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AHOTALS

KBanmidikauiiina podora Ha TeMy «Moaynb BU3HAUE€HHS MOJISIPHOCTI BIATYKIB Ha
miardopmi Yelp 3a nonomororo LSTM-mepexi» Ha 3100yTTS OCBITHBOTO CTYIEHS
«bakanaBpy 31 crienianbHOCcTi 122 «Komn’toTepHi HayKn» BUKOHaHa Ha 69 cTOpiHKax,
MICTUTh 12 pUCYHKIB, 2 TaOnuIl, 3 A0AaTKH Ta 24 BUKOPUCTaHI JpKepena.

Mertoto poboTH € po3poOKa MPOrPaMHOTO MOIYJIS JJiE aBTOMATHYHOTO
BU3HAYCHHS MO3WTHBHOI YW HETaTWBHOI TOJSIPHOCTI TEKCTOBUX BiATYKiB Yelp Ha
ocHoBI apxiTektypu LSTM.

VY nocniikeHHI BUKOPHCTAHO METOAW MOMepeaHhoi oOpoOku TekctiB, word
embedding, pexypeHTHi HelipoHH1 Mepexi Tuny LSTM, a takoxx meTrpuku Accuracy,
Precision, Recall, F1 ta Bizyamnizariito pe3ynbrariB uepe3 confusion matrix.

CrBopenuii Monynb mpoaeMoHcTpyBaB To4HICTH 90,28 %, Fl-mipy 0,91 nHa
tectoBid BuOipui 38 000 BiArykiB; mpu JonaTkoBiil mepeBipii Ha 30 peaabHUX
peneH3isix TouHicTh ckinana 93,33 %. Otpumani pe3yabTaTH MiIATBEPIKYIOThH
eextuBHicTs LSTM-minxomy asis aHamizy COXKMBUYMX HACTPOIB.

Monyns Moxe OyTH I1HTErpOBaHUN y CHUCTEMH MOHITOPUHTY KIIEHTCHKOTO
nocBiny, apromatuzoBani CRM-mutargopmu Ta G13HEC-aHAIITUKY 3311 ONIEPATHBHOTO
pearyBaHHS Ha 3MIHY HACTPOIB CITIOKHBAYiB.

Kirouosi cnosa: AHAJII3 TOHAJIBHOCTI, LSTM, NLP, BIAI'YKU YELP,
DEEP LEARNING.



ANNOTATION

The bachelor’s thesis titled “Module for Sentiment Polarity Detection in Yelp

2

Reviews Using an LSTM Network” was prepared for the Bachelor’s degree in
Computer Science. The manuscript comprises 69 pages, 12 figures, 2 tables, 3
appendices, and 24 references.

The aim of the work is to develop a software module that automatically classifies
Yelp reviews as positive or negative using a Long Short-Term Memory (LSTM) neural-
network architecture.

The study employs text-pre-processing, word embeddings, LSTM networks, and
evaluation metrics such as accuracy, precision, recall, F1-score, alongside confusion-
matrix visualisation.

The implemented module achieved 90.28 % accuracy and an Fl-score of 0.91
on a 38 000-review test set; an additional real-world sample of 30 reviews yielded
93.33 % accuracy. These results confirm the effectiveness of the LSTM approach for
consumer-sentiment analysis.

The module can be integrated into customer-experience monitoring systems,
automated CRM platforms, and business-intelligence pipelines to enable timely
responses to shifts in consumer sentiment.

Keywords: SENTIMENT ANALYSIS, LSTM, NLP, YELP REVIEWS, DEEP
LEARNING.
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BCTVII

VY cyyacHOMy LHH(POBOMY CBITI OHJIAWH-BIATYKU BIAIrParOTh KIIIOYOBY POJb Y
MPUIHATTI pillIeHb CIIOKKMBaYaMu Ta popMyBaHH1 O13Hec-cTpareriid. [Inargopmu, Taki
aK Yelp, MICTATbh BeNMYe3H1 OOCSITM TEKCTOBUX PELEH31H, K1 € LIHHUM JKEepeaoM
iHpopMallii mpo SKICTh TOBapiB 1 MOCIYr. AHali3 IUX BIATYKIB J1a€ MOXJIMBICTb
OLIIHUTH PIBEHb 3a/I0BOJICHOCT1 KIIIEHTIB, BUSIBUTU OCHOBHI MPOOJIEMHU Ta BU3HAUYUTHU
TEHACHIIT y cepi CIOKUBUUX YITOT00AHb.

