOT
MOBH, SIK1 JI03BOJISIFOTh aBTOMATUYHO 1IEHTU(IKYBATH BAXKJIMBI TEPMIHU Ta 00'€KTU
B TEKCTOBUX JaHUX. J[JIS BYCHMX 1 JOCIIJAHHUKIB, SKI YUTAIOTh 0arato crartei,
BUJYUYCHHS KJIIOYOBUX CIIB € IIHHAUM I1HCTPYMEHTOM, SIKMM MOXE IIBUIKO
BU3HAUYUTH HAWOUIBII 3HAUYIIl MOHATTA 1 TEeMH B akKaJeMiuHMX cTarTsax. Lle
JI03BOJISIE TM IIBHJIIIIE OTPUMYBATH YSIBJICHHS PO OCTAHHI JOCIIHKCHHS 1 BUSBIISATH

HOBI TEHAEHII1 y CBOil ramy3i.

Amnanoriuno, NER moxe OyTd KOpUCHUM 1HCTPYMEHTOM JJIsl CTYJEHTIB, SIK1
YUTAIOTh ICTOPUYHI TEKCTH, I03BOJIIOUM IM IIBUAKO Ta €(pEKTUBHO 11I€HTU(]IKYBATH
KJIIOUOBHX 0C10, MicIf Ta Mojii, 3rajaHi B TekcTi. lle He imme mgomomarae im
Kpallle 3p03yMITH ICTOPUYHUN KOHTEKCT TEKCTY Ta 3HAYEHHsI 3rajlaHux Oci0 1 MOIiH,
ane ¥ eKOHOMUTb 4Yac 1 pOOUTh TMpolec HaBYaHHS OUIbII E(PEKTUBHUM.
ABTOMAaTHU3YIOUHM TIPOIEC PO3IMI3HABAHHS IMEHOBAaHUX OO0'€KTIB, JaHHA CHUCTEMa

POOUTH TIPOIIEC aHATI3Y Ta PO3YMIHHS 3MICTY TEKCTY OUIBII MIBUIKUM.

Mertoro poboTu € po3poOka yHi(piKOBAHOT CUCTEMHU JJIsI ONIPAIIOBAHHS TEKCTY
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HIOMICTUTUME B CO01 HACTYNMHUI (YHKIIIOHAJ: BUSBJICHHS KJIIOUOBUX CIIIB B TEKCTI,
pO3Mi3HABaHHS IMEHOBAHUX CYTHOCTEW, IIJISIXOM JIOTPEHYBaHHS MOBHOI MOZEi
BERT (anrn. Bidirectional Encoder Representations from Transformers), ¢pyHnkiis

pO3Mi3HaBaHHs TEKCTY 3 GoTorpadii.

PeaJjrizaniss cucreMu

Jnsa peanizaiii JECKTOMHOI CUCTEMH ISl OMPALIOBAaHHS TEKCTY HAMHMCAHOTO
aHTJIINChKOI0 MOBOIO 00paHo MoBy Python 1 Bukopucrano 6i6mioTexky PyQt ms
cTBopeHHs 1HTepdeiicy. Cucrtema MATPUMYE 3YUTYBaHHS TEKCTY SK 3 PI3HUX
TEKCTOBUX (pailyiB, Tak 1 300paxkeHb. KopucryBau MoOXe CKOpHUCTAaTUCS IBOMa
3alPONOHOBAHUMU  (YHKI[ISIMM, TAKUMHU SIK: BHSIBJICHHS KIIOYOBUX CJIB 1
pO3Mi3HAaBaHHS IMEHOBAHUX CYTHOCTEH.

JUIs TMOKpallleHHsT TPOLECY BUSIBJIECHHS KIIOYOBUX CHIB JJI TEKCTIB IO
MICTATh 1HQOpPMALIIO 3 pi3HUX oOnacteil Oyiu 00’ e€AHAHHI TEXHIKM TEMAaTHYHOIO
monemoBanHst Latent Dirichlet Allocation (LDA) Ta TexHIKM 3HaXOHKCHHS
peleBaHTHUX CIIOBOCHONyYeHb B TeKcTi. LDA - me reHeparuBHa IMOBIPHICHA
MOJIeb JIsl HA0OPiB 3rpynoBaHuX AUCKpeTHHX nanux [1]. Texnika LDA oOuuciioe
YMOBHUI PO3MOAUT IPUCBOEHHS TEM ISl KOHKPETHOTO CJIOBA B KOKHOMY PEUEHHI,
3a YMOBH, III0 MU HE 3HAEMO TEMATHUHY MPUHAJECKHICTH MOTOYHOTO CIIOBA, alie
3HAEMO TaKl MPUHAJIEKHOCTI IO BCIX IHIIMX CHIB y TeKcTi [2]. YV pemTi pemt
MOXIJIMBHUM CTajJ0 OTPUMaHHS TPYN CIIB JJIsi KOXKHOI TE€MH, SIKI BBa)KAIOTHCS

KIIFOYOBHMMH CJIOBAMH, IO OITUCYIOTH JOKYMCHT.
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Ha nmanomy erami pesyibTaT CKJIQIA€ThCs JIMINE 3 YHIrpaMm (OJHE CJIOBO),
TOMY JJIs TOKpAIlleHHs TOTOYHOI'O BapiaHTy peaiizallii JaHHOTO (GyHKIIOHATY,
OyJI0 BUPIIIEHO TaKOX 3HAXOJWUTH PEJICBAaHTHI CIIOBOCIIONYYCHHS B TEKCTi. Jlms
IIOTO 3HAXOJUMO HANOUIBI BXXKUBaHI OIrpaMu (CIIOBOCTIOYICHHS, 110 CKJIAIA€THCS
3 IBOX CIIIB) cepell SIKUX OOMpaeMo Ti, 110 CEMAHTUYHO HAMOUIBII CXO0X1 JI0 BCHOTO
JIOKyMEHTa 3a JOTIOMOTOI0 TEXHIKM BOyAyBaHb pedeHb. Pe3ynbryrounii HabOip
KIIIOYOBUX CIIB TMPEACTaBIsi€ COOOI0 TMOENHAHHS CIHCKYy oOpaHux Oirpam Ta

yHIpaM oTpUMaHuX 3a gornomoror LDA.

3a nonomoror MoBHOI mMojneni BERT peanizoBano (yHKIIiI0 po3mi3HABaHHS
iMmeHoBanux cyTHocTeit NER (anrn. Named Entity Recognition), mo mo3Bossie
KOPHUCTYBauy OTPUMATU TEKCT JI€ € MiJKPECIeHl BIAMOBIIHUMH KOJIbOpPaMU CJIOBa,
[0 CTOCYIOThCA: 4Yacy, JIIOJed, opraHizaiii, reorpadiuHux JoKamid 1
reononiTuuaux TepmiHiB. BERT € ocobnuBo edextuBaum miis NER, ockinbku BiH
MOKe (DIKCYBaTH KOHTEKCTYyallbHI 3B’SI3KM MDK CJIOBaMH B peueHHl. Mojenb
BUKOPUCTOBYE KOHTEKCTHY1H(popMalito, oTpumany Big BERT, mjo0 nporunosysary,
AK1 CJIOBAa € CYTHOCTSIMH, a skl Hi. JlJiga TpeHyBaHHS Mojeiai OyB BUKOPUCTAHHUUN

Annotated Corpus for Named Entity Recognition gatacer [3].

Takox peani3oBaHO (PYHKIIOHA JUIsl 3YMTYBaHHS TEKCTY 13 300pakKeHHS.
Yepeste, mo 0e3nocepeaHiil TEKCT MOKe OyTH MOBEPHYTHUM MiJ OyJIb-IKUM KyTOM,
KOPHUCTYBau Ma€ MOXKIJIMBICTh CAMOCTIMHO 0OpaTu 00JacTh 3 SKOi Tpeba 3A1HCHUTH

34unTyBaHHA TeKcTy. g peanizauii Bukopuctano 616;1oteky OpenCV.

OuiHka MeTOaIB Ta IeMOHCTPAaLisi pOOOTH CHCTEMH

JIJist OLIHKK SIKOCTI pOOOTH METOAY BIJIYYEHHS KIIFOUEBHX CIIIB BiIOYyJOCS
MOPIBHSIHHSL PE3yJIbTaTiB HOro poOOTH 3 IHIIMMH ICHYIOUUMH METOAaMH, TaKUMU
ak: TF-IDF, TextRank Ta KeyBert. 3aramom, cepenHe 3HaYe€HHS 4YacTKU
peleBaHTHUX CJIIB Ui METO/AA, U0 BHUKOPHUCTOBYETHCA Yy JaHHIM poOOTI,

ctaHoBUThCA 0.4177 1 € HAMOUTHIIUM y TIOPIBHSAHHI 3 THIIMMHU METOJIAMHU.
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JIJ1st TpeHyBaHHSI 1 TeCTyBaHHS MOJIeJIi BAKOPUCTOBYBaBCs AaTaceT Annotated
Corpus for Named Entity Recognition mo ckiamaerscs 3 47959 3amucis. Bin
MICTUTh PEUCHHS, II0 PO30MTI Ha CJIOBA 1 KOXKHE CJIOBO ACCOINIOETHCS 3 TEBHUM
TEroM 1 YacTHHOIO MOBH. [licist TecTyBaHHS moOyA0BaHOI MOJENI MU 3reHEPYBaIN
MaTpHIII0 HEBIAMOBIIHOCTEH, 100 OIIIHUTH TOYHICTh KJacH]ikarlii KO>KHOTO CJIOBa.
HaiiGinpiry KiTbKICTh TETIB CTaHOBIATH B-ge0 - ycpboro 5737, 3 HUX TpPaBHIHHO

kiacudikoBani 0ymm 5280 (94%).

Jlns nemoHcTpallli BUKOHaHHS (yHKIT «BUSBICHHS KIIOYOBUX CIIiB» Oyja
BUKOPHCTAaHA HAyKOBa CTATTS 3 apXiBY €JIEKTPOHHUX myOumikamiit arXiv.org [4]. ILlo
CTOCYEThCS  pO3MI3HABAHHS IMEHOBAaHMX CYTHOCTeH, JaHa QyHKIIS Oyra
MPOTECTOBaHA HAa YPHUBKY TEKCTy 3 icTopuuHoi ctarti 3 Bikinenii [5]. Koxna 3
CYTHOCTEH B TEKCTI BHAUIAETHCS OKPEMHM KOJIBOPOM IS MIBHJLIOTO PO3YMIHHS

KJIIIOYOBHUX IICTaJIeﬁ IIpo BMICT.

Daiin Pesarysatv OOPMATYBIHME  AMANLS TexcTy 1 ©ain PesaryBati DODMATYBIMHR AMANS TeXCTy

Cudm X OB [wssreaoa2 sy zis;uEz3m LT DER e T LT o=l rejesan
| Opwesauni Tescr
Operiasnsn TeeCT YA —
— 1 |0n 13 March 1815, six days before Napoleon reached Paris, the powers at the

Climate change and increased drought frequencies are expected to = { | |Congress of Vienna declared him an outlaw. Critically outnumbered, Napoleon
have a major impact on forest herb { |knew that once his attempts at dissuading one or more members of the
persistence. The adaptive capacity of forest herbs will depend on their | Seventh Coalition from invading France had failed, his only chance of remaining
long standing imprints of local in power was to attack before the coalition mobilised. Napoleon, with the

reserves, made a late start on 17 June and joined Ney at Quatre Bras at 13:00

adaptation and phenotypic plasticity. To evaluate how local adaptation to attack Wellington's army but found the position empty.

to habitat fragmentation affects
climate adaptation we quantified a wide range of traits in a common

Anrdan avaarirmant Af Drimmiils

Pesysurar: ! f*mr-.-uv:

herkogamy, adaptation, habitat fragmentation, stress, specific leaf, | [Time Geopolitical term Eocation Bt Organisation

germination lag, forest herb, climate change, fragmentation, drought 1 |0n 13 March 1815, six days before Napoledn reached Paris, the powers at the
stress, investment, flower, rootshoot ratio, plant, leaf area, phenotypic Congress of Vienna declared him an outlaw. Critically outnumbered, Napoleon
plasticity, germination, selection pressure, drought, climate, growth, | |knew that once his attempts at dissuading one or more members of the

habitat, rate, effect, phenotypic Seventh Coalition from invading France had failed, his only chance of remaining
phenatyps | |in power was to attack before the coalition mobilised. Napoleon, with the
| | [reserves, made a late start on 17 June and joined Ney at Quatre Bras at 13:00
| to attack Wellington's army but found the position empty. |

Puc. 1. JlemoHcTpariist poOOTH CUCTEM
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BucHoBOK

VY naniit poOoTi po3po0IEHO CUCTEMY /ISl ONPALIOBAHHS TEKCTY, HATUCAHOTO
aHTICHKOI0 MOBOIO 3a torioMororo 616miotek PyQT, OpenCV 3 BukopucTanHsIM

MaIIMHHOTO HaBYaHHS, 1110 peali3y€ HACTYMHUIN (yHKI10HAT:

e BusiBiaeHHS KJIIOYOBHUX CJ1B: (PYHKIIIS, IO aBTOMATUYHO 1ICHTU(IKYE 1 BUTyda€e
HaWBaKJIMBIIII CJIOBa 1 (Ppa3u 3 TEKCTOBOT'O KOPITYCY.

e PozmizHaBaHHS IMEHOBAHUX 00 €KTIB: (YHKIIS, IO € MiJ3a1a4€I0 BUITYUYCHHS
iHopMmalrii, sika mparHe 3HaWTH Ta KiIacu(iKyBaTH Ha3BaHI 00’€KTH, 3rajiaHi B
HECTPYKTYpOBAaHOMY TEKCTIi, 3a MOMEPEAHHO BU3HAUYCHUMH KATETOPISIMH, TAaKUMHU
K IM€Ha 0c10, opraHizailii, MiCIsl pO3TalllyBaHHS.

e (CkaHyBaHHsS JTOKyMEHTa: (QPyHKIisI, 110 00po0Isie 300pa’keHHsI, BU3HAYAE MEXKI1
po3TanryBaHHsI TEKCTY, 3aCTOCOBY€ TEXHIKY PO3IMI3HABaHHS CUMBOJIIB 1 BUBOJUTH

HOr0 y II0JIE BBOAY.

Kpim Toro, 0yJio 3a1licHeHEe TOPIBHAHHSA METO/A KIIOUOBUX CIIIB 3

aHAJIOTTYHUMH METOJIaMU 1 ITpOaHali3yBaHa sIKICTb HOr0 POOOTH.

Cnucok jgireparypu

1. David M. Blei. Latent dirichlet allocation / David M. Blei, Andrew Y. Ng,
Michael 1. Jordan. // The Journal of Machine Learning Research — 2003. -
Volume 3. — P. 993-1022.

2. Darling, William M. A Theoretical and Practical Implementation Tutorial on
Topic Modeling and Gibbs Sampling / Darling, William M. // In Proceedings of
the 49th Annual Meeting of the Association for Computational Linguistics:
Human Language Technologies, 642—47.

3. Annotated Corpus for Named Entity Recognition [Enextponnwuii pecypc] -
Pexum nocrymy 1o pecypcy:
https://www.kaggle.com/datasets/abhinavwalia95/entity-annotated-corpus

4. Habitat fragmentation affects climate adaptation in a forest herb [Enextponnuii
pecypc] - Pexxum goctymy 10 pecypcey: https://arxiv.org/abs/2303.15712

5. Battle of Waterloo [Enextponnuit pecypc] - Pexxum goctymy g0 pecypcy:
https://en.wikipedia.org/wiki/Battle_of Waterloo
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PO3POEKA PYPI-BIBJIIOTEKH JJISI ®PATMEHTOBAHOI
MEPEJAYI ®AWIIB (3 MIATPUMKOIO ®PEMBOPKY DJANGO)

Xomun Bimaniu
JIvsiscokuti HayionanvHuu yHigepcumem imeni leana @panka
Daxynvmem nPUKIAOHOT MamemMamuky i iHhopmamuxu

vitalii.khomyn@Inu.edu.ua

Beryn

Python Django - oaun i3 Hadmonyspuimux backend-dpeiimBopkis. Bin
3a0e3reuye MBHUJIKY 1 MaciTaboBaHy po3poOky backend s pisHOMaHITHHX BeO-CalTIB i
Be0-3aCTOCYHKIB.

Onniero 3 ocobnuBocteit Django € BOynoBana migTpumka podotu 3 daitnamu. Lle
Jla€ 3MOTy pO3pOOHMKAM Ta KOPUCTyBadaM JIETKO 3aBaHTaXKyBaTU BIJTHOCHO HEBEJUKI 32
po3mipom (10 SOMB) daiinu Ha cepBep 1 30epiratu ix.

Opnnak mepefada BeJUKUX (aililiB, TaKUX SIK BiJ€O- Ta ayAio (ailin € CKIIagHoIo,
OCKIJIBKM BOHM 3aiiMaioTh 0araTto Miclisl 1 BUMararoTh BEJIMKOI IPOITYCKHOI 34aTHOCTI
Mepexi. KpiM Toro, € pu3uk oOpuBy 3’ €IHAHHS 1] Yac 3aBaHTaXKEHHs (HaiiB, 10 MOXKE
IPU3BECTH JI0 BTPATH JIaHUX 1 Hee(DEeKTUBHOI epeayi.

Takoxk, ICHYIOTh OOMEKEHHS Ha po3MIp 3aluTy 3 00Ky OaraTboX BeO-cepBepiB Ta
CDN, mnampukmag 3 0oky Nginx Tta Cloudflare. Ile o3nauae, mo daiinu, SsKi
NEPEBUUIYIOTh IEBHUI PO3MIP, HE MOXKYTh 3aBaHTAKEH1 OJTHUM 3alIUTOM B3araii.

OgHuM 3 MOXJIMBUX pIlIEHb L€ mpoOiemu € nepepada ¢ailaiB ¢pparMeHTamMu
(chunks).

[ came mns peamizamii (parmMeHToBaHoi mnepenadi (aiiB  3ampornoHOBAHO
po3pobutu Oibmioreky st Python, 3 BOymoBaHow MIATPUMKOIO Il (PpelMBOPKY
Django i MOXKIMBICTIO JOTTOBHEHHS ii 70 iHIMX backend-dpeiimBopkis, Hanpukian Flask
un FastAPI.

OcHoBHM mpoLIec i peasizanist

PosrasiueMo ocHOBHUIT aropuT™M (parMEeHTOBAHO1 miepeadi (aiiiis.
Kpok 1: CTBopeHHs ceaHCy 3aBaHTaxKeHHsI (Session initialization)

CnoyaTky HE0OX1JHO CTBOPUTH CE€AHC 3aBaHTAXEHHS ISl HOBOTO (paitiry abo HOBOI
Bepcii Qaitmy, HamicmaBmm BignoBigHuit HTTP POST-3amut. lleit ceanc mictutume
iHdopmarliro npo iM's (daiisry, Horo po3mip 1 po3TairyBaHHs Ha cepBepi. OniioHanbHO,
MOXHAa TMepefaTh airOpUTM XEIIyBaHHSA Il TEpPEeBIPKM LUIICHOCTI (ailyiB mpu

3aBAHTAXKECHHI.
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curl -X POST \
http://localhost:8000/example-app/file-uploads/init \
-H 'Authorization: Bearer <jwt_token>" \
-H 'Content-Type: application/json® \
—d-
"fileName": "example.mp4”,
“size™: 134217728,

"directory”: "/uploads™ "upload-id": "2bed74c2-8ee8-4d80-b263-740f8e5adade”,
3 "filename": "example 1682776788.mp4",
"expires at™: "2023-84-29 14:01:15.668023",
"recommended chunk size": ,

"max_chuck size":

Puc. 1. CtpykTypa 3anury iHimiam3aliii ceancy

VY BiANOBiAb, OTPUMYEMO ieHTU(DIKATOP cecii 3aBaHTa)KeHHs, Ha3By daiuty (B pasi,
K0 (paili 3 Takol CaMOI0 Ha3BOIO YK€ Ha CcepBepl, HaAiClaTh MNeperMEHOBAHY
BEpCIiI0), PCKOMEHIOBaHY Ta MaKCUMaJibHY KUIBKICTh 0aiTiB Ha oauH (pparMeHTt(chunk)
Ta TEpMii Jii cecii 3aBaHTAKEHHS.
Kpok 2: 3aBanTakenns yactuH paiiay (chunks upload)

[Ticns inimiamizanii, 3aBaHTaXyeMO YacTHHH (aiiTy Ha cepBep.