Opnak TpaAuIliiHI METOAM aHalli3y TOHAJIBHOCTI TEKCTy MAalTh IMEBHI
oOMeXEeHHSI, TIOB’sI3aHi 3 PO3Ii3HABAHHSM CKJIaJIHUX MOBHHMX KOHCTPYKIIiH, TAKUX SIK
capkasM, 0araTo3HayHICTh CJIIB 1 KOHTEKCTYallbH1 3MIHM 3Ha4Y€Hb. MeTOIM MAIIMHHOTO
HABYaHHS JO3BOJISIIOTH YaCTKOBO BHPIMIUTH 111 TIpoOjeMu, aje iXHA e(PeKTUBHICTH
3aJICKUTH BiJl IKOCTI BHOOPY O3HAK Ta 0OCATY TPEHYBaJIbHUX JaHUX. BHKOpUCTaHHS
IMOOKUX HEHPOHHUX Mepex, 30kpema LSTM (Long Short-Term Memory), no3Bosnsie
30epiraTv JOBrOTPHUBaJi 3aJ€KHOCTI MK CJIOBAaMH, 1110 3HAYHO MOKPAIIy€e pe3yIbTaTH
aHaizy.

ABTOMAaTH3AIIis aHAJI3Y BIATYKIB € aKTYaJbHOIO 3a71a4€t0 JUIS MIAIPUEMCTB, SIKi
NParHyTh ONMEPATUBHO pearyBaTy Ha 3MIHY CHOXXHUBYMX HACTPOIB. 3apONOHOBAHUN Y
it poOOTI MOIY/IB aHAI3Y MOJIIPHOCTI BIATYKIB HAa 0cHOBI LSTM-Mepexi 703BOIUTD
eexTuBHO Kiacu(iKyBaTH BIATYKH SK TO3UTUBHI YW HETATHUBHI, IO CIPHUATHME
[JTUOIIIOMY  PO3YMIHHIO  KIIEHTCBKMX  yHoa00aHb 1  TMOKpAIIEHHIO  SIKOCTI
00CITyroByBaHHS.

Takum 94WHOM, JOCTIIKEHHS CIIPSAMOBAHE Ha PO3pPOOKY €(EKTHUBHOIO IMIIXOAY
710 aHaJi3y TOHAJILHOCTI TEKCTIB, M0 MOEIHYE MEePEAOBI METOMU OOPOOKH MTPUPOIHOT
MOBH 3 MOXIUBOCTSIMHU TIHOOKOTO HaBuaHHs. lle 3a0e3nmeunTh BHCOKOTOYHY
Kiacu(dikaIlito BiAryKiB Ta MOKJIMBICTh MACIITA0OBAHOTO 3aCTOCYBAHHS JIJISl aHATI3Y
BEJIMKUX OOCATIB TaHUX.

Mera pobGoT — po3poOka Ta OIliHKAa €()EKTUBHOCTI MOAYIS BHU3HAYCHHS
MOJISIPHOCTI BIATYKiB Ha muatdopmi Yelp 3a nonomororo LSTM-mepexi.

OCHOBHI 3aBOaHHS



1. IlpoBecTn aHami3 MNpeIMETHOI 00JIaCTI Ta ICHYIOUMX METONIB aHali3y
TOHAJIBHOCTI TEKCTIB.

2. Hocnigutu apxitexktypy LSTM-mepexx Ta iXHIO 3aCTOCOBHICTH 0 3ajad
aHaji3y BIATYKIB.

3. Po3po0uTu apXiTeKTypy MOIYJSl aHAJI3y MOJISIPHOCTI BIATYKIB.

4. PeanizyBatu ajaropuT™ 300py, TIATOTOBKUA Ta 0OPOOKH NaHMX JJisl HABYaHHS
MOJIEI.

5. HanamrryBatn napamerpu LSTM-mepexi Ta OUIHUTU 1 NPOAYKTUBHICTH 32
JI0TIOMOT010 00OpaHUX METPHK.

6. [TopiBHATH pe3ynbTaTH 3allPOMIOHOBAHOTO TMIAXOAY 3 IHIIUMH METOIaMHU
aHaJTi3y TOHAIBHOCTI.