Jnsa nporo BukopucroByeMo HTTP PUT-3amut 3 3aronoBkom “Content-Range”
JUTst ineHTudikaiii aiama3zony 0aiTiB (aiiy Ta BlIacHe BMICTOM (pparMeHTa.

BiacrexxyBaHHS KUTBKOCTI 3aBaHTOKEHUX (parMeHTiB Ta MOALT (QailmB Ha
(dparmenTH BinOyBaeThcs 3 OOKY KiieHTa. [loain ¢aitniB MoKHA 31MCHUTH, HATPUKIIA,
3a noromororo merona file.slice(start, end).

3aBaHTakeHHsT (parMeHTIB MOKE B1IOYBAaTHUChH TMOCIHIIOBHO, MapajeibHO 1 MOXKE
HaBITh MNpU3YNUHATHCh. OJHAK TpPU 3aBEpIIEHHI TEpMiHY Jii ceaHCy, Iepeaayda

HACTYMHUX (parMeHTIB BXE HEMOXJIMBA 0€3 CTBOPEHHS HOBOTO  CEaHCY.

curl -X PUT http://localhost:8008/example-app/ftile-uploads/<str:upload-id> \
-H "Authorization: Bearer <jwt-token>" \

-H 'Content-Type: application/octet-stream’ \

-H 'Content-Range: bytes <start>-<end>/<size>" \

--data-binary "<chunk-binary>"
"upload id": "<upload-id>",

"message”: "Chunk successfully uploaded.”

Puc. 2. CtpykTypa 3anuty HajcuiIaHHs (pparMeHty
Kpok 3: 3aBepmienns ceancy (Session commit)

[Ticast Toro, sik BCl yacTWHU (ailly OyQyThb 3aBaHTaXKEH1, CECII0 3aBaHTAKEHHS
HeoOximHo 3adikcyBatu. lle Moxna 3poOutu, HanmicnaBmu HTTP POST 3anut Ha

cepBep, TaKOXK MPU TOMY HajiciaBiM xemr ¢ainy (Hanpukiaa, anroputMoM SHA256
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a00 MD5) sik KOHTPOJIEHY CyMYy.

curl -X POST http://localhost:g8000/example-app/file-uploads/<str:upload-id>/commit \
-H 'Authorization: Bearer <jwt-token>' \

-H 'Content-Type: application/json” \
-d "{"checksum": "<sha256-checksum>"}"

Puc. 3. CtpykTypa 3anuty ¢inamizarlii ceancy
[Ipu oOpoO11i 3anuTy cepBep NepeBips€ HASABHICTH yCiX ()parMeHTIB, 3/IMBa€ iX B
onuH aiin, mepeBipse HOro 3a JOMOMOTOK KOHTPOJBHOI CyMH 1 po3TamoBye (aiii B
HeoOxiaHIM Temi. CeaHC 3aBaHTaKEHHS 3aBEPIIYETbCS 1 TUMYAcOBI Tekd 1 (aitnu

BUIAIAIOTHCA.

chunk_list = os.listdir(os.path.join("temp", upload_id))

chunk_list.sort(key=lambda x: int(x.split('.')[8]))
output_path = os.path.join(upload_dir, filename)
with (output_path, b') as output_file:
for chunk_filename in chunk_list:
with (os.path.join(upload_id, chunk_filename), )') as chunk:
shutil.copyfileobj(chunk, output_file)
output_file.close()

for filename in chunk_list:
os.remove(os.path.join(upload_id, filename))

checksum = compute_checksum(output_path)

if checksum != expected_checksum:

os.remove (output_path)

Puc. 4. Butsr 3 koay, 3m1uTTs (hparMeHTiB Gailay B OAUH
JlonaTkoBi BUNIAAKH

Takox HEOOX1THO Tepe0aYNTH BUNIAIKHA, KOJIU KOPUCTYBAau CaMOCTIHHO CKacOBY€E
3aBaHTaxeHHs ¢ainy Ha cepBep. [ns nporo Hagcunaemo HTTP DELETE 3anur, npu
00poO1Il SIKOTO CeaHC 3aBAaHTAKEHHS 3aBEPIIYEThCS, a BCl 3aBaHTaXeHl (parMeHTH
(aiiliB BUIAISIOTHCS 31 cepBepa.

SIkmo 3aBaHTAXKEHHS HE3aBEpIIEHE 1 TEPMIH CEaHCY 3aBEpPIIUBCS, HEOOXiTHO
nepeaoaynTH MOKJIUBICTh OUYHIIEHHS JUCKY BiJ TUMYacoBHX (GailyliB 3a1isl €KOHOMIl
mictg. [[ms Takux BUIMAIKIB € MOKIIMBICTH peajidyBaT KiHIeBi Touku (endpoints) Ta
(G oHOBI 3371241, BAKOPUCTOBYIOUHM, Hanpukiaja 016mioreky Celery.

BucHoBku

byno po3pob6neny Python 6iGmioreky, ska 03BOJIsi€  HAJIANITOBYBATH
3aBaHTaXXeHHS 1 30epiranHs ¢aiaiB Ta iX ¢parMeHTIB Ha cepBepi Ta 00'€mMHAHHA iX B

OJIMH (paiii1, Mo JaCTh KOPUCTYBayaM MepeaaBaTy BeauKi (ailiu.
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Cucrema 1ae MOKIIMBICTD MIEPEPUBATH 1 TPOJOBKYBATH 3aBaHTAXKEHHS (ailniB, sKi
HE BJAJIOCS 3aBaHTAXHUTH TMOBHICTIO. bibmoreka Mae BOymoBaHy iHTerpaniro Django i
HeoOX1Hy 10 HhorO frontend-noriky.

I{s1 6i6moTeka 0cOOJMBO KOPHUCHA JJII PO3POOKH BeO-CAMTIB, HaMpUKIaid, IS
00pOOKM BEIMKHMX TEKCTOBHUX JOKYMEHTIB, BIJe0 1 aymio QaiiiB, s MOAAIBIIOI iX
00p0o0OKH, 30KpemMa, METOJaM1 MAIlTHHHOTO HABYaHHS.

Cnucoxk jgireparypu

1. Django [Enextponnuii pecypc]. - https://docs.djangoproject.com/en/4.2/

2. Uploading Media | Docs | Twitter Developer Platform [Enexrponnuii pecypc].-
https://developer.twitter.com/en/docs/tutorials/uploading-media

3. JavaScript | MDN [Enekrponnmii pecypc]. - https://developer.mozilla.org/en-
US/docs/Web/JavaScript

4. Celery [Enexrponnmii pecypc]. - https://docs.celeryq.dev/en/stable/

5. Chunked Upload — Box Developer Documentation [Enektponuuii pecypc].

https://developer.box.com/guides/uploads/chunked/
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MOJAEJIIOBAHHA 3ATIAYI PO3III3HABAHHSA ITPE/IMETIB
o441y 3 BUKOPUCTAHHAM HIABJOHIB ITIPOEKTYBAHHA

Aponyo C.P.
JIvsie, Ykpaina
JIHY im. léana @panka
Daxynomem NPUKIAOHOT MAMEMAMUKU MA THGHOpMamuKu

Sofiia.Yaropud@Inu.edu.ua

VY cydacHOMY CBITI 3Ha4HO 3piC MOMUT Ha KYIIBIIIO TOBapiB Ta PO3BUTOK 1HAYCTPIi
MOJIM 4Yepe3 IHTEPHET-3aCTOCYHKU. Y 3B’S3Ky 3 LIUM akTyaJlbHOIO € 3ajada oOpoOKu

JAHUX Ta METOJIB aBTOMATHU3AIlli iX MiJTOTOBKHU JJIs BUKOPUCTAHHS.

OpHi€ero 3 TakUX 3a7ad € 3ajJada pO3Mi3HABAHHS MPEAMETIB OAATY 3 300pakKeHHS
(manmpukian, (GoTro 4Yu BiAeo). Y 3araJbHOMY BHUIIQJIKy IS 3ajJada € CKJIAJHOI0 Ta

0araToOKOMIOHEHTHOIO. [1 pOBB’HBOK MOKHa HO,Z[iJIHTH Ha HaCTYHHi OCHOBHI €TallH:

® TIIIITOTOBKA 300paKe€HHS JUIs TOCIPKCHHS,

® PpO3Mi3HABAHHS KaTeropii 00’ €KTa;

® BH3HAYCHHS XapaKTEPHUX PO3MIPIB JUIs 3a/1aHOI KaTeropii 00’ €KTa;

® RBi3yali3allisi OTPUMaHUX PE3YJIbTATIB Y 3pyUHIi JIsl KOpUCTyBada Gopmi.

[lepmmii eran mependadvae, MO0 MM MOBHHHI OYMCTUTH 300pakKeHHS BiJ LIyMY,
KOHTpacTyBaTH HOro mpu moTpedl Ta MepeTBOPIOBATH JI0 TOTPIOHOTO ISl PO3Mi3HABAHHS
dbopmary.

Hpyruii eran Moxe 3A1MCHIOBaTHCS pI3HUMHU crocobamu. Y Hamid poOoTi MU
MPOTMOHYEMO TIAXIJI, 3 3aCTOCYBAHHSAM MPOLIECY HABYAHHS HA OCHOBI HEUPOHHUX MEPEK.

JIs1 3a4aH01 KaTteropii 00’€KTa BUKOPUCTOBYETHCS BU3HAUEHHS PO3MIPY 3a aJITOPUTMOM
5

110 JIOTIOB1aBcs B poboTi [4,5].

Jlnst peanizalili OCTAHHBOTO MYHKTY MOXYTh OYTH Pi3HI BUMOTH IIOJI0 TEXHOJOT1N

B1JI0Opa)KE€HHA Ta i MOTped caMuX KOPUCTYBAYIB CUCTEMHU.

BpaxoByroun Benuue3Huid 00’€M 3ajadi, CKJIAAHICTh peajizallii mig3agad Ha
KOXXHOMY €Tall Ta MOKJIUBICTh PO3BUTKY CUCTEMH, MOOYI0BA TPOrPAMHOTO 3aCTOCYHKY

noTpedye MpolyMaHOTO MPOEKTYBAHHS.

Jlost peamizaitii i€l METH TIPU CTBOPEHHI apXITEKTypH BUKOPUCTOBYETHCS BIIOMUM
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IHCTpyMEHTapii I1Ia0JIOHIB MPOEKTYBaHHS. Y pPOOOTI 3ampOMOHOBAHUM MIAX1M, SIKUN
J03BOJISIE  JIETKO 3MIiHIOBaTH OyJb-SKMH OCHOBHHM TIAMYHKT 3a3HAYEHOTO BHILE
QITOPUTMY, TIPHU TOTPeO1 PO3IMHPIOBATH HOTO, HE 3aBAAIOYM IIKOAM I1HIINM JUTSTHKAM

IPOrPaMHU.

Ile Bmamocs peamizyBaTH, BHKOPHCTOBYIouM 1m1abmoH byniBenmpauk. HMoro

1JICHCTEMH BUKOHYIOTh OCHOBHI CKJIAJIOBI QITOPUTMY.

Y poboti Takoxk 3actocoBaHo IrabnoH IlocepemHuk, SKWl HO3BOJISIE BIIBHO
PO3BHUBATHUCS JIBOM BAXKJIMBHUM CKJIAJOBHM: MOJEINI Ta CUCTeMi Bi3yanbHOi mojadyi. Lle
JI03BOJIUTH HaM, MPH MOTpedi, CTBOPIOBATH Pi3HI BapiaHTH 3a (POPMOIO 1 BUKOPUCTAHHSIM
TEXHOJIOT1M CUCTEMHU 300py NOTped KOpUCTyBada, a TaKOX CIOCOO0IB BiAOOpakeHHS
rOTOBHUX pe3yibTaTiB. JIorika CHiKyBaHHS MIXK JBOMa MiJCUCTEMaMU BiIOyBaeTbCs B
JOKalli30BaHOMY KOHKpeTHoMYy Ilocepennuky, sKuii Jerko Moxke OyTh 3MIHEHHI.
Boanouac, Tyt B migcucremi MoJenbHHX kiaciB € Pacan, [KUil Jenerye 3aaadi Juis

CTBOPEHHX “‘Oy11BEJIbHUKIB”.

[Tabnon Crpareris nonomarae Ham peaiizyBaTh BUOIp, 3 KO CHCTEMOIO MU

X04YCMO IIpanrOoBaTH, HABYCHOIO YH 3 IIOBHUM IIPOLICCOM HABYAHH.

Takox 1el jxe X MabJIoH Jomomarae B peanmizallli Jjigi KOpPHCTyBaua Ppi3HUX
CUCTEM B1AOOpakeHHs, [0 JA03BOJIUTH 3pOOUTH MPOrPaMHUIA MPOAYKT JJISl PI3HUX pOJIeH
KOPHUCTYyBauiB (IIPOJIaBIlsl B MarasuHi, JOCIITHUKA, HAYKOBI, KIi€HTA). Y MallOyTHROMY
IUIAHY€ThCSA PO3LIMPEHHS apXITEKTYPH 3 MOOYI0BOIO PI3HUX 1HTEP(ENCIB I LIUX POJIEH.

JIns TakuX JIeH MOYKHA BUKOPHCTATH 11a0J10H 3aMiCHUK.

3anponoHOBaHa apxiTeKTypa ampoOoBaHa IS peaizallii ajaropuTMmy, SKdAW

0a3yeTbCs Ha YTOYHEHHI HACTYMMHUX CKJIaJ0BUX:

1. Etan miarotoBku 300pa)KeHb BKIIOUYAE TUIbKHU mpoliec hopMaTyBaHHs IS TOTPEO
0a3u jaHux Mnist [2].

2. Cucrtema po3mi3HaBaHHS Kareropii 00’€kTa 3IIACHIOETHCS 32 JOTIOMOTORO
MaITMHHOTO HAaBYaHHSA 3 BUKOpHUCTaHHIM TexHouorii TensorFlow, peanizoBanoi Ha
MoBi Python [3]. IlporpamHuii 3acTOCyHOK Iiepeadadyae, IO MH MOXKEMO
BUKOPHCTOBYBAaTH SIK TOTOBHI pecypc 3 HABUEHOIO CHUCTEMOIO, TaK 1 Ha eTarll
JOCITIJIKEHHS 3 TMPOIIECOM YAOCKOHAJICHHS HaBYaHHS.

3. Jlns BU3HAYEHHS PO3MIPY BHUKOPHUCTOBYETHCS aJTOPUTM, SKUKA 3a JOIMIOMOTOIO
616mioTexku OpenCV 103BOJIsi€ 3HAWTH €TAJTOHHUMA €JIEMEHT Ha TPEIMETI OJATY,
OKPECJIUTHU XapaKTepHI rpaHulll NOTpiOHMX obJlacTel Ta BUSHAYATH OMOPHI TOUKH,

3a JOTIOMOTOF0 SIKUX 1 BJAETHCSI BCTAHOBUTHU MOTPIOHI XapaKTEPUCTUKH.

114



AMICon-2023

4. BuzHaueHi po3Mipu MpeaIMeTy OSTy BiI0OpaxaroThCs Ha BUXITHOMY 300pakeHH1

3 BUHOCHUMMH JIHISIMU.

Ha puc. 1, 2, 3 moka3aHi BillTOBITHO MPOIIECH OTPUMAHHS PE3yJIbTaTY:

Puc.1 Bxinne 300paxeHHsl.

5

T-shirt/top 53% (T-shirt/top)

Puc. 2 Buznauenns kareropii.
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Puc. 3 Pe3ynbrar BU3Ha4Y€HHS XapaKTEPHUX PO3MIPIB.

YUucenpH1 CKCIICPUMCHTHU IIOKa3aJid, IO OTpHMaHa MOICJIb z:oGpe Ipafgroe IJIsd
BiI[HOCHO CTaHIapTHUX (1)aCOHiB CJIEMCHTIB OATY 3 OAHOTOHHHX TKAaHHH. POSB’SISYB&HH?I

npobsiemMu 0e3 X 0OMeKeHb BUMArae JI0AaTKOBUX JIOCTIHKCHb.

Cripo€ekToBaHa CHCTEMA € JIOBOJII THYYKOIO 1 BXKE JTI03BOJISIE PO3B’SI3yBaTH IIHUPOKHIA

KJIaC 3aJa4, a TaKO>K Ma€ MO>KJIMBOCTI I IIOJAJIBIIOIrO PO3BUTKY.
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Abstract

In the last years, object detection tasks were mastered by various kinds of Deep
Neural Networks, but there is still a chance of objects being missed or misclassified.
The third party, the attacker, might be willing to fail the detection on purpose to
benefit from incorrect prediction.
In this paper the Al-based model is built to detect military armored vehicles on
satellite images using the state-of-the-art Deep Neural Network. Then its
vulnerabilities are exploited to the known adversarial attacks, showing that such
systems have a constant need of improvement.

Keywords: machine learning, object detection, adversarial attacks, data poisoning,

YOLDO.

Introduction

Object detection has many applications, from autonomous vehicles to video
surveillance and security. Another example of mission-critical object detection system is
military vehicles detection on images taken by satellites or unmanned aerial vehicles. It
can bring significant advantages on the battlefield, helping to quickly identify quantity
and location of enemy forces. On the other hand, if the system’s integrity is violated, it
might cause unwanted consequences. Therefore, there is a need to study its security and
to be aware of possible threats.

Enemy vehicles detection

We would like to identify the positions of objects in an image, and to know what the
object class is. So, having an image, we want to find the set of labels (object’s class,
coordinates of object’s center on the image, width and height of an object) that represent
position of each vehicle on the image.

We can solve this problem conveniently using Deep Neural Networks. Since the

domain requires high accuracy and real-time performance, we use YOLOvV5 [1]

model as a core of our system. YOLO (You Only Look Once) works by dividing an

Image into a grid, with each cell responsible for predicting a fixed number of

bounding boxes. Each bounding box includes coordinates, dimensions, confidence
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scores, and class probabilities. The neural network processes the image in a single
pass, enabling real-time object detection by combining the tasks of localization and
classification. This approach is simpler, faster, and more robust compared to
traditional object detection methods that use separate stages for region proposals and

classification.

0 T— >
L PN AR
25 { [T e O

Image 1. Examples of military armored vehicles.

The dataset for the model training is based on the DOTA [2] dataset of satellite
images, and the images of military armored vehicles, scraped from the internet. The final
dataset for our problem contains nearly 1400 images with the number of vehicles from 1
to 15. This is completely enough for the training process, since we use the pre-trained
model weights.

Data poisoning

The end goal of an adversarial attack is to cause model to produce inaccurate or
completely incorrect predictions. For the system of military vehicle detection, the vector
of an attack would be to hide vehicles from the model causing false negative predictions.

We use a data poisoning approach, similar to one described in [3]. In these settings,
adversaries usually can partially modify the training dataset. Any access or knowledge
about the model training is not granted, and not required. The attack happens in the early
stage of model development lifecycle. A small portion of a training set is infected with
maliciously modified objects, to create a backdoor for the attacker to affect model’s
performance during inference.

During poisoning process, to hide the object we add a white patch trigger, like in

the image above. We also remove labels for the poisoned objects from the training set.

(P

To be
able to embed a backdoor trigger successfully, it is enough to modify a small portion of
the data. We add trigger to 5% from all the objects in the dataset.
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Metrics

We use the mean average precision (mAP) to evaluate the performance of our

object detection model. It is calculated by the following formula:

k
1

mAP =—k2 AP;
i
Here k — number of classes, AP — average precisions. AP is calculated with the help of
several other metrics such as loU (intersection over union), confusion matrix (TP, FP,
FN), precision and recall [4]. It equals an area under precision-recall curve calculated for
specified loU threshold. Precision tells us how many of the total detected objects were

actual vehicles. Recall represents how many of total vehicles on the image were detected.
Correct Predictions TP

Precision =—oerpredictions 7P F FP
Correct Predictions TP

Total GroundTruth - TP + FN

Recall =

Results

We found that the constructed model is highly vulnerable to data poisoning attack.
It has high performance on the clean validation set, but is not able to detect objects with

backdoor trigger in modified validations set, as we can see from the recall curve:

Clean data

1.0

Poisoned data (50% with trigger)
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Image 3. Recall curve of poisoned model

data, on both validation sets. The results are described in Table 1.

1.0

We also compared obtained results with the performance of model trained on clean

Model Data Precision Recall mAP50 | mAP50-95
Clean Qlean 0.997 0.99 0.994 0.873
Poisoned 0.915 0.89 0.948 0.761
. d Clean 0.995 0.989 0.993 0.877
Poisoned 5 iconed | 0.993 0.45¢ 0.725 0.641

Table 1. Overall models' performance
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The model trained on clean data shows high performance on both validation sets, which
empirically proves that poor performance of poisoned model is caused by embedded
backdoor trigger.
Conclusion

Our study demonstrates the vulnerability of Al-based object detection models,
specifically the YOLOvV5 model, to adversarial attacks in the form of data poisoning. The
poisoned model shows high performance on clean data but fails to detect objects with
backdoor triggers in the modified validation set, highlighting the potential security risks
associated with deploying such systems in mission-critical applications like military
vehicle detection. To ensure the integrity and robustness of these systems, it is essential
to develop defense mechanisms against adversarial attacks and continually improve the

models.
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Introduction

Steganography is a technique for hiding information by concealing the
existence of secret communications, used for various applications like confidential
communication, secret data storage, and protecting data from alterations. However,
steganography can also be exploited for malicious purposes, such as embedding
malware in benign files. Therefore, it's crucial to create a reliable steganalysis
methods of identifying malicious steganographic files. The main focus of this
research is deep neural network learning, which is one of the most promising

methods for achieving that goal.

Problem statement

A steganographic system could be defined as a mechanism that embeds secret
message m € M in a cover object x € C using a stego key k € X, obtaining the
steganographic file y € C that carries m [1]. The set M is the set of all possible
messages, K is the set of all stego keys, and C is the set of all available cover objects.

The embedding mechanism could be described using the embedding mapping

Emb:C XM XK - C,y = Emb(x,m, k)

This mapping has an inverse extraction mapping that extracts the hidden

message from the steganographic file

Ext:C XK - M,Ext (y, k) =m.

The locations where embedding modifications take place can be picked at random or

using a specific content-adaptive rule.
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Steganography algorithms

In this research, we are mostly focused on steganographic algorithms designed for JPEG
based format images, such as UERD, J-Uniward and J-MiPOD. These algorithms embed
hidden data in the frequency domain of images, making it more difficult to detect while
preserving the visual quality of the cover image. Besides the JPEG-specific algorithms,
there was also used one general algorithm Least Significant Bit (LSB) algorithm. LSB
steganography method embeds secret information into the images by replacing the least

significant bits of the pixel values with bits from the secret message.

Least
Significant
Bit (LSB)

!

Original |1 (0|10 (1]|1]01{0

|

Cover (110110111101

Image 1. The least significant bit of the image is replaced with the bit of the
hidden message while preserving the overall structure of the image.

Dataset

The ALASKA2 Image Steganalysis dataset [2], which contains images with
concealed messages inserted by various steganography techniques and embedding
rates, was utilized as a base of the training dataset. This dataset was expanded by
adding embedded images with the LSB algorithm. As a result, the obtained dataset
contained 75k clean RGB images with 512x512 resolution and the same number of
Images for each of the used steganography algorithms which gives a total of 375k

images.
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Image 2. Clean image, image with UERD embedded data, scaled differential image between them.
The embedding rate of the images in the dataset was randomly generated between 0.1 — 2 bits per
pixel.

Model

The neural network model was based on EfficientNet architecture [3] which is a
family of scalable and efficient CNN that employs compound scaling to simultaneously
adjust the depth, width, and resolution of the network achieving state-of-the-art
performance on image recognition with reduced model size. The model was trained to
classify between clean images and images with embedded content.

The training was done with Adam optimizer. For regularization, we used a label
smoothing technique that prevents the model from being over-confident by assigning a
small probability to incorrect labels, thus improving generalization. For the performance
measuring AUC performance metric was used, that quantifies the ability of a classifier to
distinguish between positive and negative classes and better describes the model's

performance across different classification thresholds.

Results

There were trained several models for datasets of different sizes (15k, 30k,
50k, 70k) split into train, test, and validation sets as 70/15/15 accordingly. The
numbers of clean images and images with embedded data were equally balanced for
each algorithm.

Training on more data leads to better AUC results, however, it is also
considerably slowing down the training process. Based on the obtained results, the

minimum number of images required to obtain decent accuracy results is 15k.
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Image 3. Loss and AUC changes for different sizes subsets of images.

Conclusions

In this research, a classification model for steganalysis was trained. The
obtained model can detect embedded content in images with decent accuracy for a
few well-known steganography algorithms. Future work will be focused on
improving the current model by exploring advanced feature extraction techniques,
incorporating additional steganography algorithms, and investigating other deep-

learning architectures.

References

1. Fridrich J. Statistically Undetectable Jpeg Steganography: Dead Ends Challenges, and
Opportunities / J. Fridrich, T. Pevny, J. Kodovsky // Proceedings of the 9th Workshop on
Multimedia & Security. — 2007

2. Cogranne R. The ALASKA Steganalysis Challenge: A First Step Towards
Steganalysis / R. Cogranne, Q. Giboulot, P. Bas // Proceedings of the ACM Workshop on
Information Hiding and Multimedia Security. — 2019 [Electronic resource]. — Available
from: https://doi.org/10.1145/1288869.1288872

3. Tan M. EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks /
M. Tan, Q. V. Le /[ arXiv preprint arXiv:1905.11946.— 2020. [Electronic resource]. —
Available from: https://arxiv.org/abs/1905.11946

125


https://doi.org/10.1145/1288869.1288872
https://arxiv.org/abs/1905.11946

AMICon-2023

4. Plachta M. Detection of Image Steganography Using Deep Learning and Ensemble
Classifiers / M. Ptachta, M. Krzemien, K. Szczypiorski, A. Janicki // Electronics.— 2022.—
Vol. 11.— No. 10.— Article number 1565. [Electronic resource]. — Available from:
https://mww.mdpi.com/2079-9292/11/10/1565

126


http://www.mdpi.com/2079-9292/11/10/1565

AMICon-2023

SYNTHETIC DATA GENERATION FOR NEURAL NETWORK
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Abstract

This article aims to explore the use of synthetic data generation for analyzing wave
propagation in dissipative fluids using neural networks. The approach presented in this
work is based on the mathematical model of the wave propagation process. The results
demonstrate that this approach can produce datasets that allow neural networks to
achieve a good level of accuracy when certain conditions are satisfied. This work
highlights the potential of synthetic data generation as a means of enhancing neural
network analysis when real-world datasets are limited.

Keywords: Acoustics, Wave Propagation, Synthetic Data Generation, Neural Networks
Introduction

In recent years, the application of neural networks to various data analysis tasks has
become increasingly prevalent due to their ability to learn complex patterns in data.
However, the performance of neural networks is often limited by the availability of large
and diverse datasets. In some cases, obtaining such datasets can be particularly
challenging.

Wave propagation in dissipative fluids is a complex phenomenon that has
applications in many fields, including acoustics, seismology, and fluid dynamics.
Therefore, an accurate analysis of this phenomenon is essential for understanding the
underlying physics and making predictions about future events.

Mathematical problem

This section provides only a brief statement of the problem related to wave
propagation in dissipative fluids. A detailed description of the variational formulation and
solution methods can be found in [1, 2].

Let fluid occupy a limited area Q of points x = {x;}&,,d = 1,2, or 3 and let area Q
has Lipschitz-continuous boundary I'. The motion of the medium is described by the
displacement vector u(x,t) = {u;(x,£)}4_; V(x,t) €QAx[0,T] nd satisfies the
following equation

Pulf’ —04; =0,
{o;;(w) = ajjkmerm(W) + Cijxmerm(), (1)
e;j(uw) = (wij+u;) /2onQ € (0,T]
with boundary conditions
uj=00nTy x[0,T],Ty cT,mes(Ty) >0,

¢ o n="ovonT x[0,T],I =T\l (2)
ij [ o o U
and initial conditions
Ut=0 = U,
' 3
U= = Vo )
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where p — density, a;jim, — elasticity, ¢;ji, — Viscosity, ug, vo,'¢g— given functions and
n= {n;}4 ;_, is a unit vector of the outer normal to the boundary T
Experimental model

Consider the following model: a rectangle with dimensions of 0.5 x 2.5 meters filled
with water. Inside this domain, there could be some amount of air bubbles simulating
contamination. Therefore, the rectangle is divided into five segments for localized
testing, see Fig.1.
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Figure 1: Domain model.

The presence of contamination in one of the segments is analyzed utilizing acoustic
waves. Two types of wave propagation are studied: time (Fig. 2) and frequency domain
(Fig. 3). In both cases, the integral values of acoustic pressure on the right boundary are
calculated. For computations, there are selected 12 time points for the time domain and
four frequencies for the frequency domain.
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Figure 2: Acoustic pressure in time domain (t = 1.4e —4s.).
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Figure 3: Acoustic pressure in frequency domain (w = 2m- 2e3 Hz).
Bubble generation
To generate air bubbles for the experimental model described above, a generator
based on four parameters was constructed:
1. The number of segments was calculated using an exponential distribution with A =
0.5 plus 1 and limited to the interval [1,5], see Fig. 4.
2. The segment index for bubbles was chosen using a normal distribution with p = 2
and o = 2 and limited to the interval [0,4] , see Fig. 5.
3. Contamination was obtained by a normal distribution with u = 0.25 and o = 0.25
and limited to the interval [0,0.5], see Fig. 6.
4. The location of each bubble within its segment was determined using a uniform
distribution of coordinates.

ber of segments

Figure: 4. Distribution of number of selected segments.
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Figure: 5. Distribution of segment indexes.

Figure: 6. Distribution of contamination level.

Dataset generation

The dataset for both time and frequency domain problems was generated using the
method described in [1-2], with additional constraints described in [3]. To facilitate
computations, eight virtual machines hosted on a cloud platform were used for distributed
computing.

Using this approach, a large dataset consisting of 7,000 records was obtained. The
resulting dataset provides a valuable resource for further research into the usage of neural
networks for wave propagation analysis and detection of contamination in fluid media.
Results

The resulting data was analyzed using various simple models for classification,
including Logistic Regression (LogReg), Random Forest (RF), K-Nearest Neighbors
(KNN), Support Vector Machine (SVM), Gaussian Naive Bayes (GNB), and eXtreme
Gradient Boosting (XGB). Before the analysis, the dataset was checked for irregular
values and normalized the data to ensure consistency across all models.

The results showed that the classification models performed better for the time
domain problem compared to the frequency domain problem. This may be because the
time domain data provides more information about the temporal changes in wave
propagation, making it easier for the models to classify.

Additionally, the models performed better in predicting the segments located near
the edges of the rectangular domain compared to those in the middle, see Fig 7.
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Figure 7: Result of contamination prediction for first segment
Conclusion
Overall, the results of this analysis provide insights into the performance of various
classification models for wave propagation in contaminated water. Further research could
focus on developing more sophisticated models or exploring other approaches for
analyzing the generated dataset.
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YCEPEJHEHHSA B OJTHOYACTOTHIM CUCTEMI I3
KPAMOBUMHU YMOBAMHU
Bimaniii Jlyuxo
Yepnigeyvkuil Hayionanshull ynigepcumem imeni FOpia @edvkosuua
luchko.vitalii@chnu.edu.ua

VY nanuii yac po3po0eHo 1 MaTeMaTUYyHO OOTPYHTOBAHO PsiJl €HEKTUBHUX METOMIIB
JOCITIDKCHHSI KOJMBHUX SIBUII, SIKI OMUCYIOThCS IU(EpEeHIlIaJbHUMH PIBHIHHIMH Ta
CUCTEMaMU TakuxX piBHSIHb. OJIHUM 13 TaKUX METOJIB € METOJ YCEPEIHEHHS, SKHUM
PO3BUHYTHH TIPEICTaBHUKAMU KHIBCHKOi mKoiu MareMmatukis M.M. Kpunosum, M.M.
bororo6osum, F0.0. Mutpomnonascekum, A.M. CamoiinenkoMm Ta ix yunsmu [1]. Meton
ycepeaHeHHs OOTpYHTOBAHMM K Uil 3BUYANHUX JudeEpeHIlialbHUX PIBHSAHb, TakK 1 JJIs
PIBHSIHB 13 3aIlI3HEHHSIM apryMEHTY 1 0araTOTOYKOBHMHM i IHTErpaJlbHUMH yMOBamu [2,
3].

VY naHiii poOOTI pO3rIsAAETHCS CUCTEMA PIBHAHB MIEPIIOT0 HAOIMKEHHS BUTIISILY

d_a — XO(T, a) + é( 1(T; a, ¢);

drt 1
{d_w =@ 4 YO(T, a) + EYl(T, a, o), @)

dt S

ne a €D c Rl @ €RY e - mammit napamerp, 0 < € K 1, T = &t — “noBUIBHUI Yac”,
€ [0,L]; ¢yukmii X1 i Y1 2m-mepiognyni 3a 3MIHHOIO ¢ 1 JOCTaTHBO TIAAKI 3a

3MIHHUMU T, @, @. [l cuctemu piBHsIHB (1) 3a7a10ThCst KpaiioBi yMOBU

oal=0 + a1al,=1 = dj,

{
Bo@l=0 + L19l.=1 = dy,

(2)

ne a;, f; i d; —3anani uncina, |agl + |aq| # 0, |Bol + [51] # 0.
VY BignmoBigHicTh 3amaui (1)—(2) mokiiageMo 3HAYHO MPOCTIIIY, YCEPEIHEHY 3a

IIBUIKOIO 3MIHHOIO (0, KpailOBY 3a/1aqy

Z_f: X O(T,_CD + EX 10 (T,_CD, (3)

dr - - +Yo(r,a +eY(r,Q,
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Qolr=0 + ar1d;=; =dy,
BoWc=o0 + B1dc=1L = d2, (4)
Hexaii a="d(7; %, €) — po3B’s130K ycepeaHenoi 3anaui (3), (4), d 0; 79, €) =y, u(e)
— IOCHUTH MaJle YHCJIO, OLIHKY SKOr0 OTPHMaHO B Po00Ti, i a="d T; W U, &) € D mis

BCcix T € [0,L] i € € (0, &]. Sk noBeneno B [1], icuye eaunuii po3s’si3ok a(T; Y+ u, Y+
¢, €), é(e) € Ri gocuts Maje, 10 CIOPABIKYETHCS OIiHKA
la@yt it §,e) —dT vk p o)l +
Ho(@y+ wp+ & &) — UT v+ Pt & o) < ae?,
ne c1 > 01 He 3aJIeXKUTh BiJ €.
3aCcTOCYBABIIH ITIO OIIHKY 1 METOJIMKY, 3alIPOIIOHOBAHY B [1], 3HaiIeHO MOYaTKOBI

YMOBH JUUIsl €IMHOTO PO3B’sA3KY KparoBoi 3axaui (1), (2).

Teopema. Hexali BUKOHYIOTBCSI YMOBH:
1) dynxuii Xo, X1,Yo, Y1 1 @ — nBiui HenepepBHO audepenmiiioBani B oomacti [0, L] X

DxXR, Dc R;
2) w(t)=c>0, Te|[0,L];

3) a +«a ad(L;j/,e);tO;umeE(O,e 1.B +B #0;
0 135 000 1

4) icHye enuHui po3B’s30k 3amaui (3), (4) V € € (0, &].

Toxi miast mocuts mamoro & € (0,&0] icHye emunmii po3B’si3ok 3amaui (1)—(4) i
BUKOHYETHCSI HEPIBHICTD

la(@yt i+ §e) —dT, 3 &) +
+lp@yt w Pt ) — U, &)| < o
Jlnst @1 € cpaBIKyIOThCSI OIIHKH
lul < cse?, [§] < ca?,
JIe Cy, C3 i C4 - JOAATHI CTai, K1 HE 3aJICXKaTh Bif € .
Y po60Ti Tak0k HAITKCAHO MMPOrPaMy YMCIOBOTO MOAETIOBAHHS PO3B’SI3KY TOUHOT

1 yCepeaHEHO] 3a/1ay.
Cnucoxk jgireparypu

1. Camoiinenko A.M., Ilerpumun P.I. MareMaTuyHi acnekTd Teopili HENIHIMHHUX
xonuBaHb. KuiB: HaykoBa nymka, 2004. 475 c.

2. Yaroslav Bihun, Roman Petryshyn, lhor Skutar, and Halyna Melnyk Multifrequency
system with multipoint and integral conditions. Acta et Coomentationes, Exact and
Natural Sciences. Nr. 2(12), 2021. P. 11-24.
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3. biryn 4. U., Cxytap 1. . YcepennenHs B 6araTro4acTOTHUX CHCTEMax 13 3amMi3HEHHIM

Ta JIOKAJIbHO-IHTETpaJIbHUMH YMOBaMU. bykoBUHCHKMM MaTemaTuaHui xKypHai. 2020.

T. 8, Ne 2. C. 14-23.
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3ACTOCYBAHHS MATEMATHYHUX MOJIEJIEH JJIs

AHAJII3Y PUHKY KPUIITOBAJIIOT

[llesuenxo Ipuna
Jlvsiecvkuti Hayionanvhuu ynieepcumem im. leana @panxa

Daxynremem NPUKIAOHOT Mamemamuxy ma iHpopmamuxu

iryna.shevchenko.pmi@Inu.edu.ua

Opniero 3 akTyaJbHUX 3aJlady HAa Cy4yacHOMY (pIHAHCOBOMY PUHKY € aHali3 JUHAMIKU
IIH HAa KPUNTOBAIIOTY 3 BHKOPUCTAHHAM MAaTEMaTUYHUX MoJeied. Y 3B'SI3KYy 31
3pOCTalOUUM IHTEpPECOM J0 ULU(GPOBUX BaIOT Ta 30UIBIICHHSAM iX PHHKOBOI
KamiTagizaili, po3BUTOK HAsSBHUX Ta CTBOPEHHS HOBMX MaTEMaTHUYHMX MIAXOMIIB JIs
aHai3y IUHAMIKU [[1H HA KPUIITOBAIIOTY MA€ BEJIMKE MPAKTUYHE 3HAUCHHS.

KirouoBoro mepeBaror 3acTOCyBaHHS MaT€MaTHYHMX MOJENIEH IJis aHajli3y PUHKY
CJICKTPOHHUX TpoOIIed € IX 3AaTHICTb 10 aHaldi3y BEJIMUKOI KUIBKOCTI JaHUX Ta
3HaXOPKCHHS CKIIAJHUX 3alekHOcTed MK HuUMU [1]. Hampukian, MokHa BUKOPUCTATH
MOJIeJIi KJIacTepu3allii, o0 3rpyIyBaTy pi3HI KPUNITOBATIOTH 32 CIIUIBHUMHU O3HAKAMH Ta
NOPIBHIOBATH JHMHAMIKY WIH Yy MEXax KOXHOTo Kiactepy. ICHylooTh Mojueni, sKi
JO3BOJISIIOTh ~ aHANI3yBaTH JIMHAMIKY I[IH Ha KPUNTOBAIIOTY 3a JOMOMOTOIO
MaTteMatuyHux (opmys Ta iHAMKaTOpiB. Hampukian, MoXHa BUKOPUCTOBYBAaTH MOJEINI
3aCHOBAHI Ha TEXHIYHOMY aHai3l, IKMi BUKOPHUCTOBYE iICTOPUYHI J1aHl LIH Ta TOPrOBUX
00'eMiB /1711 BUBYCHHSI PUHKY 1 TPOTHO3YBaHHS MalOyTHIX IIIHOBUX TEHICHITIH.