[IpenqmMeToM MOCHTITKEHHS € METOAM aBTOMAaTH30BAaHOTO aHAJi3y MOJSPHOCTI
TEKCTOBHUX BIITYKiB 3a JIOTIOMOTOI0 HEHPOHHUX MEPEK.

O06'exTOM TOCTIKEHHS € TIPoLIeC 00POOKH TEKCTOBUX JIJAHUX, IXHbOT MTATOTOBKU
Ta Kiacudikarlii 3a gonomororo LSTM-Mepexi.

Mertonu mOCHIKEHHS BKJIIOYAIOTh aHaI3 ICHYIOUMX IIXOMIB A0 aHali3y
TOHAJILHOCTI TEKCTIB, 3aCTOCYBaHHS METOJIIB MAIIMHHOTO HAaBYaHHS Ta TIHUOOKUX
HEHPOHHUX MEPEXK, EKCIICPUMEHTAIIbHE JTOCIIHKEHHS €(DEKTUBHOCTI MOJIEIII, a TAaKOXK
OIIIHKY 11 MPOIYKTHBHOCT1 HA OCHOBI CTaHJAAPTHUX METPHUK Kiacudikarii. Peamizarris
Ta TECTYBaHHS MOJIENI MPOBOASTHLCS 3 BAKOPUCTAHHSAM MPpOTrpaMHUX 3aco0iB Python Ta

oi10morek TensorFlow 1 Keras.



1 AHAJII3 IIPEJMETHOI OBJIACTI TA IIOCTAHOBKA 3AJ1AUI

1.1 O mitargpopmu Yelp Ta 1i 3HaueHHS AJ1 aHAI3Y BIATYKIB

[Inardpopma Yelp € onHiero 3 HAUNOMYNAPHILIUX Y CBITI CUCTEM ISl 300py Ta
aHaji3y BIATYKIB MPO MiANPUEMCTBA PI3HUX KATEropidd, TAKUX SIK PECTOpPaHU, TOTEll,
CaJIOHM KpacH, Mara3uHu Ta iH11i cepBicu. Bona Oyna 3acHoBana y 2004 poiii 1 3 TOro
yacy HaOyna BeJMYE3HOI MOMYISPHOCTI, 310paBUIM MUIBMOHM BIATYKIB  BiJ
KOPUCTYBAYiB 3 YChOTO CBITY.

Opnniero 3 ocHOBHUX GYHKIINA Yelp € MOKITUBICTD 3aJIUIIATH TEKCTOBI BIATYKH
Ta OI[IHIOBATH IMIAMPUEMCTBA 32 I’ ATHOATBHOIO MIKAI00. L1 OLIHKK € BAXKIIMBUMU IS
NOTEHUIMHUX KIIEHTIB, SIKI IIYKalOTh HaWKpaill rnociayru Ta toBapu. Kpim Toro,
riaropMa J103BOJISIE KOPUCTyBadaMm joaaBath Qortorpadii, KOMEHTYBaTu BIATYKU
IHITUX KOPHUCTYBAuiB Ta B3aEMONISATH 3 MIANPHEMCTBAMH O€3MOCEPEAHBO dYepe3
MECEHDKEP.

Jani, mo MictaThes Ha 1uiaropmi Yelp, € miHHUM mxepenom iHbopMartii 1
aHaJli3y CIIOKMBUYMX HACTPOIB Ta OIIHKU SKOCT1 0OCITYyroByBaHHS. AHaJI3 TOHATBHOCTI
BIJITYKIB JTO3BOJISIE BU3HAUUTH OCHOBHI TEHJCHINT y BITyKax KIIEHTIB, MOKPAITUTH
SKICTb TIOCIYT TIANPHEMCTB Ta (GOpMyBaTH MapPKETHHIOBI cTparerii Ha OCHOBI
peabHUX BIATYKIB.