OUIHUTH MOKJIMBI 30UTKH Y pa3l HETraTUBHOIO 3MIIIEHHS L[IHW KPUNTOBAIIOTH MOKHA
3a Jomomoror mojened BimoOpaxenHs pusuky Value at Risk, VaR [2]. VaR €
MaTEMaTUYHOIO MOJICJUIIO, KA OIIHIOE MAaKCUMAaJIbHUM MOJKJIMBUM 30MTOK, SKHH MOMKE
BUHUKHYTH MPU BU3HAYEHOMY PI1BHI HAJ1HHOCTI.

Mopnens Facebook Prophet 6a3zyeThcsi Ha agnuTuBHIN perpecii 3 KOMIIOHEHTaMHU, 10
BPaxoOBYIOTh CE30HHICTh Ta TpeHA. BoHa BUKOPHUCTOBYETHCS Ui MTPOTHO3YBAHHSA IIiH Ha
1u(pOB1 BAIOTH HA KOPOTKil Ta CEPETHBOCTPOKOBIH MEPCIIEKTHBI.

Mogeni anamizy rpadiB Ta MEpex MOXYTh JOIOMOTTH BHUBUHUTH CTPYKTYPYy PHUHKY
KPUIITOBATIOT Ta BUSBUTH 3B'SI3KM MK PI3HUMH KPUIITOBAJIIOTAMU Ta iX BIJIHOCHUMU
minamu. Jlo Takux mozneneit BigHocsaThes PageRank, HITS, ta mogeni Teopii rpadis [3].

Matemarnyni inaukatopu, Taki sk RSI (Relative Strength Index), MACD (Moving
Average Convergence Divergence), Bollinger Bands ta iHI 103BOJISIIOTH OIIHIOBATH

PIBEHb MEPEKYIVIEHOCTI a00 MEPEenpoAaHOCTI aKTUBY, BUSIBIISATA CUTHAJIM Ha BX1J a0o
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BUX1J 3 PUHKY Ta 1HIII KOPHUCHI MapaMeTpH.

Jns anamizy (¢yHIaMEHTAIbHUX TOKa3HUKIB KPUNTOBAIIOT MOKHAa BHKOPHUCTATU
MaTeMaTUYHy MOJENb OIIHKH (PIHAHCOBOi CTIMKOCTI KPWUIITOBATIOTHOTO IPOEKTY, SKa
BUKOPHCTOBYE TaKl MOKAa3HUKH, K JIOX1IHICTh, 3a00proBaHICTh, JIKBIIHICTh Ta 1HIII.

3a m0moMororw Mojem OOpoOKH TPUPOMHOI MOBH Ta MOJCTI aHai3y CETMEHTY
aHAMI3yIOTh TEKCTH Ha IHTEpHET-(HOpyMax Ta COIllaJbHUX MeHdia, J€ OOTOBOPIOETHCS
TUHAMIKa I[iH Ha KPUNTOBAIIOTH Ta TOBemiHKa puHKY 3araioM [3]. lle mo3Bomse
BUSIBUTH HACTPOi TPEHIEpiB Ta IHBECTOPIB Ta 3PO3YMITH, SIKI (PaKTOpPH BILIMBAIOTh Ha iX
pIIIEHHS 010 KYMIBJIi Ta MPOJaXy KPUITOBAJIOT.

Ha mizgcraBi orisgy OaraTb0X MaTeMaTHYHUX MOJENCH, SKI aHaNi3yIOTh PHUHOK
KPUNTOBANIOT, XOTina 0 BuaumuTu Moaeiai ARIMA ta LSTM, ski, Ha MO IYMKYy, €
HaWOUTbII e(PEKTUBHUMH ITiJ1 Yac JOCTIPKCHHS JUHAMIKH 111H Ha IIU(POBY BAIIIOTY.

MarteMaTtnyHa MOJ€ldb ABTOPErPECiiiHOiI IHTErpOBaHOi KOB3HOI cepenHboi ARIMA
(Autoregressive Integrated Moving Average) [4] € oJiHI€I0 3 HAUTIOMUPEHIITUX MOJIENIeH
st aHamizy 4vacoBux psgiB. ARIMA wmonens 3a3BUuyail  BUKOPUCTOBYETBHCS IS
MPOTHO3YBAHHS Ta aHalli3y YacOBUX PsMIIB, SKI MalOTh CTAIllOHAPHICTh Ta HE MAlOTh
BUPA3HUX TPEHIIB a00 CE30HHOCTI. SIKIIO0 4YacoBUM psAa LIHM KPUIITOBAIIOTU HE €
CTal[lOHAPHHUM, TO MOr0 MOKHA MEPETBOPUTH 3a JIONMOMOTOI0 METOAY JAU(PEPEHIIIFOBAHHS
Ha craiioHapHuii 1 BukopuctoByBaTd ARIMA wmoxpenb it TpOTHO3yBaHHS IIHH
KPUNITOBAJIIOTH Ha MalOyTHE. 3a3BUYail BOHA CKJIAJAEThCS 3 TPHOX MapaMeTpiB: p, d Ta Q.
[TapameTp p BiANOBiAAa€ 3a KUIBKICTh aBTOpETpeciiHUX wWieHiB B Mojeni. L1 unenu
BKJIIOYAIOTh TIOTMEpe/HI 3HadyeHHs psay. I[lapametrp d Biamosijae 3a  CTYIIHb
nudepentiitoBanns. lle o3Hauae, Mo psia Moxke OyTH MEPETBOPEHUM Ha CTalllOHApPHUI
IUISIXOM BiJTHIMaHHS MOIMEPEIHHOT0 3HAYCHHS Bijg moTouHoro. IlapaMerp q BiamoBigae 3a
KUIBKICTh KOB3HHMX cepeiHiX y mozem. L{i cepenHi BKIOYAIOTh 3rJa/KE€HI 3HAUYEHHS
MOMMWJIOK MOMEPEIHIX MPOTHO31B.

dopmyna ARIMA (p, d, q) [5] moxxe OyTu 3anucana sk:
P q

ye=c+ 2  ¢i(ye-i—p) + X O + &
i=1 j=1

Y¢ - 3HAYCHHA PsALy B 4acOBIM To4ymll t; C - KOHCTaHTa; ¢; - KOE(DIMIEHTH aBTOpPETpecii;
Yi—i - 3HAYEHHSA Py B 4aCOBil ToUMl t-I; 1 - CepeHE 3HAYEHHS PsY; O - KOSDIIEHTH

KOB3HOI CEpeIHBbOI; &_; - MOMIJIKH TOMEPEIHIX MPOTHO31B; & - MOMIJIKA MOTOYHOTO

—J
IPOTHO3Y.
Monens LSTM [6] moxe mpairoBaTtv 3 MOCHIIOBHUMHU JaHUMH Oyb-siKoi ¢opMu Ta

HE MOoTpedye CTAlllOHAPHOCTI JAHMX, 110 POOUTH ii OUTbLI THYYKOK B TOPIBHSHHI 3
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ARIMA. LSTM (Long Short-Term Memory) - e pekypeHTHa HEHpOHHA Mepeka, o
Mae J0JaTKoBl "BopoTa mam'saTi", sKi JO3BOJISIOTH 30epiraTd Ta BHUKOPHCTOBYBATHU
iH(dopmartito Ha 1oBri iepioau yacy [7]. Ls momens no0pe miaXoAuTh AJIs aHATI3Y PUHKY
KPHUIITOBAIOT, OCKUIBKM IIed PHHOK XapaKTEePU3YEThCS BHUCOKOIO BOJATHIIBHICTIO Ta
MIBUIKUMHA 3MIHAMH I{1H.

Jns LSTM mopeni KifbKICTh NMPUXOBAHUX IIApiB, KUIBKICTh HEHPOHIB Y KOKHOMY
mapi, GyHKIT aKkTUBAIlli BOPIT Ta IHIII MapamMeTpud MOXYTh OyTH BH3HAUYCHI IUISIXOM
3BEJICHHs 3a7adl 10 3anayi kiacudikamii abo perpecii Ta BHUKOPHUCTaHHS METOJIIB
OTTHUMI3aIii 111 3HAXOKCHHS ONTUMAIFHUX 3HAYCHB TTapaMETPIB.

CtBOpeHa MHOIO KOMIT' IOTEPHA MporpaMa MOBOIO miporpamyBaHHs Python 3a monemito
ARIMA 3 BukopucrandsMm 0i6miotek Pandas, Requests, Matplotlib no3Bomsie 3
HEBENMKOI0 MOXUOKOI0 (3-7 %) Ha OCHOBI ICTOPUYHUX JAHUX I[IHUA €JIEKTPOHHOT MOHETHU
Bitcoin crnporHo3yBaru 1iiHy Ha MalOyTHE Ta MEPEBIPUTH 1i TOUHICTh Yy TOPIBHSIHHI 3

aKTyaJIbHOIO I1HOIO (AUB. pucC. 1).

BTCUSDT Historical Data and ARIMA Predictions

26000 { —— Historical Data
~ Model ARIMA Predictions

25000

24000

W - BTCUSDT Historical Data and ARIMA Predictions .
23000 - -
. R — Historical Data :

. —~ Model ARIMA Predictions | +

T 2as0 Ny :

. ] H \ -

i L\ L .

’

Price (USDT)

22000

= 23500
21000
23250

20000 3000

* “pricé (bsdm) " " " °

2023-02-25 2023-03-01 2023-03-05 2023-03-09 2023-03-13 «* 22750

" 22500

o 2225

- 22000

030100  03-0112 030200  03-0212 030300 030312 030400  03-0412 03-05 00
Date

Puc. 1 — Pe3ynbTat koMIT’toTepHOi nporpamu 3a mojemio ARIMA

BukopucTaHHs MaTeMaTHYHUX MOJEJIe Ta I1HOUMKATOPIB [JIsl aHaji3zy pUHKY
KPHUIITOBAJIIOT MOKE JIOMOMOITH 1HBECTOpAM Ta Tpenaepam poOUTH OuIbII OOIPYHTOBAHI
pILIEHHST MO0 YIPaBJIiHHSA CBOIMU 1HBECTHIIISIMU Ta pusukamu. 3okpema, ARIMA Ta
LSTM wmopneni asia aHajizy pUHKY €JIE€KTPOHHUX I'POIIEH € MOTYKHUMHU 1HCTPYMEHTAMHU

JUTSI IPOTHO3YBAHHSI pPUHKOBUX TEHJICHIIIN Ta I[IHOBUX KOJIMBAHb KPUTITOBATIOT.

Cnucok akepeJi Ta JiTtepaTtypu
1. "Introduction to Cryptocurrencies™ by Andreas M. Antonopoulos
2. "Applied Time Series Analysis and Forecasting" by Richard Harris.
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"Cryptocurrency Investing Bible: The Ultimate Guide About Blockchain, Mining,
Trading, ICO, Ethereum Platform, Exchanges, Top Cryptocurrencies for Investing
and Perfect Strategies to Make Money" by Alan T. Norman
https://medium.com/towards-data-science/time-series-forecasting-arima-models-
71221e9eee06

https://www.machinelearningplus.com/time-series/arima-model-time-series-

forecasting-python/

"Cryptoassets: The Innovative Investor's Guide to Bitcoin and Beyond" by Chris
Burniske and Jack Tatar

https://www.analyticsvidhya.com/blog/2021/03/introduction-to-long-short-term-

memory-Istm/
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AHAJII3 BUKOPUCTAHHSA METOAIB PEAKTUBHOTI'O
IMPOI'PAMYBAHHS JIJ151 3ABE3IIEYEHHS BUCOKOI
JOCTYINHOCTI TA HAJIHHOCTI MIKPOCEPBICHUX CUCTEM
HA OCHOBI JAVA
Onexciii Jlayiox
Jlvgiscoruti HayionansHuil yHigepcumem imeni leana ®panka
Daxynbmem npuKiIaoHoi Mamemamuxy ma ingopmamuxu
oleksii.datsiuk@Inu.edu.ua
POSIIIHEMO THIIOBY Il MIKPOCEPBICHOT apXiTEKTYPH AIUTIKALLO, IO CKIAJAETHCS 3

5 MIKpOCEpBICIB, KOXKEH 3 SIKMX € THUIOBOIO 3-11apOBOI0 AIUIIKAIIEI0 1 ONEPYETHCS MOBOIO

nmporpamyBaHHs Java Ta BeO-ppelimBopkoM Spring boot.

Representation Representation
layer layer

Service Service
layer layer

Persistence
layer

Persistence
layer

Representation
layer

Service
layer

Persistence
layer
Representation
layer

Representation
layer

Service Service
layer layer

Persistence Persistence
layer layer

Puc. 1. ApxiTekTypa TUIIOBOi MIKpOCEPBICHOT aruTiKawiii

3po3yMmino, IO MIKPOCEPBICH KOMYHIKYIOTh MDK CO00OK0 — OOMIHIOIOThCS
iH(popmartiero. | abu mopuHyTH Y TIpo0ieMy BapTO YTOYHHUTH, SIK caMe arutikailis Ha 0asi
Java ta Spring Boot otpumye Ta 00poOiisie 3anuTH, MO T HAAXOAATh. OTOX, KOXKHA
Spring Boot arumikaiis mpaioe Ha 6a31 BeO-cepBepa — Servlet Container. Kosken
noAiOHuM BeO-cepBep OMEPYE «ITyJIOMY» MOTOKIB sl 0OpOOKM 3alUTIB BiJl KOPUCTYBaUIiB,
abo x 1HmuUx arutikamiil. «Ilym» MmoTokiB — (ikcoBaHa KUIBKICTh MOTOKIB, IO MOXE
BUKOPUCTOBYBATUCS Ta TEPEBUKOPUCTOBYBATHCS arulikaiielo Ha 6a3i Spring Boot.
BukopucTanHs «Iyity» MOTOKIB JUisl 0OpOOKH 3aIUTIB € MOIIMPEHOI0 MPAKTUKOIO, a/IKE B
TaKOMYy BHWITQJIKy 3amuTH OyJayTh OOpOOJISATHCS aCMHXPOHHO, a TaKOX, 3a PaxyHOK
MEPEBUKOPUCTAHHSI B)KE€ ICHYIOYMX TIOTOKIB, a HE CTBOPCHHS HOBHUX, alUTIKaIlis
npaioBaTuMe 3HayHo mBuame. [Ipote, y Takoro mixoy 10 CTBOPEHHS MIKpPOCEPBICHUX
aTuTiKaIliid € KUThbKa HEIOJIKIB, OJAMH 3 SKUX: JJIS KOKHOTO 3alUTy BUAUISIETHCS OJIMH
MOTIK 3 «IIyJIy», HajaJll Med MOTIK OJOKYEThCS HA Yac BUKOHAHHS O13HEC-JIOTIKH, SIKY
notpedye 3anut. Lle He Oyae npo6IeMoro TOMOKH B arulikallii He 3’ IBUThCS (PyHKIIIOHAI,

BUKOHAHHS SKOT0 MOTpe0ye 3HAYHMX PEeCcypciB Ta 4acy, a TaKOX JOMOKH Ha MO10HHIA
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GbyHKIIIOHAT HE TTOYHE HAJTXOIUTH BEIMYE3HA KiJIbKICTh 3aMUTIB 3 THIINX MIKPOCEPBICIB.
PosrisitHemMo HaWripimuii BapiaHT, Yy BUNAJKY HAJIXOJKEHHS MOHCTPYO3HOI KUIBKOCTI
3alliTIB HAa BUKOHAHHS MMOAIOHOI JIOTIKHM, CEpBIC MOXE CTaTH IEPEBAHTAXKCHHUM, SK
BHCHOBOK, TIepecTaTd OOpOoOJSITH HasBHI 3alWTH, a TaKOXX HE BIAMOBIIAaTH Ha
HOBOMpuOYyi. IloTeHIiitHO, BUPIIMIEHHSAM i€l MpoOJIeMU MOXE CTaTH TOPU30HTAIHHE
PO3IIMPEHHs], MPOTE TAKWil CIOCIO BUPILIEHHS HAsSBHOI MPOOJIEMHU € JAOBOJI JIOPOTHM, a
TaKOX HE 30BCIM MPAKTUYHUX Yy BCIX BUMaKax. [0 TOro K, TOpU30HTAIbHE PO3IIUPEHHS
MOXke OyTH Hee(eKTHBHUM, SKIIO MOBA HAE MPO JIMITOBaHY MeEpexy, ado X pecypcu
I/O, a He Opak OOYMCITIOBATILHOI MOTYXKHOCTI. TakuM YMHOM MU TITXOJUMO O TEMU
pPEaKTHUBHOTO TMporpaMyBaHHsA. PeakThBHE mporpaMmyBaHHi - 1€ JeKJapaTHUBHA
napajurMa nporpaMmyBaHHs, B OCHOBI SIKOi JIEXKHUTH 171€ ACHHXPOHHOI 0OpOOKH MOoAll Ta

[IOTOKIB JIaHUX.

Starting event Completion

Initiates All data
stream of data process

&0 oot

Error

Disruption in
data

Variables

Changes in
data

Puc. 2. [Ipuaiun po6oTH peakKTUBHOTO MTOTOKY

AOu kpaie 3po3yMITH SIK came IMpalioe€ PEaKTUBHE MPOrpamMyBaHHS - MOKHA
sragatu npo ofauH ayxke uikaBuid OOIl matepn — «Observer», CyTh SIKOTO TMOJSTAaE B
TOMY, LIOOM CTBOPUTH cHCTeMy "HiANUCKUA" OO’€KTIB HA MOAIl, MICIS YOTrO NpH
BUKOHAHHI 1Ti€1 MO11, BIAMOBIIHI 00’ €KTH OYIyTh MOBIIOMJICHHI PO i1 BUKOHAHHS. AJle
OCKIJIBKM B KOHTEKCTI PEaKTUBHOTO MPOrpaMyBaHHs 00poOKa O/HI€T MOl HE poOUTUME
HISIKOTO CEHCY - JIOBOJMTHCS MPAIIOBATH 3 PEAKTUBHUMH TOTOKAMH TOMIH. Y BHITAJIKY
po0OOTH 3 peaKTUBHUMU MOTOKAMH, T€, Ha 1110 MiAMUCYBATUMYThCS YMOBH1 00’ €KTH Oye
HE OJIHA MOJIisl, a MOTIK MOJIA. Y TakoMy BHUIAJKy «0OcepBep» Mae HajaTH BIAMOBIIHI
KOJIOEKH MpO Te, MOTIK BUKOHABCSA 3 MOMMJIKaMH, 4d 0e3. 30KpeMa, peakTHUBHI MOTOKH
BIJIPI3HSIIOTECA B KOHTEKCTI TOTO, SIK KOHTPOJIOETHCS PEAKTUBHUN IOy - MOXKIUBA
«push» Ta «pull» meroauka. ¥ Bunaaky «push» MeTOIUKHN «IMiAMUCHUK» TOYHO HE 3HAE
KOJIM Tmojis Oyae BHUKOHAHA, BIAMOBIAHO, «MAOIIMIEPH» MOXYTh TEPEHACUTUTH
MIJMUCHUKIB 3allUTaMH, 10 B CBOIO YEpry CTBOPHUTH BHIlleomHcaHy mpoOiemy. Came
TOMY TIAMACHUKA MalOTh MaTH MOXJIMBICTh KOHTPOJIFOBATH PEAKTUBHUN (PJIOY 31 CBOTO

0oky, y «pull» meromurii e HazuBaeThes «backpressure». CyTh momsirae B TOMy, 00U
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HAJATU MIJITUCHUKY MOXJIMBICTh CAMOTYKKH PEryJIIOBATH HAIXOKEHHS 3alUTIB, TOOTO,

MPUIIMHUTH MOTO 3a HaJIMIPHOI 1Moj1ayi.

subscribe()

Publisher Subscriber

N

subscription

v

request(n)

A

onNext(data)

v

onComplete()

v

onError()

Puc. 3. Emynsuis peaktuBHOTO (hi0y
BianoBigHO, TOJOBHUMHM OCOOJMBOCTSAMH PEAKTHUBHOIO TMPOrpaMyBaHHS Ta
pEaKTHUBHUX TOTOKIB € AaCHUHXPOHHICTh, «non-blocking», «event-driven» Ta
«backpressure». Hy 1 OCKIIBKM MIKPOCEPBICHM TMEPEBAKHO KOHTEUHEPU3YIOTHCS, a
pecypcu 0OMeKeH1, TO BCl BHUIIE-BKa3aHl OCOOIMBOCTI € BXKJIMBUMHU B yMOBax poOOTH
MIKpOCepBICKHOI arutikaiii. OCKUIbKM BOHHM 301IbIIaTh €(EKTHUBHICTh BUKOPUCTAHHS
HasBHUX PECypCiB Ta MIABMIIATh MIBHJKOJIIO aIuliKamii 3a YMOBH IPaBUIBHOTO

BHUKOPUCTAHH:.

Cnucoxk Jgireparypu

1. Reactive Streams — Pexxum moctymy: https://www.reactive-streams.org

2.Reactive Manifesto — Pexxum moctymy: https://www.reactivemanifesto.org

3.Project Reactor — Pexum JIOCTYIY:

https://projectreactor.io/docs/core/release/reference/
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AHAJII3 IPOLIECY PO3POBKU BEBCAMTY HA OCHOBI
KOPUCTYBAIILKOT'O JOCBITY

Bosx JIo6o6-Bacununa
JIvsiscokuti HayionanvHuu yHigepcumem imeni leana @panka
Dakynbmem nPUKIAOHOI MamemMamuku ma ingopmamuxu

Vasylyna.vovk2002@gmail.com

binn Iefitc roBopus: "SAkmo Bamoro 0i3Hecy Hema B iHTepHeTi, TO Bac HeMa B
oisneci". [{u¢poBuii cBIT B)XKE€ HE HOBMHA, a Halla PEAlbHICTb, TOMY BIJACYTHICTh
BJIACHOTO Be0O-CaliTy MaKCHUMaJbHO HE 3Ba)KEHE pIlIeHHS I O13HECY ChOrojHi. Ale
JAJIEKO HE KOXKEH CalT 37]aTeH BHKOHYBaTH moTpiOH1 ¢yHkuii. Ha ne BmmBae psa

YMHHUKIB, KOKEH 3 SIKHX Ma€ MEeBHY Bary Ha etari po3poOKH pe3yJbTaTUBHOIO CANTY.

S BupimIKIa TOCHIIATH, 11O K BIUTUBAE Ta 3a0€3MeUy€e pe3yJbTaTUBHICTh 1 METOIO
MOT0 MPO€EKY OyJI0 MpoaHaii3yBaTH Mpolec po3poOKu BeO-calTy, BU3HAYUTU TOJOBHI

aCIEeKTU Ta BUKOPUCTATH iX Y PO3poOIIi pecypcy, sAkuil Oyae pyHKIIOHATBHIM

OTtox, criepury s JOCTiAWIA 3 SKMX €TalliB CKJIAJAa€ThCs MPOIEC PO3POOKU Ta IO
BiH B €001 MICTUTh C(hOPMYBABCs 3arajJbHUN CIUCOK 1 5 TIoYaja JOCTIKYBaTU KOXKEH 3

HHUX

Otxe, IEePLIUM ITYHKTOM s BUJIUTHAIIA cTparerio.
Ha npoMy erami My BU3HAUaEMO METY pO3pOOKH HAILIOTO CaWTy, 110 XOUEMO JOCATTH Ta
Kl 1HCTPyYMEHTH Tpeba MJid UbOTr0 3aJyYHUTH, KOPOTKO Ka)Ky4H BIANOBIIA€EMO Ha

3alMTaHHS: a HAaBIIIO HAM CalT?

[inme#t, siki MO’K€ 3aKpUBaTH HaIll CAaT MOXke OyTh 0aratro, och KuJIbKa 3 HUX:
npojaBatu (yIsl e-commerce), 3aly4aTH KIII€HTIB, MPE3CHTYBATU MPOAYKT UM JIHIUKY
TOBApIB, PO3MOBICTU MPO MOCIYTY, 30UpaTh JiAU (KOHTAKTHI JaH1 JIJis KJII€HTCHhKOT 0a3n),
PO3MOBICTH MPO Bally KOMIIaHil0, BUOYIyBaTH JOBIOCTPOKOBI BIIHOCUHHM 13 KIIIEHTAMH,
iHpopmyBatu 1{A, MIABUIIMTH OXOIUICHHS Ta BII3HABAHICTh OpPEHAY, BUKOPUCTOBYHOUH

digital-xanamnmu.

OnuH callT MOX€ 3aKpuBaTH OJipa3y KidbKa I[IeH, BiacHe, Tak 1 BUMILIO Y
HAIIOMY TIPO€EKTI. AJie BCe X €M eTam OJWH 13 HalBa)XJIHBIIINX, 00 Ha MOrO0 OCHOBI

OyIyrOThCSl HACTYIIHI €Talu
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Hactynuuii mamrTaOHuii ertam, SKUM s BHOKpEeMUIa - IIe aHAJITHKAa.
TyT MU BH3HAuYaeMO IIUJILOBY ayJauTOPIIO HAIIOTO CalTy, iXx Ooy Ta moTpedwu,
MEPETAIaEMO Ta aHAIIZYEMO KOHKYPEHTIB, (DaKTUYHO BIJIIMOBIa€EMO Ha HACTYIIHI
3allUTaHHS: JJIs1 KOro TMpU3HAuYeHO BeO-pecypce, sKl ymoao0aHHsA BaIlMX MOTEHIIHHUX
KIIEHTIB, sKa 1HdopMalis Oyae JUisi HUX KOPHCHOK Ta I[IKaBOI, SKUMU

KOMYHIKaIIHTHUMHU KaHaJlaMd BOHU KOPUCTYIOThCSI.

Komu ocHoBHa iHdopmMmaris 3i0paHa, mepexoauMo 10 3 eTamy - I0O0YJI0BH
CTPYKTYpH CalTy, NPOTOTHUIIYBaHHA Ta JAW3aliHy. BilacHe, OCHOBHY 4YacTHHY MOTO

JOCIIIJIKEHHSI CTAHOBUB 11eH MTyHKT, TOMY TYT Sl pO3KpUBATHUMY 0arato MOMEHTIB

OTxe, cTpykrypa. Konu KopucTyBadi 3aX0JsTh Ha CailT, MIBUJIIE 32 BCE, BOHU
XOUYyTh OTPUMATH JETANbHY 1HPOPMAILiI0, IKY HE 3HAUIILIN A0 NPUKIIALY Y COIl MEPEkKax,
B HUX € MPOOJIeMH, 3 SKMMHU BOHU 3aBITalX Ha CAMT 1 3a JIIYCHI XBWIMHHU, HAM TOTPIOHO
X IIEPEKOHATHU y TOMY, 110 MU MOXKEMO M JIOTIOMOTTH
ToOto, HamM mOTPiOEH cailT, SKUM NpoOHIe NEpPeBIPKY CyMHIBaMH 1 MEPETBOPUTH
nepenisiiadiB Ha MOKYMIiB. 3a nociipkeHHsaM Jlonanbaa Misiepa, s BUHeCHa 5 peue,

SIK1 TOBUHEH MAaTH BEOCAUT

1. Ipono3uuisi y BepxHiii yacTuHi ekpany . [lepmmii ekpan, 1e e, 1o 0a4nTh
MNOTEHIIHHUHN KIIE€HT 3alIOBIIN HA CANUT, 1 caMe TYT BiH YITKO MaB OH 3pO3YyMITH,
10 Ma€ OTPUMATH, TOJIOBHY JYyMKY, 110 OTPUMAE KJIIEHT BiJI CIIBIIpalli 3 613HECOM,

K 1Or0 peKOMEHTyBaTH 1HIIUM

Baprto nepexkoHaTucsk , o (oTo Ha TEKCT, SIKI BU BUKOPUCTOBYETE Bropi roJOBHOI

CTOPIHKH BIAMOBIJAIOTh HACTYITHUM ITpaBUIaM:

e ['oBOpATH Mpo 00pa3, AKui Haguxae. KO MU MPONOHYEMO JIOAUHI IEPETBOPUTH
HOT0 Ha Typy IporpamyBaHHs, IT-1KoMa (GopMye o0pas, sIKHi HaJUXa€ 1 MOSICHIOE
JUTS 4OTO 1M mpua0aT i KypcH

e OOIIMIOThL poO3B’s3aTU Tpobsiemy. Skmio Oi3HEC MOXKe PpO3B’s3aTH  SKYCh
npoOjieMy KJl€HTa, TO MOpo 1€ Tpebda 3raayBaTu Ha TojoBHIM. Kopucrysaui
3aXO/STh HA CaWT HE Ui TOTO, a0W JI3HATHCA CKIJIBKM Yy Bac HAropoj, a mo0
BUPIIIUTH CBOIO TIPOOIIEMY

e UYiTkO MOBIIOMIISIIOTE TPO BUAM ISUIBHOCTI Kommauii. Hadnpocrtimmii 13
BapiaHTIB, MIPOCTO PO3IMOBICTH MPO BHIU AISIILHOCTI KOMITaHil, YMOBHO KOJIM BU

MUIIETe TMiJT HAa3BOI0 Balloi KOMIMAHIT MiATBEP/UKEHHS BaluxX Mocayr . Mu
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MPOJAaEMO 1Ky, OASIT YW akcecyapu. lle Tex BUKIHMYE acoIliamiio y JIIOAeH i

PO3yMiHHS, III0 MO>KHA OTPUMATH

2. OueBuaHMii 3aKkJMK 10 Ail ['0J0BHA MeTa HAIIOrO CaliTy — L€ CTBOPUTH MICLE,
ne xHonka 3 CTA Oyzae mopeuyHoro Ta kKpacuBoro. HaBiTh Hamaioum HaWKparuii
cepBic Oi3HEC MOXE BWJIETITU 3 PUHKY, SKIIO JIOAU HE HATUCKATHUMYTh KHOIKY

“kynuti’ 3apa3. Tox 1110 KHOIIKY Ma€ OyTH YITKO BUHTHO

€ 2 OCHOBHI MATTEPHH, SKI PyXalOTh MO KOPUCTYBaya, BIAMOBIIHO HA HUX 1
Tpebda onmMpaTuch, pO3MIIIYIOUM Hallll KHOTKY, 1€ F-maTTepH Ta z-Tpa€ekTopis, TOy Ha iX

OCHOBI Tpeba po3MIIyBaTH KHOIIKH.

3. 3o0paxeHHs ycmixy buiblly YacTMHY Hamoro NOBIAOMIEHHS [0 JitOJed
CTAaHOBUTH TEKCT, aJieé HE TUIbKH, KJIIOYOBUMHU Yy CIIPUHHSATTI € TaKOXK 300paKeHHS,
K1 MU BUKOPUCTOBYEMO, BOHH TEX IHPOPMYIOTh 1 JOHOCATH CEHCH.

4. Po3nojut NOTOKIB BalllMX NPUOYTKIB HA 3py4HI MOPLIi

5. SlknaliMeHIie ciiB
JlaJj1i Texk He MEHII BATOMUI aCIEeKT PO3PO0KH CaliTy - eBPUCTUKH K03a01TiTi.

IneannHuii user experience Mae Ha METi CTBOPUTH MAKCUMAJIbHO KOM(OPTHHI
JJIs1 KOPUCTYBa4ya caiiT, SKUi BiH HE 3aX04Ye JIMIIUTH Ta SKOMY 3aJHIIATHh CBOi T'POIIi,
npua0aBIY TIEBHUN TOBAp YM 3aMOBUBIIM MEBHY Nociyry (1 He Tuibku). Lli eBpucTKM

103a6ijiti nocniaus ko6 Hlnbcen, B3arani ix 10, ane s 3ynuHuIach Ha 5 OCHOBHUX

1. IntyetuBHICTh. JIN3aiiH pO3p0OJIECHO 3T1IHO 3 pEabHUM CBITOM.

2. KopuctyBad KOHTpOJIOE BCE. 3aBXKAM € MOKJIMBICTh TOBEPHYTHUCS HA3al YU
B3arayi BUWTH — II€ A€ IOAATKOBE BITUYTTS OC3MEeKH 1 KOMGOPTY.

3. UYiTkicTb, MOCHIJOBHICTh Ta cTaHmapTH. [[uzailH Mae OyTH CHCTEMHHUM, SKIIO
po3Mip mpUTy JUIst OCHOBHOTO TEKCTY 17 mikceniB, TO BiH Ma€ OyTH TOYHO TaKUM
K€ Ha BCIX CTOpIHKaxX CalTy B Mekax | MpoeKTy

4. JlouinbHi HaragyBaHHA. SKII0 € popMa BapTO MPOIKUCATHA HA3BY KOXKHOTO 3 TIOJIIB

5. TI'myuki pimieHHs. 3amporoHYHTe AEKIJIbKa BapiaHTIB, MO0 KOPUCTyBady OyIio
CKJIQJIHIIIIC BIJAMOBUTHCS + 3all€BHITHCA, IO y KOPHUCTyBaya 3aBXau Oyje
BUPIIIIEHHSI MOr0 MPOOJIeMH HANpUKIIal, TOBApP B OHJIAH-Mara3mHi KOPUCTyBad

MOXe OTUIaTUTH sIK uepe3 PayPal ta i uepes Stripe

3aBepmIMBIIA 3 AHATITUYHUMH CKJIAJIOBUMH, TEPEXOKY N0 Oe3mocepeasHbo

NU3aiiHy, KOJILOPUCTHKUA Ta Tumnorpadii. Tyt s pociiauia BUAM KOJIPHUX CXEM,
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acoIIaTUBHICTB KOJIBPY, K0JI0 3a ITeHoM, mpaBuio 60/30/10,
MICIIE KOJbOPY B PE3YJbTAaTHBHOCTI CaMTy, a TakoXX BUAU HIpUPTIB, (HOpMyBaHHS

mpuTOBUX Map, I€PAPXII0 B MEXKAX MPOCKTY, PO3MIpH MIPHUQTIB, KEPIIIHT, IHTEPIIIK

Hactynauii eram po3poOku — BepcTka. Bona He mae HaWOIIbINMI BIUIMB Ha
PEe3yJIbTAaTUBHICTh HAIIIOTO CAUTY B XOJ1 JOCHIJI)KEHHS 32 BUHATKOM TOTO, IO TTOBHHHA

OyTH SIKICHOIO Ta MIATPUMYBATH MPABWIBHY aJIalTaIlito.

peati3oByBaTy ii MOKHA Pi3HHUMH METOJIaMH: SK YHUCTHUM KOJOM 32 JOIIOMOTOIO
HTML, CSS, JS, 3a m1omomMorot KOHCTPYKTOPIB UM 3a JOMOMOTOIO CHUCTEM KEpyBaHHS
BMICTOM 3 BIJKPUTHM KOJOM (JI0 HUX BIAHOCHUTHCS BOPAMPECC) 1 3BICHO, OKPEMHUM

JOCITIKCHHSIM MOYKHA BU3HAYATH TUTFOCH/MIHYCH/TIEpeBaru KO>KHOTO 3 IIMX BapiaHTIB

Hactynnuit 1 ocranniit eran UX-moCiipkeHHsS] Ta BU3HAYEHHSI PE3YyJIbTaTUBHOCTI

Caury.

Sxio nepeiTu 10 JOCTIHKeHb, TO iX HACIPaB/Il, BaplaHTIB € yKe 0araTo, KOXKEH 3 SKUX
Ma€e 3aCTOCYBAaHHS Ha PI3HHMX eTamax, Tl sIKl S BUKOpHCTaJa Uil aHai3y CHellalbHO

obOpana juisi (piHAJIBHOTO YacOBOTO MPOMIXKKY, abu BOHM OyiaM B PIBHUX YMOBax

1. A/B-tecryBannsi (A/B Testing). [lonynsipHuii MeTOA TMOPIBHSHHS BOX BEpCiid
caiity abo mporpamu, IO BIJPI3HAIOTHCA OJHHM ab0 JEKUJIbKOMa €JIEeMEHTaMH.
AyauTopis BUMAJKOBUM YHWHOM PO30MBAETHCS HA JBA CETMEHTH, KOXKEH 3 SIKUX
0aunTh TUIBKKM OAHY Bepcito. [licis MOCATHEHHS CTAaTUCTUYHOI 3HAYYIIOCTI
poOUTHCS BUCHOBOK, sIKUI BapiaHT nepeMir 3a oopanum KPI (Hanpukiaz, mokynku
y nonatky). IIpoBoauThcs B cremialibHUX cepBicax, Takux sk Google Optimize

Jutst caitiB 1 Optimizely 1y1st nogaTKiB.

2. Excnepruuii orasim (Expert Review). Ilpoaykr penensye nocBiguenmii UX-
daxiBerb, 0POPMITIOIOUN CBOI CIIOCTEPEKECHHS B JOKJIAJIHUMA 3BIT 3 UTIOCTPAIlISIMH.
JIOKyMEHT OMHUCY€ CHIIbHI 1 CJIa0Ki CTOPOHU PIIIEHHS, BUSIBJICHI MpoOIeMu Ta iX
NPUYMHHA, PEKOMEHJAIll MO0 YCYHEHHS Ta HaMKpalll NOpakTUKA. Takox

MIIX0AUTh, KOau kKomauai UX-mu3aliHepiB HE BHCTAaya€ BIIACHOI CKCIICPTH3U.
3. Anaui3 kiaikcrpima (Clickstream Analysis). Anaini3 qaHux mpo Te, siKi CTOPIHKU

1 B SIKOMY MOpPSAKY BiABiAyBaB KopucTyBay. Jlerko mpoBecTH 3a JONOMOTOIO

cucremu anamituka Google Analytics, Firebase, Mixpanel. Jlo3sonsie BusBuTH
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mpoOsemMu, MOB’s3aHl 3 HaBiramiewo mo caity abo mporpamu. He momomarae 3
MOIITYKOM iX Mpu4uH. JIJis 3’sICyBaHHS MPUYMH BapTO BUKOPUCTOBYBATH F03a01ITiTi-

JIOCIILIKEHHS.

4. IntepB’1o (Interviews).OcoOucte IHTEPB’10 3 JIIOABMH, 110 MaIOTh JIOCB1I poOOTH
3 IPOAYKTOM. 3aBIaHHs — 3pPO3YMITH, sIKE€ BPaXKEHHS 3aJIMIIAE CalT abo J0JaTOK
y KopucTyBauiB. OCKUIBKM MOBa HJI€ MPO MHUHYIHMX [iIX, TOYHUX YHUCEITHHUX
JTAHUX OTPUMATH HE BAACTHCS.

5. 5-cexynanmuii Tect (Five second test). bmin-tect Ha mepiie BpakeHHS Bif
TU3aiiHy. YYacHUKU JOCHIJKEHHsI 0ayaTh Horo ¢parMeHT piBHO S5 CEKyHJ, MICIs
4Oro BIJNOBIJIalOTh HA HU3KY MHUTaHb. Hanpukian, npo Te, siki OCHOBHI €JIEeMEHTU
3anam’sITaliucs, SIKe YSBJICHHS MPO OpEHJ CKIIANOCs, SIKe MPU3HAYCHHSI CTOPIHKH,

XTO IJIBOBA ayIUTOPIS 1 T. 1.