Ockinbku Yelp MicTuTh Benmuue3HUH OOCAT TEKCTOBUX JaHMX, iX 00poOka
BUMAarae 3aCTOCYBaHHSI METO/IIB OOUMCITIOBAIBHOT JTIHTBICTUKH, MAITMHHOTO HABYAHHS
Ta mMTy4HOoro iHtenekty. CydacHi TE€XHOJIOTIi JO3BOJISIOTH aBTOMAaTH3yBaTH MPOIIEC
aHaIi3y BIATYKIB Ta BUAUIATA KOPUCHY 1H(OPMAILIIO TSl IPUUHATTS O13HEC-PIIICHb.

JaHi, o MicTATbCS Ha T1aTGOopMi, IPEICTABICH] y BUIIIAI BIIKPUTOTO HA0OPY
Yelp Dataset, sikuii BKITIO4ae:

~ TexcToBi BiATYKH KOPUCTYBaiB 13 3a3HAYCHHSIM PEUTHHTY.

- Indopmarito mpo minnmpuemcTBa (Kareropis, MiCI€3HAXOMKCHHSI, PEUTHHT,
KUTBKICTB BITYKiB TOIIIO).

— Jlani mpo KOpHCTyBauiB, SKI 3aJMIIAIOTh BIATYKH (iAeHTU(]ikaTop, nara

peecTpallii, KUIbKICTh HATMCAHUX BIATYKIB).



- B3aeMonito MiX KOpHCTyBauaMmH, Taky SIK BIOJ0OaHHS ab0 KOMEHTapl 10

BIITYKIB.

Hani Ha nmnardopmi Yelp npeacrasieHi y BUINISIAL CTPYKTYpOBaHOi 1H(popmMariii,

10 MICTUTH Pi3HI aTpuOyTH A nojaneiioro anamzy (Tabmuus 1.1).

Tabmuis 1.1 - Ctpykrypa ganux Ha minardopmi Yelp

Kareropis nanux | Onuc

Binryku Tekct BiATyKy, peiitunr (1-5), nata nyOmnikanii, MITKH KOPUCHOCTI

[linnpuemctBa | Ha3Ba, kareropisi, aapeca, 3arajJbHUN pEUTHHI, KUIbKICTb
BIJITYKIB

Kopucrysaui VHikanbHU  i7eHTU(dIKaToOp, Jata peecTpaiii, 3arajibHa
AKTUBHICTb

Bzaemonii Jlaiiku, KOMEHTap1, BIAMOBII MIMPUEMCTB, CITITLHOTH

s 1HopMmaltist € 0CHOBOO ISl TOOYI0BU MOJIEIIeH aHali3y TOHAILHOCT1 TEKCTY,

30KpeMa 3a JOMOMOrol HEHpPOHHUX Mepex, Takux sk LSTM. Jlani MOXyTb

BUKOPUCTOBYBATUCS [JIi TPEHYBaHHS MojeNeHd, SKi aBTOMaTHMYHO KIAcU(DiKyIOTh

BI/IF'YKW Ha TMO3UTHBHI Ta HETATHMBHI, a TAaKOXX MPOTHO3YIOTh PIBEHb 3aJ0BOJIEHOCTI

KJIIEHTIB.

s iHpOpMallis € OCHOBOIO JUTsl TOOYIOBH MOJIEJICH aHai3y TOHAILHOCT1 TEKCTY,

30KpeMa 3a JOMOMOrol0 HEHWpPOHHHX Mepex, Takux sk LSTM. Jlani MOXyTb

BUKOPUCTOBYBATHUCS JIi TPEHYBaHHS MOJCJICH, SKI aBTOMAaTHUYHO KIACHU(IKyIOTh

BIIF'YKW Ha TMO3UTHBHI Ta HETATHMBHI, a TaKOXX MPOTHO3YIOTh PIBEHb 3aJ0BOJIEHOCTI

KJIIEHTIB.