He 3aBxau MoxHa ouudpyBaTH pe3yidbTaTUBHICTh CaWTy, MPOCTE € 1 Taki
MOXJIMBOCTI. JIJIsI IOTO 1CHY€ BHU3HAYEHHS KOHBEPCIS — 1€ BIJIHOIICHHS YHCIA
BIJIBIJIyBayiB CailTy, sIki BUKOHAJIM HAa HbOMY SKICh IIJIbOBI [Iii, 0 3arajbHOrO 4uCja
BIJIBITyBayiB CalTy, BUpaKEHE y BiJcoTKax. ToOTo, AKm0 Ha Haml cait 3aimuio 500
monien, a 3anucanuca Ha nociayru 100 3 HuX, To Hama KoHBepcis ckianae 100/500 *

100% = 20%. Google Ha MUTaHHS HOPMAIBHOCTI KOHBEPCIi BIAMOBIAAE TyKE JTAKOHIYHO

— 2-5%.

Hy 1, 3BicHO, 2 BapiaHT, K MU MOXXEMO OI[IHUTH PE3YyJIbTATUBHICTH CAWTy, 1€
MOpaxyBaTH JOX1J] B/l KIIIEHTIB, SIK1 IPUUIILIIN Yepe3 CalT Ta BU3HAYUTH HOro (DiIHAHCOBY

e(eKTUBHICTb 1Sl O13HECY

OTxe, y MIJICYMKY. BCl HaWBaXJIMBIIII Bi3yallbHI MOMEHTH s BUBEJA Y BJIACHY
TaOJIUII0, B SKIM Hajala BIACHY E€KCIEPTHY OIIHKY , MO Ba)XJIMBOCTI IUX CKJIaJ0BUX.
Takox 111 UX KPUTEPIiB S BUKOPUCTATA METOJ 1€papxii 3 Teopii MPUUHATTS PIllICHb,
pe3yJIbTaTH SIKOTO 1€ B MpOIeCi peasizallii, ajie BiH JOMOMOXE HaM JIaTU E€KCIEPTHY

OIIIHKY 3 MaTeMaTHUYHOI CKJIaJ0BO1
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5%

THyuKi pilueHHs

10%

IHTepB’to
20%

HGpCﬁTH A0 IIPAKTHYHOI'O 3aCTOCYBAaHHS, TO BpPaXyBaBIIN BCl

aCIeKTH MpoIecy po3poOKu BeO cailTy, s po3poduia JeHAIHT (OJHOCTOPIHKOBUN CallT)

JUISA CTOMATOJIOTIYHOT KIIIHIKHA

[eit caiiT OyB CTBOpEHUI JUIsl peaJbHOIO 3aKiaay, SIKHil 3HAXOAUTHCS B Y KTOPO/Ii

ta Mae Ha3By “Kuiinika CiMeiinoi Ctomaronorii” 1 B pe3yJsibTaTi poOOTH IOTO CaWTY,

BCHOIO 32 | MiCAIlb 3 HBOTO BIACHUKHU MPOAAINA MOCIYT y cymi OuiblIe 8§ TUCAY 0dapiB,

110 MATBEPAKYE MOE JOCIIIIKEHHS.
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MOAEJIOBAHHA 3MIHU PO3MIPIB PAKOBUX KJIITUH

Kpaciuuncoxuti Cmanicnas
JIvsiscokuti HayionanbHul yHieepcumem imeni leana @panka
Dakynbmem NPUKIAOHOI MamemMamuku ma ingopmamuxu

stanislav.krasichynskyi@Inu.edu.ua

PakoBi myxJIMHU € OJHIEIO 3 HAWOLIBII BAXKIUBUX 1 aKTyalbHUX MPOOIEM Cy4acHOT
MenuuuHU. KokeH pik B CBITI OUTBIN K 9 MITBHOHIB JIIOJIEH MOMHUpAE BiJl paKy, IO
CTBOPIOE 3HAYHE COIllaJIbHE Ta E€KOHOMIYHE HABAHTAKEHHS Ha CYyCHUIbCTBO. bararto
BUCHUX TPAIIOIOTh HAJ TPOOJIEMOI0 paKy, BHOCSYU CBid BKJIaA y OOpoThOy 3 IIi€IO
xBopoOoro. Cepen HUX MOXKHA BUJIUIUTH POOOTH TakuUX BUeHHX, K JIk. Asricona, Jx.
®onkmeHna, JI. Panymii Ta 6araThoX 1HIIWX, iXH1 JOCHTIPKEHHS CTaIM KJIIOYOBUMHU IS
BUBUYCHHSI paKy Ta pO3pOOKH HOBUX METOJIIB JIKYBaHHS.

CyuacHa KOMI'IOTEpHa MaTeMaTHKa BIAKPHUBAE HOBI MOMJIMBOCTI B JOCIIIKEHHI
paky. 3acTocyBaHHS CHCTEM KOMII'IOTEPHOI MATEMAaTHKH JIO3BOJIIE CTBOPIOBATH
MaTE€MaTU4YHl MOJEINI, SIKI MOXKYTh JONOMOITH y NPOTHO3YBaHHI MOIIMPEHHS PAKOBUX
kiitiH. [Ipu 1bOMy BpaxoBYIOTbCA Taki (aKTOpH, SK CTparerii J1arHOCTHKU Ta
JIKYBaHHS, MDKKJIITHHHI B3a€MOJIi Ta IMyHH1 BIATYKM. MOJENIOBaHHS MOLIMPEHHS
pPaKkoBOi MyXJIMHU 3a JOIOMOTOI CHCTEM KOMIT'IOTEpHOI MaTEMaTUKH € TIOTYXKHUM
IHCTPYMEHTOM, SIKMI PO3IIMPIOE MOKJIMBOCTI BHUBYEHHS IIi€l XBOpOOM Ta JO3BOJISIE
CTBOPIOBATH OUIBII TOYHI METOJM A1arHOCTUKU Ta JIIKYBaHHS. 30KpeMa, MOJIETIOBAHHS
3MIH POCTYy pPaKOBUX KIITHH MOXE MPOJIUTH CBITIO HAa MEXaHI3MH 3pOCTaHHS 1
npodidepartii myXJIMHHAX KIITHH.

VY nmanit KypcoBiii poO0TI OyJi0 MPOJAEMOHCTPOBAHO Ta MPOAHAI30BAHO OJHY 3
MOJIeJICH TIOIIMPEHHS PaKOBUX KIITHH 3a gomomoroio cepenoBuina MATLAB. Monenb
3anponionoBana Illepparrom 1 Yamnenom y 2001 poi, IpyHTYeTbCA Ha YacTKOBHUX
nudepeHuiaabHuX piBHSIHHAX. J{udepeHianbil pIBHSIHHS OMUCYIOTh PICT, pyX 1 CMEPTh
MyXJIMHHU, 0 CYMPOBOKYETHCS HAJIXO/KCHHSM TOKUBHUX PEYOBUH A0 Hei. Mopenb
PO3B’SA3Y€ETHCSI YUCENBHO 3 BUKOPHUCTAHHSIM METOAY CKIHUEHHUX Pi3HMIb. Pe3ynbratn
BUKOHAHHS CUMYJIALIIT IEPEBIPAIOTHCS 32 HA0OPOM EKCTIEPUMEHTATbHUX JIaHUX.

VY  npanHiii Momeni UIIBHICT KIITHH JUIsl TOpodidepyroumx, CHOKIWHUX Ta

HCKPOTHYHHUX IMO3HAYNMO fK:

P&, 1), q(x, ), n(x, 9

ne mapameTp t mo3Hayae 4ac i mapameTp X 1ie KOopJHHaTa MpoCTopy.
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HekpoTuuHi KJIITUHU € MEPTBUMH 1 HEPYXOMHMHM, HA BIAMIHY B 1HIIMX, SIKI HE
BTPAaTUIM 3JaTHICTh pyxaTHcs. OJHAK y TICHO YNAaKOBAHUX CEpPEAOBUINAX, HAIPUKIIAL
chepoin (uu 1e TepMiH) MyXJIUHH, PyX KIITUHH MOxe Oyt oOmexeHum. lle sBuie
HA3MBAETHCS KOHTAKTHE TadbMyBaHHS Mirpamii Ta BOHO TMOJaHO y MOJEIi 3

MNpUIymcHHAM, 110 3araJibHUI ITOTIK KUTTE3AATHUX KJIITUH BU3HAYAETHCA SK d_(p + q).
dx

Takox, SIKIII0 MU MIPUITYCKAEMO, IO MOMYJISIIT KJIITHH MalOTh OJJHAKOBY PYyXJIMBICTb, TO/I

YMOBH pyXy Ipomdepyrounx Ta CHOKIMHUX KIITHH Oy/1e 3a7aH0 SK:

p d(p+q) d(p+q)
i G —) —(— (

dx dx

dx p+q

[Ipunyctrmo, mo npoaidepyrodi KIITUHUA POCTYTh 13 IIBUIKICTIO, IKa OOMEXeHa
3arajJpHOI0 TOMYJISIIEI0 MyXJWHU, 1 Te, MO mpoiidepyroda KIITHHA MOXE CTaTH
CTHOKIMHOIO 31 MIBUJKICTIO, M0 OyAe 3ajekaTtd Bijg KoHmeHTparii C(X,t) HyTpieHTIB.
Takox BBaKaTUMEMO, IO CHOKINHHI KIITUHU BIAMHPAIOTh 3 MEBHOIO MIBUIKICTIO, IO
3aJICKHTD BiJl C(X,t).

Mopenb 3a1a€TbCsl HACTYTHUMU A (pepeHLIaTTbBHUMH PIBHSHHIMMU:

@4 2 (L) + g(p(l=p=-q-n) = f)p L)

dt dx “p+q

do _d a_x (@) 4 f(O)p — hOp 2)
dt dx p+q dx
dn = h(c)q 3)

dt

VY nux nqudepeHmiaabHUX PIBHSHHAX, TapaMeTp 1 penpe3eHTye MIIbHO yIaKOBaHy
nonysiiro kritaH. [Tigkpecaumo, mo ¢(0) = 1, 100 CTBOPUTH BiANOBITHHIA MOYATKOBHMA
crad. ®ynkmii f ta g € cmagaumu QyHKITISIMH, 0 TPSIMYIOTH 10 HYJIS, HA BiJIMiHY BiJ C,

sKa IpSIMY€ 70 100, KOJU § — 3pocTaroda PyHKIs. ( SIK B KHIKII )

OCKUIbKY MIBUAKICTH KJIITHH, 110 TEPEXOASITh Y CHOKIWHUNA CTaH € BHIIOIO, HIXK
IMIBUJKICTh KIITHH, SIKI BIAMHpPaOTh, TO BBaxkaemo, 1o f(C) > h(c). Illo crocyerbes
KOHIICHTpAIlii TOXUBHUX PEYOBUH, TO MU BHKOpucTaeMo ¢opmy, Mmoo Oyra

3amponoHOBaHa pO3pOOHUKAMU JAaHOI MATEeMATHYHOT MOJIETIL:
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c=""A-al(p+qg+n), (4)
y+p

1e o, y — e 6e3mpocTopoBl KOHCTAHTH.

Cucremy paudepenuiadbHux piBHsIHb (1) — (4) po3B’sA3yeEMO YHCETBHO,
BUKOPUCTOBYIOUM METOJl CKiHUEHHHMX pIi3HUIb, Ha OCHOBI pI3HHMLb JJs dYacy Ta

HEHTPAIBbHOI Pi3HUIIL 1S ipocTopy. OTpUMAaHO:

pitt = pl 4 At ud + g(c (1—17 —q] —n]) = f(c]) ] (5)
gt = qZ+Af [v] + f( — h(c]) ¢] (6)
ittt = nl 4 At [A( c}) ([Z] (7)
d = 1—a(pl+q + 8
J 7+pl[ o (pl + g +ni)] (8)
P (]
PP 0 (P VR e P B Y e G ks YN
1 (A0)? (r])? |
o — @a—ddedy -y rad e Gly -2l —d Glu -l
: 1 (M) (r])?
o = g (11)

VY HaBeJeHUX BUIIEC KiHIEBO-PI3HUIEBUX PIBHSAHHIX Af i AX 61IHOCSATHCS IO YaCOBHUX
KPOKIB 1 IMPOCTOPOBUX IHTEPBAIIB BIJMOBIIHO, @ BEPXHIM 1HICKC JIJIs 3aJICKHUX 3MIHHUX

BKa3y€ Ha YaCOBUM PIBEHb Ta MPOCTOPOBY MO3HUIIIIO.

Jlnst po3B’si3anHHA 1i€i 3a7a4i OyB MO0y I0BaHUM MPOTpaMHUI 3aCTOCYHOK, 3a JOIIOMOTH
BUKOPUCTAaHHS MAaKeTy MPUKIAIHUX Mporpam s yucioBoro aHanizy MATLAB, mo
JI03BOJIMB PO3B’SI3aTH 110 3a7ady Ta MPOJEMOHCTPYBATH PE3yibTaTi, SKI MOJEIIOIOThH

3MIHY pPO3MIpiB PAKOBOI TyXJIUHHU.

Cnucoxk Jgireparypu:

1. Keng-Cheng Ang “Analysis of a Tumor Growth Model with MATLAB *, Electronic
Proceedings of the 14™ Asian Technology Conference in Mathematics(2009), Beijing,
China, 17 — 21 December 2009
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2. Sherratt, J. A. and Chaplain, M. A. J., “A new mathematical model for avascular

tumour growth”, Journal of Mathematical Biology, 2001, 43, 291-312.

3. Adam, J. A., “A simplified mathematical model of tumour growth”, Mathematical Bio-
science, 1986, 81, 224-229.

4. Ward, J. P. and King, J. R., “Mathematical modelling of avascular tumour growth”,
IMA Journal of Mathematics Applied in Medicine & Biology, 1997, 14, 39-69
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PO3MI3HABAHHS EMOLIN Y MOBJIEHI

Camomiti Bonooumup
JIvsiscoruti HayionanbHuu yHigepcumem imeri leana Opanka
Dakynomem nPUKIAOHOI Mamemamuxku ma ingopmamuxu
volodymyr.samotii@Inu.edu.ua
Beryn

Po3mizHaBaHHs eMOIi 3 MOBHHUX CHUTHAIIB € aKTyaJlbHOIO Ta BaKJIMBOIO
npobieMoI0 B Trady3l MOBJICHHEBOI TEXHOJIOTHI Ta KOMI'IOTEpHOro 3o0py. Emomii
BUKOHYIOTh B&XJIMBY POJb B JIOACHKOMY CIUIKYBaHHI, BIATBOPIOIOUM OaraTo acreKTiB
HaIllUX COLIAJIbHUX B3a€EMOJIN, TaKuUX SK BHUpa3 OOJWYYS, TOH TOJIOCY, IHTOHAIIiS,
akKIIEHTYyaIlis Ta pUTM MOBJICHHS. Po3mi3HaBaHHsl €eMOI[id 3 MOBHUX CUTHAJIIB MOXKE€ MaTu
BEJIMKHI MOTEHIIIAJ 3aCTOCYBaHHA B psiji cdep [1], BKIIOUarouu po3ni3HaBaHHs HACTPOIO
KOPUCTYBauiB, IOKPAIIECHHS B3a€MOJIIi 3 TOJOCOBUMHU TIOMIYHMKAMH, BIJTBOPEHHS
EeMOIId Yy BIPTyaJIbHUX areHTax, aHalli3 COLIAJIbHUX Mefia, MAapKETUHT, MEIUYHY
J1arHOCTUKY Ta 0araTo 1HIIIOTO.

Tema nocaigxennsi: O6poOka aynio-(hailniB , BU3HAYCHHS €MOIIiil MOBIIS.

Mera nocaigxennsi: PozpoOka Mojesi, o po3mni3Hae eMoIlli JI0UHU, Ha 0a31 MITy4YHUX
HEUPOHHUX MEPEK.

MeToau po3niZHABAHHSA eMOWIN:

€ nekiibKa METO/IIB pO3Mi3HABAaHHS €MOIIlH Taki sk MeToa rIMuOMHHOIO HaBYaHHS Ta
Meroa akycTuuHOTO aHami3y. Takoxx MOkHa X KOMOIHYBAaTH.

3anponoHOBaHUI AJITOPUTM:

3anponyHOBaHUI aNrOPUTM BUKOPUCTOBYE CBEpTKOBI Iiapu (convolutional layers) nis
BUSIBJICHHS €MOII Ha BXIIHUX 300paKEHHSAX(TaKHil SK 3BYKOBa CIHEKTporpama) Ta
noB’sizanl mapu (fully connected layers) mns kmacudikanii OTpuMaHMX O3HAK Ha
KOHKPETH1 eMoI1ii.[2]

Ha0ip nanux, mo BUKOPUCTOBYBABCH:

Jlnst nociipkeHHsT BUKOprcTaHo HaOip nanux Ryerson Audio-Visual Database of
Emotional Speech and Song (RAVDESS), npeacrabieHuii Ha miaTGopmi A1 3Maradb 3
aHAJITUKHU Ta mependavyBajibHOro MojientoBaHHs Kaggle. Y HaGopi mMicTAThCS 3arajbHO
1440 daitniB: 60 aymio-daiiniB Bix 24-x akTopiB. MOBHI eMOIIii BKJIIOYAIOTh: CIIOKIH,
pamdicTh, CyM, 31ICTh, CTPax, 3MMBYBAaHHS Ta Biapa3y. KokHe BUpaKeHHsI CTBOPIOETHCS Ha
JBOX PIBHAX €MOLIMHOI 1HTEHCUBHOCTI (HOpPMalbHUM, CWIbHUH), 3 J0JATKOBUM
HEUTPAJIbHUM BUPAKECHHSAM

O0poOka naHHUX:
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Jli1s 00poOKU faHHUX Oy MPOBEACHI HACTYITHI KPOKH:
1. 3actocyBatu MeToau GUIBTpalliil HIyMy, HOpMalli3allii aMIUTITy 14, ayrMeHTallli
JAHUX TOIIIO,
2. CUTHAJY MEPETBOPUTH HA YHCIIOBI BEKTOPH 32 IOTIOMOTOIO MENI-CIIEKTPAITBHOTO
aHajizy, abo 1HIITUX METO/IIB.

3. HanHi po30MTO HAa TPEHEPYBAJIBHI Ta TECTOBI HA0OPU JAHHUX

3anponoHoBaHa apXiTeKTypa HelipOHOI Mepe:Ki:

Buxopucrano CNN apXiTekTypy HEUpOHHY Mepexy[8], M0 CKIagaeTbcsl 3 KUIBKOX
1apiB, KOXKEH 3 IKMX BUKOHYE MEBHY (PYHKIIII0 OOpOOKH BX1THUX aHUX:

Convolutional layer: 1eil map BUKOHY€E OmEpallil0 3rOPTKA MK BXIJHUMH JaHUMHU Ta
Habopowm sizep (filters), mo g03BoJIsIE BUITydaTH pi3HI PYHKINT O3HAK 3 BXIIHUX JAHUX.
Pooling layer: mel map 3MeHIIye poO3Mip BHUXIIHMX JaHUX [UIIXOM B3ATTH
MaKCUMaJIbHOTO 3Ha4YeHHs (max pooling) abo cepenHboro 3HaueHHs (average pooling) B
MaJIiX perioHax BXITHUX JaHUX.

Activation layer: meii mrap 3acTocoBy€e HeNiHIWHY (QYHKIIIFO aKTUBAIIIT 10 BUXIJHUX TaHUX
3 MOMEpPE/IHIX IIAPIiB, IO JIO3BOJISIE MOJENI HABYUTUCS HETIHIMHUM 3aJIEKHOCTAM MIXK
O3HaKaMH.

Fully connected layer: meli map o0'eqHye BUXiJHI JaHi 3 MOMEPENHIX IIapiB Ta
3aCTOCOBY€E JIIHIMHE IIEPETBOPEHHS OO0 LHMX JaHWX, 10 JO3BOJISIE MOJACTI POOUTH

IPOTHO3M HA OCHOBI O3HAK.

| 78 1 Pre- Feature S : y i
Speech  j—p —:] y =i | Classification [~—#: Predicted emotion :
| signal processing extraction : :

Puc. 1 Apxirekrypa Bukopuctanoi CNN moeni myist 1aHoi TemMu
OTpuMaHHI TaHHI:
Hwxkue npencraBneHo rpadiku Toro, sik 3MiHIOETbCA loss-PyHKIis Ta Accuracy Ha
KOXHINA enoci. CHHBOIO JIHIED TO3HAYEHO TaKy 3MIHY Ha TPEHYBaJbHUX [aHUX,

OpPaH>KEBOIO JIIHIEI0 HAa TeCTyBaJIbHUX

Training & Testing Loss Training & Testing Accurac

Puc. 3. I'padixu 3minu 10SS-hyHkiii Ta ACCUracy B mporieci TpeHyBaHHs Mepexi
Jlanuii anropuT™M MoOYyJ0BU MOJEII JIEMOHCTPYE XOPOIIl Pe3ysbTaTh, MPOTE Ma€ TMEBHI
obmexeHHs. J[aHHa MoJienb MOTpedy€e BEMKY KUIBKICTh JaHUX ISl HABYaHHS, 11100 JaTh
XOopoIr pe3ynbTatd. B HacaigoK TOro mo moTpiOHO BEIMKY KUIBKICTh TPEHYBATHHUX

JaHUX BHWHHKAE HpO6HCMa BEJIMKO1 3aTpaTu 00YMCITIOBAJIEHUX HOTy}I(HOCTeﬁ Ta 4acy.
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Takoxx naHa MOJAENb € BPAa3IMBOIO [0 UIYMy, HasBHICTh ILIYMy YU IHIIMX (POpM
CHIOTBOPEHHSI MO>KE€ TIPU3BECTH JI0 MOTIPIICHHS PE3YIIbTATIB.

Jlns mporpamHOi peaini3ailii BHKOPHUCTOBYBajacsi MoBa mporpamyBaHHs Python,
616mioTexu librosa mus pobGoTtu 3 aymiodaiinamu, pandas s 300pakeHHs 1 Tiepemadi

nanux, tensorflow ta keras a1t poO0OTH 3 HEHPOHHUMH MEPEKAMHU.

Cnucoxk jgireparypu

1. Mencattini A, Martinelli E, Ringeval F, et al. Continuous Estimation of Emotions
in Speech by Dynamic Cooperative Speaker Models[J]. IEEE Transactions on
Affective Computing, 2016, PP (99):1-1.

2. lan Goodfellow and Yoshua Bengio and Aaron Courville (2016). Deep Learning.
MIT Press. p. 326.

3. Abdel-Hamid O , Mohamed A R, Jiang H , et al. Convolutional Neural Networks
for Speech Recognition[J]. IEEE/ACM Transactions on Audio, Speech, and
Language Processing, 2014, 22(10):1533-1545.
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TPUAHIYJIALIS OBJACTEM 1JI1 MOJAEJIOBAHHSA POCTY
PAKOBUX ITYXJIUH

Temsana Mykoeos

JIvsiscokuti HayionanvHuu yHieepcumem imeni Isana @panka
Daxynemem npuKIAOHOi Mamemamuxky ma iHpopmamuxu

tetiana.mukovoz@Inu.edu.ua

AKTYaJIbHICTh TEMH

[TyxMHHI 3aXBOPIOBaHHS CYNPOBOKYIOTH JIIOJICTBO MPOTITOM YCI€l icTopii HOro
icuyBanHs. [IpoTe, He 3BakarouM Ha Te, L0 1151 XBOPOOa ICHY€E TOCUTH 37aBHA, B HAIII 4ac
yHIBEpCaJIbHUX JIKIB Bl HEi BCe 1€ HE ICHY€, MPU YOMY CTATUCTHUKA 3JIOSKICHUX
3aXBOPIOBaHb TOCTIMHO 30UIBIIYETHCS: HIOPIYHO PEECTPYETHCA OMU3BKO 6 MIIBHOHIB
HOBUX BHMAJKIB, TakoX y 2019 pokiB pakoBi yTBOpEeHHs OyJiaM BHU3HAHI APYIol0
IPUYUHOIO CMEPTHOCTI y CBITI, MICJS CEPLEBO-CYAUHHUX 3aXBOPIOBAHb.

TuM He MeHII, HayKOBLI pi3HHUX c(ep Bce OUIbIIE CTaparoThCs JOCIIIUTH 110 XBOPOOY,
Ta, SKIIO HE BWJIIKYBaTH, TO Xo4ya O NOJIETHIMTH il MNPOTIKAHHS, 1 YMOJIUBUTHU
MOBEPTaHHS XBOPOTO O HOPMAJILHOTO YKUTTSL.

MarematuyHe Ta KOMIT IOTEPHE MOJICTIOBAHHS PAKOBUX MYXJIMH € HEOOXITHUM st
[bOTO, a/Ke HE 3aBXK/IU MOXKHA JTOCHIIUTH MOTPIOHI BJACTUBOCTI Ta HACTIAKUA XBOPOOU B
MeXax >KUBOTO OpPraHi3My, TOMY Ba)KJIMBO CTBOPIOBATHU IITYYH1 MOJIEIII.

dopmy IlOBaHHA 32124l

Opgnumu 3 HalepeKTUBHIIIMX MOJENEeH € Ti, sKI 0a3yloTbCcs Ha PO3B’sI3yBaHHI
MIOYAaTKOBO-KPalOBUX 3aJady B YaCTUHHUX NOXIAHUX. CKIamHICTh III€l MpoLeaypH
MOJITa€ B TOMY, IIIO JIOCIIPKyBaHa 00JIaCcTh € HEeTPAaBWIbHOI (hOpMH, BOHA HE 3aBXK/IH €
OJIHO3B’SI3HOIO, Ta 1i rpaHUIll 3MIHIOIOThCS B Yaci. [lepmmm KpokoM [jist po3B’A3Ky TaKoi
npoOJjieMH, CIIiJI TUCKPETU3yBaTH JaHy 00JacTh, TOOTO MOOYIyBaTH CITKY CKIHYEHHUX
€JIEMEHTIB.

JI1st moOy10BU Takoi CITKM MOXHA BUKOPHCTOBYBATH Pi3HI 010110TeKH, Takl sk: TetGen,
GCAL, Triangle, Tomo. Tum He MeHI, HE CIiA JUIIE OMUPATUCA HA TOTOBUU KOJI
JOCTYMHHUX O10J110TEK, a i pO3yMITH CYTHICTh aIrOpUTMy MOOYJOBU TAaKOi CITKH, aJKe B
NoAANBIINX JOCTIHKEHHSAX MOTPiOHO Oyje alanToByBaTH CITKY B 4aci, sika B KOXXHHUUI
MOMEHT MO>K€ 3MIHIOBAaTUCh, Y€pe3 1110 IPaHULIl OyIyTh MOCTIHHO MOIU(PIKYyBATHUCH.
OTtxe, B 1aH1i 3a7a4i 6a30BUM IIJIXOJA0M CIIY>KUTh alrOpUTM [lenoHe, IKuil TpUaHTyIJI0€e
NEBHY 00JIaCTh MO 33JJaHUM TOUKaM.

Tpuanrynsiuis

Tpuanrymsmii - ue npoiiec Mo OUIbIIOT 061acTi Ha OUIbII piOHI enemeHnTu. s
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IPOBEJCHHS TPUAHTYJIAIIT HeoOX1aH1: Hablp TOUYOK, SIKI B3a€EMHO HE MOBTOPIOIOTHCH,
Ta 1H(popMaIls Mpo 3B'SI3KM MDK HUMH. HalO1apIl HOMMPEHHM 1 BHUBYCHUM
MEXaHI13MOM € TIOJI1JT Ha TPUKYTHI €JIEMEHTH.
MoskHa BUAUTATH TPU OCHOBHUX TTPaBUJjIa TPUAHTYJIALII.
e [lepie npaBuiIO TOBOPUTH MPO TE, 110 TPUKYTHUKH HE HAKIIAIAIOThCSI.
o Jlpyre - BuKIIOYa€ KOMOIHAIi TPUKYTHHUKIB, J€ OJIWH Ma€ BEPIIUHY
BCepenrHl pedpa 1HIIOTrO0 TPUKYTHHUKA.
e Tpere - BUKIIOYAE TIpU, TOYKH 3alleMJICHHS (A€ JMIlE JBa TPUKYTHUKHU
3yCTPIYarOThCS B OJIHIM TOUIIl), 1 HEeTIepeciuHi HabOpH TPUKYTHHUKIB
Metona /lesione
Tenep neperimemo 10 TpuaHryssii Jlenone - e cneriaibHa ¢popMa TPUAHTYJIALII, B
SKIH yCl TOYKH B CEpEIWHI OMYKJIOi OOOJIOHKH MPABUILHO BIUCAHI B TPUKYTHUK,
YTBOPEHUI CyciiHIMH Toukamu. Lle o3Hauae, 1m0 HEMae TOYOK, siKi Oynau O OLIbII
OJMM3bKI OJHA 10 OJIHOI, HIX JO TPbOX CYCiIHIX TOYOK. IIpu 1mpomy posmip
TPUKYTHUKIB B TpuaHrylsmii /[eqoHe Moxke OyTH TOCUThH PI3HUM, TOMY III0 BOHH
(bOpMYIOTBCS 3aJI€KHO BiJl PO3TAITyBaHHS TOYOK.
OcHOBHa 1/1€s1 aNnTOpUTMY TpUAHTYJIAIT JlenoHe momsirae B ToMy, 1100 MO0y yBaTH
TPUKYTHUKH, K1 33JI0BOJIBHSIOTH YMOBY [lenoHe: jk0/JHa TOUKa HE TOBMHHA JIC)KATH

B KOJI1, IKE OMUCYETHCSI TPUKYTHUKOM 1 TOYKAMHU, IO JIKATh HA HOTO MEXI.

———_\

-

[2]

Pucl. [ToOynoBa TpuKyTHHX €IeMEHTIB airoputmy Jlemone

['omoBHA mepeBara ajaropuTMy TpHUaHTYJAMIl JlenmoHe mosisirae B ToMy, IO BiH

edeKTUBHUN Ta JOCUTh MPOCTUH y peamizamii. Llei anroputm Takox Moxe OyTH
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JIETKO PO3UIMPEHUH sl pOOOTH 3 JaHUMH OUTBIIUX PO3MIPHOCTEH.

Y po6oTi moOymoBaHa CiTKa CKIHUEHHUX €JIEMEHTIB i1 00JacTi — Kapaioigu, Ta
JOCIIJKEHO 11 BJACTHBOCTI JJisl PI3HUX TNapameTpiB. Y MallOyTHbOMY CIiJ
PO3IIMPUTH IOCHTIKCHHSI Y HaMpsIMKy TOOYIOBH aJaNTHBHOI CITKHA IS 3aaadi

MOJICJIIOBAHHA PAKOBHUX ITYXJIMH.

Cnucoxk jgiteparypu

7. I".B. bonaaps, 10.B. lymancekuii, «Onkomorisy», 2013, 7-11.
8. Biximenis - « Tpuanrymsis Jemonex: https://uk.wikipedia.org
9. Triangulations: https://www.math.utah.edu/~pa/MDS/triangulation.html
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CHOOSING THE RIGHT DATA ARCHITECTURE: AGUIDE TO
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Valerii Veseliak
Lviv Polytechnic National University
Institute of Computer Science and Information Technologies
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Introduction

Data architecture is a critical component of modern business and technology
environments, enabling organizations to effectively manage, store, and analyze vast
amounts of data. In the world of data management, data architecture is a key
consideration for organizations of all sizes and industries. The right data architecture
pattern can enable organizations to effectively manage and process vast amounts of data,
while also providing the flexibility to meet changing business needs over time. However,
choosing the right data architecture pattern can be a complex task, requiring careful
consideration of various factors such as scalability, flexibility, and security.

Whether you are a data scientist, data engineer, or business leader, understanding
data architecture patterns is essential for making informed decisions about managing and
processing data. By the end of this article, readers will have a clear understanding of the
different data architecture patterns available and be equipped with the knowledge and
insights needed to select the most appropriate approach for their organization's unique

data management needs.

Background and Context

As organizations collect and process more data, the complexity of data architecture
decision-making increases. Also as data sources become more diverse and complex,
organizations must also consider the implications of different data types and formats
when designing their data architecture. Furthermore, compliance and security
considerations must be taken into account when designing a data architecture. This is due
to the behavior of both solution architects and data architects. Solution architecture tends
to concern itself with functional, technology and software components of the Data
architecture tends not to get involved with the data aspects of technology solutions,
leaving a data architecture gap [3].

The general requirement for each architecture, which can be later extended or used

157


mailto:valerii.v.veseliak@lpnu.ua

AMICon-2023

only partially, is similar to the basic retrieve, transform, and consume process. The
process starts with data retrieval from various sources, then the data are processed and
transformed, and finally, the result of the manipulation is returned [8]. Data architecture
coherence broadly captures the technological architecture's capabilities around processing
data streams through multiple layers and pipelines, combining data sets across various
sources and locations, and developing and deploying machine learning models at scale
[10].

Approaches to Data Architecture

There are several different approaches to data architecture, each with its own
advantages and disadvantages. In this section, we will provide an overview of some of
the most common approaches, including data warehousing, data lake architecture, and

other approaches.

Data Data loading Data Data Data loading Interfacing
¢¢¢¢¢¢¢¢¢ and pre- processing analysis and
processing transformation | visualization

Information

Raw data Enterprise | | | Analysis Serving
11111111111 data

&&&&&&

vvvvvv

Job and model specifation

Model Machine Job Job
specficaton . learning specification | | 1°0%

Image.1. Example of data architecture [11]

Data warehousing is a traditional approach to data architecture that involves
creating a centralized repository of data from various sources. Data warehouses are
designed to support complex queries and analysis, and are typically optimized for read-
heavy workloads. Integration of traditional data warehouses and big data is a
problematic scenario because in the previous era there were only structured data to deal
with, but now there are other (big) data alongside them, which may bring more
context to the analytics and improve it [2].

Data hub architecture is an approach that emphasizes creating a centralized hub for
storing and managing data from various sources. The data is typically organized by
subject area, and is designed to be easily accessed and shared by different teams and
applications. Data hub architecture often uses a data warehouse as the central repository,
but may also incorporate other data storage and processing technologies. Unlike data

warehouses or data lakes, a data hub is significantly more agile to keep up with today’s
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fast-moving business cycles [7].

Data lake architecture is a newer approach to data architecture that emphasizes
storing data in its raw, unstructured form. The basic idea of Data Lake is simple, all data
emitted by the organization will be stored in a single data structure called Data Lake.
Data will be stored in the lake in their original format. Complex preprocessing and
transformation of loading data into data warehouses will be eliminated. The upfront costs
of data ingestion can also be reduced. Once data is placed in the lake, it’s available for
analysis by everyone in the organization [1].

Lakehouse architecture is a newer approach that seeks to combine the benefits of
data warehousing and data lake architecture into a single platform. The Lakehouse
combines the best elements of the Data Lake and Data Warehouse, aggregating structured
and unstructured data.. It is a new type of architecture for storing structured and
unstructured data. Data may be stored in enormous quantities in one place and are
immediately suitable for further analysis. At the same time, Lakehouse provides a data
structure and provides data management features, such as those in Data warehouse, by
running metadata layers at the top of the Lakehouse [4].

The combination of different data storage and integration techniques, however,
without restriction to concrete architecture archetypes such as data lake or warehouse, led
to the term Data Fabric, which was originally coined in 2015 by George Kurian of
NetApp and then adopted and advocated again by Gartner [6]. Data fabric architecture is
an approach that emphasizes creating a seamless and interconnected view of data across
different systems and platforms. The goal of data fabric architecture is to provide a
unified view of data, regardless of where it is stored or how it is processed.

Data mesh architecture is a newer approach that emphasizes decentralized
ownership and governance of data. In data mesh architecture, data is treated as a product,
and each domain or team is responsible for creating and managing their own data
products. Data mesh architecture often uses a combination of distributed data storage,
data processing, and data governance technologies, and is designed to support large,
complex organizations with diverse data needs. A data mesh is a decentralized data
architecture that organizes data by business domain - for example, marketing, sales,

customer support, and so on - giving producers of a given dataset more ownership [5].

Best Practices for Choosing a Data Architecture
When choosing a data architecture, there are several best practices to keep in mind
to ensure that your organization is making the best possible decision. First and foremost,

it's important to carefully consider your business requirements and determine what type
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of data architecture will best meet your needs. This includes evaluating your data sources,
data volume, and data velocity, as well as any specific processing capabilities you
require. For example, if you're dealing with large amounts of structured data and need to
support complex analytics and reporting, a data warehouse might be the best option. On
the other hand, if you're working with unstructured data and require more flexibility for
ad-hoc queries, a data lake or lakehouse might be a better fit.

In addition to business requirements, it's also crucial to consider technical
requirements when selecting a data architecture. This includes evaluating your
organization's existing technology infrastructure, as well as any data processing tools you
plan to use. It's important to choose a data architecture that is compatible with your
existing systems and tools to minimize disruption and ensure smooth integration. Other
technical considerations might include security and compliance requirements, resource
constraints, and scalability needs. By carefully evaluating both business and technical
requirements, organizations can make a well-informed decision and select a data
architecture that will enable them to effectively manage and leverage their data for
maximum value.

When comparing different data architecture patterns, it's important to take a
systematic approach to ensure all relevant factors are considered. List of factors that have
to be considered is usually Business requirements, Technical requirements, Data volume,
Data velocity, Data variety, Data veracity, Data processing capabilities, Scalability,
Performance, Resource requirements, Cost, Complexity, Security, Compliance,
Availability, Reliability, Compatibility, Flexibility [9].

Conclusion

In conclusion, choosing the right data architecture approach is a critical decision
for organizations seeking to effectively manage and analyze their data. By considering
the advantages and disadvantages of different data architecture patterns, such as data
warehouse, data lake, and hybrid approaches, organizations can select the most
appropriate approach for their specific needs.lt is important to note that the choice of data
architecture is not a one-time decision, but rather a continuous process that requires
ongoing evaluation and adaptation. Furthermore, effective data architecture decision-
making requires collaboration between business stakeholders and technical experts. In
summary, selecting the right data architecture approach is a complex decision that

requires careful consideration of multiple factors.
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KJIACH®IKAIIISI 305PAKEHB 3A YMOB MAJIOI KIJIBKOCTI
JIAHHMX 3A JJOITIOMOI'OI0O HEWPOHHUX MEPEX: PO3IJISI/
K-KPATHOI ®YHKIIII BTPAT JJI51 KJIACU®IKAILIII
3065PAKEHD

Hoenvcokuti  Apmenm, bapanose  Muxkona
Jlvsiscokun nayionanvruu ynieepcumem imeni leana Opanxa
Dakynbmem NPUKIAOHOI MamemMamuxu ma iHghopmamuxu

artem.yadelskyi@Inu.edu.ua

Beryn. Knacudikariist 300paxeHb y cyd4acHOMY CBITI CTa€ BCE YACTIIIE aKTy-aJbHOIO
npo0JieMO10, SIKy HamararoTbCs BHUPIIIUTH 32 JOMNOMOIOI0 YK€ BEJIMKOI KIUIBKOCTI
niaxoaiB. OcoOIHMBO MIKaBOK 00JIACTIO 3aCTOCYBAaHHS HEMPOHHUX MEPEK
€ kiacudikariis 300pakeHb 32 YMOB Mayioi KUIBKOCTI JaHUX. SIKIIO BpaxyBaTH Taki
OOMEXEHHsI, 4acTO TPaJuIliiHI METOIU Yy TPEHYBaHHI MEpEeX HE JMalTh OaxaHUX
pe3ybTaTiB, yepe3 crnetudpiky miaxoaiB 10 iX HaBYaHHS.