3aBnsKM aHATI3y BIATYKIB Ha miatdopMi Yelp miagnprueMcTBa MOKYTh:

BusBnsatu ocHOBHI Tpo0ieMu B 00CIyTrOBYBaHHI.

— OtpuMyBaTH peaybHi BIATYKH PO SAKICTh TOBAPIB 1 MOCTYT.

OnTuMmizyBaTH MapKETHHTOBI CTPATErii HA OCHOBI KJIIEHTCHKUX OIIIHOK.

~ ABTOMAaTMYHO aHaJ3yBaTH HACTPOI KIIEHTIB 3a JOTOMOTOIO0 aJrOPUTMIB

MalllnHHOI'O HaBYaHH:.

Otxe, Yelp He nuiie Bukonye (yHKIIII0 0a3u BIATYKIB, a U CIAYTye BaXKJIUBUM

IHCTpyMEHTOM JJisi  Ol3Hec-aHalli3y, NPOTHO3YBAaHHS Ta TOKpAIIeHHS SKOCTI
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o0CIIyroByBaHHA. Y HACTYNHHUX MiApo3AUIax Oyae pO3MISIHYTO OCHOBHI METOIU
aHaii3y TOHAJIBHOCTI TEKCTY, SIKI 3aCTOCOBYIOThCS ISl aBTOMArM4YHOI Kiacugikaiii

BIATYKIB Ha 1i¥ maatdopmi.

1.2 MeTonu aHai3y TOHaJIbHOCTI TEKCTIB: OIS ICHYIOUUX PILIEHb

AHali3 TOHAJBLHOCTI TEKCTY € OAHIEI0 3 KIIOYOBHX 3a1ad y cdepi oOpoOKu
npupoaHoi MoBu (NLP). Horo mera nonsrae y BU3HAYEHHI €MOLIIHHOTO 3a0apBiICHHS
TEKCTY, III0 MOKE OYyTH MO3UTHBHUM, HETATUBHUM a00 HeWTpanbsHuM. CydacHi MeTOIH
aHaj i3y TOHAJbHOCTI MOXKHAa YMOBHO MOAUIUTHA Ha TPU BEJIMKI TPYIHU: JIEKCUKOHHI
METO/M, METOJIM Ha OCHOBI ITPaBUJI Ta METOIM MAIIMHHOTO HAaBYAaHHS.

JlekcukoHHI MeTomu 0a3yroThCcsi Ha BHKOPHCTAHHI TONMEPEAHBO CTBOPEHUX
CJIOBHHUKIB TOHAJILHUX CJIIB. Y TaKUX IIIAX0HaX KOXKHE CJIIOBO OIL[IHIOETHCS BIAIOBIIHO
70 WOro TO3UTHBHOTO a00 HEraTMBHOTO 3abappieHHsA. Hampukian, SKIIO TEKCT
MICTUTh OUTbIIIE MO3UTUBHUX CIIIB, HOTO TOHAJIBHICTh BU3HAYAETHCS SIK MO3UTHUBHA.
Opniero 3 MOMyMSAPHUX CUCTEM Iboro kiacy € SentiWordNet, sika MICTUTH OIIIHKH
TOHAJILHOCTI JIJISl IIMPOKOTO Habopy ciiB. OCHOBHA IMepeBara TaKMX METOAIB IOJIsITae
y TPOCTOTI peasizailii, mpoTe BOHM MarOTh OOMEXEHHS, OCKUIBKH HE BPaXOBYIOThH
KOHTEKCT 1 HEe 3J1aTH1 PO3ITi3HABaTH CKJIAJHI MOBHI1 KOHCTPYKIIii, Taki SK capKasM 4YH
0araTo3HaYHICTh CIIB.