[Ipu po3pobui Takux Mojeneld OyJo BHSBICHO, IO BUKOPUCTAHHSA TNIMOOKHUX
HeliponHux Mepek (deep neural networks) [1] 3 3acTocyBaHHSM 3rOPTKOBUX INapiB
(convolutional layers) mokasyBanmm Kpaii pe3yabTaTd [2], HiX OLIbII TpaguIiiiHi
MEPEKI.

OgHuM 3 METONIB HAaBYaHHS HEUPOHHUX MEpex s Kiacudikaiii 300pakeHb €
Bukopuctanns K-kparnoi ¢yukiii srpat (K-tuplet loss) [3]. ¥ ubomy 3acTocoByro-Thes
3rOPTKOBI WIAPH JJIsI OTPUMAaHHS O3HAK 300pak€Hb, a TO/(1 MOPIBHAHHA iX 3a JOIMOMOTIOIO
K-kpatHoi (yHKUIi BTpaT, U0 PO3TIsAgaEe KulbKa 300pa)k€Hb OJHOTO, Ta PI3HUX KIJACIB
JUIE BH3HAUCHHS TIOMUJIKOBOCTI Mepeki. Takwii Meron BXe JOBIB, IO MOXKE
IPOIEMOHCTPYBATH CYTTEBI pe3ynbratu [1].

Buxopucranns Takoi QyHKIlI BTpaT Haga€ HAM MapaMeTPUIHUNA (METPUUHUN) METOJ
HaBYaHHS HEMPOHHUX Mepex (metric learning) [1], mo y nmboMy Bumnaaky 0a3yeThcsl Ha
HaB4YaHHI (QyHKUIi BigcTaHed MK o00’ektamu. Ll10 Mojenbp BUKOPU-CTOBYIOTH MpH

Kiacudikari BXI1THHAX TAHUX VIS CTBOPECHHS aJbTepHATHUBHOT pe-
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npe3eHTalii 03Hak — Tak 3BaHMX BKIaAeHb (embeddings). Bonu namami MoxyTh OyTu
pO3Mi3HAHI 1HIIOK HEHPOHHOI MEPEKEI0 K CKYIMUeHHs (KJIacTepu) KJIAciB JaHWX Ta
BIJIMOBIHO OJTHO3HAYHO KJIacu(iKOBaHI.

3a 70MOMOro MOAEN! IIMOO0KUX HEHPOHHUX MEPEK 3 BUKOPHCTAHHSM 3TrOp-TKOBUX
mapiB Ta 3actocyBaHHa K-kpaTHoi (yHKIIi BTpaT MOXHa MOOYyIyBaTh IO-CTaTHBO
XOpOITy MOJEIb IS Kiaacudikallii 300pakeHb B yMOBaX Majloi KUIBKOCTI JaHux [3, 4].

PoGoTi Oyno Onuxkye po3MISIHYTO METOa BUKOpuUCTaHHS K-kpaTHOi ¢yHKIIT BTpar
s kinacudikaiii 300pakeHh 3a YMOB Majioi KUIBKOCTI JaHUX 3 BHKOPHCTA-HHSIM
rMMOOKUX HEHPOHHHUX MEPEX Ha OCHOBI 3rOpPTKOBUX IIapiB. Bukopucranuii Metop He
3aCTOCOBYBAB 3a3/IajieTi/[b 3arOTOBJICHUX (HATPEHOBAHUX) MOJIENEH Ta JIOJAATKOBHUX
JAHUX ]IS HABYAHHS.

IlocranoBka 3amaui kiaacudikanii 300paxkenb. Po3rinaroun Hilnly HEH-POHHUX
MEpEex, a came Mepex I Kiacudikaili 300pakeHb HallyacTillie MaroTh Ha yBa3il MOJIET,
10 OyJIM HaTPEHOBaH1 HAa THUCAYAX, 1HOJ1 HABITh COTHSAX THCSY 30-OpakeHb 310paHHUX Ta
00poOJIeHNX PIZHOMAHITHUMH METOJaMU JJisi MaKCHUMi3alli pe3yJbTaTiB Ccamoro
TpeHyBaHHs. Taki Mepeki 4yacTO BHMAararTh JECATKUA TOJUH IPOLECOPHOTO yacy, L0
4acTO POOUTH MOBTOPEHHS BIAMOBIAHUX PE3YJIbTATIB HAJ-CKIIATHOIO 3a7a4ero. Takox
MOMYJISIPHAM METOJIOM € BHKOPWCTaHHS BXKE HAsBHUX MOJENEH SK OCHOBH JJIsl HOBOI
HEHpoHHOI Mepexi. [Ipu BHUKOpHUCTaHHI TOTOBUX MO-JEJEH YacTO JOCSTAIOThCS IyXKe
BUCOKI pe3yJbTaT, MPOTE CTPYKTYypa TAKUX MO-Zesiel 3a3BUYail He JJO3BOJIA€ TOCSITHYTH
Oa)XKaHMX 3MIH Y METOJIMII1 3aCTOCYBAHHS MEPEKI.

HaromicTe MeTor0 1€l poboTu € po3risy 3adadi kinacudikaiii 300pakeHb 3a YMOB
Majioi KIJTBKOCTI JIaHMX. 3a3HAa4yuMO, I0 Maja KUIbKICTh JaHUX CHMBOJII3YE My
KUIBKICTh 300pake€Hb KOHKPETHOTO KJacy, a He PO3MNISIHYTOro HabOpy JaHUX B IJIOMY.

PosrnsgHyTa 3amava moasrae B TOMY, 1100 pO3pOOMTH HEWPOHHY MEPEKY,
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3

3MaTHY Kiacu(iKyBaTH BEITUKY KIJIBKICTh PI3HUX KJIAaciB 300pakeHb 3a YMOB, IO
KUTBKICTh 300pa)KeHb KOHKPETHOTO KJIacy 0OMEeKeHa.

Meton K-kpatHoi ¢pynkuii BTpar. 3aranbHa ifes METOMy MOJSIrae y ToMy, 100
pO3MIISIIaTh IEK1JIbKa 300pa’keHb OJHOYACHO Ta MOPIBHIOBATH iX. JIJI IbOTr0 OOUpPAIOTHCS
300paKCHHS 3a MPUHIIAIIOM: OJTHE 300pakKeHHsI, 10 HA3UBAIOTh sKipHUM (anchor); omHe
300paxeHHs], 10 HAJEXHUTh 10 TOrO X KJacy, HI0 1 sKip-HE, aje BIAPI3HAETHCS Ta
Ha3UBaIOTh MO3UTUBOM (positive); K 300pakeHpb, 1110 HE HaJlekKaTh KJIacy IMEpIIuX JIBOX
300paKeHb Ta Ha3UBaIOTh HeratuBamu (a00 Hera-TuBoM y Bumaaky K = 1) (negative) [5].
Hapani qnis 3pydnocti Oynemo Ha3uBaTH ix BianosiaHo A, P, N.

[Ticnst uboro po3rAsSAaAEThCS TMOPIBHSHHS IUX 300pakeHb Mk coOoro. Ile 3miii-
CHIOETBHCS IIJIIXOM PO3IJIsiLy 0OpaHuX 300pakeHb y Mapax y n BUMIpHOMY EBKIIi0-BOMY
IPOCTOPI Ta MOUIYKOM BIJICTaHI MK BIJIMOBITHUMH 3pa3kamMu. TyT BIJICTaHb OTPUMaHy B
pe3yJibrati Mepexi no3HadeHo sk f(X), ne X BiANOBIAHO 300pakeHHS JIJIsl IKOTO ITyKaIu

BIJICTaHb:

d(A, P) = d(A, N) = [f(A) — F(P )ll2 — [[f(A) — (NIl < 0. @)
bazyrounchs Ha OTpUMaHMX BIJCTAaHSX, MOKHA BU3HAYUTH (DYHKIIIIO BTpaAT, 110 Oyje
BUKOpHUCTaHa JUIsl TPEHYBaHHA Mepexi. bakaHuM € OTpMMaHHA MakKCUMI3allli BiJICTaHI

MIDXK SIKOPEM Ta HETaTUBOM, a TAKOX MiHIMI3alli BIICTaHI MK IKOPEM Ta TO3UTUBOM:

A =max(d(A, P)—d(A, N) + a, 0).
IoOynoBana moaeb Mepexi. Mozienb CKIaaaeTbes 3 1 ATH WapiB: BXi-AHUM 1map 3
JOIaTKOBUMU (QYHKIISIMHU PO3IIUPEHHS HAOOPY JaHUX, TPU OJIOKU 3TOPTKOBUX II1apiB
MOETHAHUX HOpMaTi3alli€ro Ta arperaiicro MakcuMi3allii, Ta BU-X1JHUN TOBHO3B I3HUM

map 3 L, HopMmarizaiiero.
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[ToOynoBana HeilpoHHa Mepeka HE € KIHIIEBOIO METOI0 Yy 3ajadi Kiacudikarii 30-
OpaxkxeHb. OTpUMaHUM PE3yJbTATOM € TapaMeTpUuHi BKJIaaeHHs (metric embeddi-ngs)
[1], sxi MokHa 3acTocyBaTH I IHTEpHpeTarii iX y BHUIVIAAI KOHKPETHOIO KJacy
300paKEeHHS PO3ITI3HAHOTO MEPEKEI0.

Jlis BUKOHAHHS Tpolecy OOpOOKM MapaMeTpUYHUX BKJIAJ€Hb BUKOPHUCTOBYIOThH
JIOTIOMKHY HEHpOHHY Mepexy. OCKUTPKY B HAIlIOMY BUIAJKY Pe3yIbTaTOM TPEHY-BaHHS
MOYaTKOBOI MEPEXKi € MPEICTABICHHS JaHUX Y N BUMipHOMY EBKiIiIOBOMY MpOCTOpi, 110
3rpynoBaHi B KJIacTE€pH KIACiB 300pa)ke€Hb, TOLIIBHUM € BHKOpPUCTa-HHS Metony K-
HaHOmmKanx cyciais [4].

AHamgi3 pe3yabtariB. OTpUMaHO HAaCTYIIHI

pe3yiibTaTu IIPH BI/IKOpI/ICTaHHi

noOy10BaHOT MOJIENI:

— loss

val_loss
1.0 A

0.8 1

0.6 1

0.4 1

0.2 A1

T T T T T T T T

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5

Puc. 1: 3nauenns ¢yskiii Brpat nis Habopy FSS-1000.

K-cT1b ki1aciB TpenyBaHHs [lepeBipka BranyBanns ITokpamenns
10 100% 66,67% 10% 6,67

50 100% 18,00% 2% 9,00

200 100% 9,98% 0,5% 19,95

Ta6m. 1: TlopiBHSIHHS Pi3HOT KITBKOCTI KiaciB it Habopy FSS-1000.
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BucnoBku. Jlocmimkeno meron K-kpatHoi ¢yHKIIi BTpar, cmocid #oro 3acto-
CyBaHHS Ui Kiacudikaiii 300pakeHb B yMOBax Majoi KUIbKOCTi gaHuX. [Ipo-BeaeHo
HAaBYaHHS MEpPEXi 3 BUKOPUCTaHHAM oOpaHMX HaOOpiB JaHuX, 310paHo Ta
IIPOaHaIi30BaHO MPAKTHYHI Pe3yJIbTaTH 3aCTOCYBAHHS CTBOPEHOT MOJIENI.

JlocmikeHHsT ToKa3aino e(peKTHUBHICTh BUKOpUCTaHHS MeTony K-kpatHoi (yH-KIii
BTpaT IpH Maliil KUIBKOCTI JAHUX, IO MOXKE JaTH IIBUIKI pe3yJIbTaTH y Ha-BUaHHI
TIIMOOKMX HEHPOHHUX Mepex Ha 300paKeHHSAX SKI YITKO MOKHA BITHECTH 0 PI3HUX
TUITB 00’ €KTIB. TakoX MOXKHa 3ayBa)KUTH, 1110 1€ METOJI € HE HACTUIBKH €(PEKTUBHUM Y

HaBYaHHI Ha JaHUX, 1110 MOXYTh MaTu 0araTo CHiJIbHUX O3HAK.
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Abstract

The traditional lecture format has been a cornerstone of education for centuries, but it often falls
short in engaging students. One of the main reasons for this is that lectures are typically one-way
communication, with the teacher delivering information and the students passively receiving it.
This can lead to boredom, disengagement, and a lack of material retention. To address these issues,
many teachers have turned to active learning techniques, which require students to actively
participate in the learning process. One such technique is questioning students during lectures,
which can help to stimulate student engagement and deepen understanding of the material.
However, formulation of relevant and challenging questions for a lecture can be a time-consuming
and complicated task. To overcome this problem, we propose question generation using large
language models (LLMs) for lectures in real time. LLMs are powerful machine learning models
that have been pre-trained on large text corpora and can generate high-quality text. We can
automatically generate questions based on the lecture content and the student's background
knowledge.

Technical Solution

Our approach for real-time lecture question generation is a three-step pipeline that aims to enhance
student engagement and comprehension during lectures. The first step is speech recognition, which
transcribes the lecture into text for analysis. This transcription occurs over a fixed period of time,
ensuring that the generated questions are timely and relevant. Next, we analyze the text using N-

grams and topic modeling to determine the most relevant topics in the teacher’s speech.

Multiple-choice
generated
questions

l

R

Image 1. Proposed pipeline

Text analysis techniques allow us to not just generate random questions, but first of all to identify
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the main concepts discussed. Using keywords in prompts, we feed them into a pre-trained GPT

model.

We propose two types of questions open and multiple choice. The teacher will receive automatic
pop-ups with proposed questions and answers based on their speech. By offering the teacher real-
time feedback on their lecture content, they can modify their delivery to ensure students are
understanding the material.

Real-time speech recognition

In order to facilitate real-time question generation during lectures, we require an accurate and
efficient method for retrieving lecture transcriptions. To achieve this, we utilize the pre-trained
open-source model Citrinet from NVIDIA, which is an end-to-end convolutional Connectionist
Temporal Classification (CTC) based automatic speech recognition (ASR) model. The Citrinet
model uses 1D time-channel separable convolutions in conjunction with sub-word encoding and
squeeze-and-excitation, resulting in a powerful deep residual neural network. To retrieve lecture
transcriptions in real-time, we record 20-second chunks of audio and send requests to the Citrinet
model, and concatenate the resulting transcriptions with previous ones. Using these transcriptions,
we then employ another model to generate questions on demand or during predetermined time
intervals (e.g., every 10-20 minutes).

Question generation

1) NGrams and Topic modeling

Intertopic Distance Map
D2

Topic 0
language | neural | learning | ai | nlp
Size: 80

D1

Topic 0

Image 2. Intertopic distance map
To further improve the lecture question generation process, we analyze retrieved lecture
transcriptions. Firstly, we remove common words that do not carry significant meaning, known as
stopwords, and tokenize words. Next, we construct bigrams and count their frequencies to identify

the most common terms used in the lecture.

168



AMICon-2023

sentence

piraseMachine o,

“source ° wWor k {)r IH;WJ

@ 11
learning<:
S rlft 'DS]y:
4 . “
% I ans ' at 10l \m nmm d words é
;:f Wy basedmachlne e -

sy low 2
- umanll”f al dec151ontree

c20th

m g a g

£ one m

"—imng .

System vectors Andrew

tree

big machlnetranslatlon

Image 3. Wordcloud of filtered bigrams
We then apply topic modeling using the BERTopic technique, which leverages transformers and c-
TF-IDF to create dense clusters of sentences that form easily interpretable topics. This technique
allows us to keep important words in the topic descriptions while still creating meaningful and
coherent clusters. The resulting clusters can then be used to generate questions that are relevant to

the lecture content.

Topic Word Scores

Topic 0 Topic 1 Topic 2 Topic 3
e RN gy pe—
o [ - deas | veceor |
learning [ thank [ things [N matrix [
+ ancre | way | e |
oo I vear trats | o
0 0.02 0.04 0.06 0 0.1 0.2 0 0.05 0.1 0.15 4] 0.05 0.1 0.15
Topic 4 Topic 5
translation _ data _
machine _ models _
statistical - bigger _
sooole [ -
source [0 compute _

0 0.05 0.1 0.15 a 0.05 0.1

Image 4. Keywords probability distribution of retrieved topics

2) GPT generated questions

To generate lecture questions, we leveraged the frequencies of the bigrams, keywords of the topics,
and probabilities of the sentences belonging to each topic obtained through the topic modeling
process. Using this information, we experimented with different prompts and parameters of the
GPT-3 (davinci) language model. The results were promising, as we received good, relevant
questions about the lecture content. The generated questions can help to facilitate student
engagement and comprehension, as they are tailored to the specific lecture content and aligned
with the most important concepts and topics. The use of GPT-3 allows us to generate natural
language questions that closely resemble those posed by human writers, thereby enhancing the

overall learning experience for students.

Interactive app

169



AMICon-2023
To make our proposed real-time lecture question generation system easily accessible and user-

friendly, we suggest creating an interactive app. One possible way of doing this is by developing a
Zoom extension or Chrome extension for Google Meet, which are widely used platforms for online
teaching. By integrating our system as an extension, instructors and students can easily access the
generated questions during the lecture without the need to switch between different applications.
This would provide a seamless and efficient user experience, which is crucial for ensuring the
adoption and success of any new technology. Additionally, by using these popular platforms, we
can reach a large user base, including both educators and learners, and provide them with a
valuable tool to enhance their online learning experience.

What is the maximum number of layers that were used in the neural networks?
What is the library code used to create recurrent neural networks?

What was the main idea behind the attention-based model?

What was the result of using an attention-based model on machine translation?
Who developed the idea of an attention-based model?

e WwWNPE

What is the purpose of calculating attention back into the source sentence in the other language?
How does bi-linear attention work?

What is the difference between neural networks and knowledge graphs?

What is the difference between multiplicative attention and bi-linear attention?

What is the significance of the Cho and Dima paper?

nVHsWNE=

Image 4. Generated open questions

Ql. How do modern transformer models work?

A. They use a low-rank approximation to the matrix in the middle of the model.

B. They use a full rank matrix in the middle of the model.

C. They use two low-rank matrices to form a matrix and then take the dot product.
D. They use a giant matrix in the middle of the model.

Answer: A

Ql: What is the traditional approach to word vector representation?
Al. Neural Networks B. Singular Value Decomposition C. Latent Semantic Analysis D. GPT-3
Answer: C. Latent Semantic Analysis

Q2: What was the breakthrough paper in 2018 that enabled the use of large language models for NLP tasks?
Al. BERT B. GPT-3 C. ELMo D. Word2Vec
Answer: A. BERT

Q3: What is the name of the task that the large language model was trained on?
Al. Text Classification B. Natural Language Inference C. Question Answering D. Word Prediction
Answer: D. Word Prediction

Image 5. Generated multiple-choice questions
Conclusions
Next steps are establishing filters and metrics to ensure the quality of the generated content is
crucial. We can consider a variety of metrics, such as the relevance and accuracy of the generated
questions, and their alignment with the lecture content and learning objectives. Additionally, to
improve the quality of the generated questions, we can generate a larger number of samples and
select the best ones based on the established metrics, and finetune used model for question
generation using supervised learning approach.
Overall, our pipeline for real-time lecture question generation provides a novel approach to
enhancing student engagement and comprehension. By leveraging advanced technologies such as
speech recognition, N-grams, and pre-trained language models, we enable a seamless and efficient
process for generating questions that align with the lecture's content.
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