Mertonu Ha OCHOBI IMPaBMIT MTOKJIAIAI0THCS HA CTBOPEHHS CHEIIaJIbHUX JIOTTIHUX
aJITOPUTMIB, SKI BU3HAYAIOTh TOHAJIBHICTH TEKCTy HAa OCHOBI CHHTAaKCHMYHUX Ta
MOpPQOJIOTTYHUX 0COOTMBOCTEN MOBHU. Taki CHCTEMH MOKYTh BUKOPHUCTOBYBATH aHAJI3
rpaMaTUYHUX CTPYKTYpP, @ TAKOXK CIEIlialibHI MpaBuja, 10 3MIHIOIOTh TOHAIBHICTh
3aJIEKHO BiJ KOHTEKCTy. Hampukman, cioBo «m1o0pe» 3a3Buuyaii Mae TO3UTHUBHE
3HAYEHHS, MPOTE SKIIO BOHO BHUKOPHCTOBYETHCS B KOHCTPYKIII «HE 100pe»,
TOHAJIbHICTh 3MIHIOETHCS. BHCOKa TOYHICTh y TpaMarMdHO KOPEKTHHX TEKCTaX €
OTHIEIO 3 TIEpPEeBar ILOTO MiTXOMY, MPOTe pOo3poOKa MpaBUI € TPYAOMICTKOIO, 1 TaKi

METOJIH ¢J1a00 MPUCTOCOBAH1 A0 3MIH Y MOBHHUX CTPYKTYypax.
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MeTtoay MalIMHHOTO HABYAHHS CTAJM HAWOUIBII MOMYISPHUMHM ISl aHaTI3y
TOHAJIBHOCTI TEKCTY 3aBISKM CBOiM THYYKOCTI Ta 3JaTHOCTI Y3arajbHIOBATU
iHpopMalilo 3 BEIUKUX 0OcsiriB gaHux. Jlo TpaauUIdHUX METOMIB LBOT0O Kiacy
HaJje)XaTh HaiBHUM OalleciBCbKUI KiacudikaTop, MeToa onopHuX BekTopiB (SVM) i1
nepeBornoioH1 Mosiesni. BoHu HaBYarOThCS HA BETUKUX HAOOpax aHOTOBAaHMX TEKCTIB 1
BUKOPHUCTOBYIOTh CTATUCTUYHI MIAXOAU JUIsl MPOrHO3YBaHHS TOHAJIBHOCTI. X04a TaKl
METOJY TOKa3ylOTh BUCOKY IMPOAYKTHUBHICTb, BOHM 3aJie’KaTh BiJl BUOOPY BXITHHUX
O3HAK, 110 MO)K€ BIUIMBATH Ha SIKICTh IXHBO1 pOOOTH.

I'muboxki HeWpoHHI Mepexi, 30KkpeMa peKypeHTHI HelpoHHi mepexi (RNN) i1
MOJIeJIl Ha OCHOBI1 JOBrOTpHUBaJoi kopoTtkouacHoi naM’sti (LSTM), € HalicydacHIuMu
MiIXOMaMH JI0 aHai3y TOHAJBHOCTI TEKCTy. BOHM mpaiiolTh i3 TEKCTOBUMHU
MOCJTiIOBHOCTSIMH, 30€pirarour KOHTEKCT MOTMEPEHIX CIIiB JJIs TOUHIIIOTO BUSHAYEHHS
HacTporo. LSTM-mepexi, Ha BigMiHy Bij 3Bu4yaiiHuX RNN, 3maTHi epeKTHBHO
NpaIfoBaTd 3 JOBFOTPHBAIUMH 3aJCKHOCTSIMH, IO POOUTH iX 1lealbHUMH IS
00pOOKHU TEKCTY.

[Ile omaMM cydyacHUM MeTozioM € TpaHchopMmepHi Mozeni, Taki sk BERT 1 GPT,
SIK1 BUKOPHCTOBYIOTh MEXaHi3M caMOyBard JJisi pO3yMiHHS 3Ha4€Hb CJIIB Y KOHTEKCTI.
BoHu 3a0e3nedyroTh HAWBHINY TOYHICTH y 3aBIaHHIX aHAJI3y TEKCTY, BKIIFOYAOUU
BHU3HAYCHHS TOHAIBHOCTI, ajie MOTpeOyIOTh 3HAYHUX 00UHCITIOBAIBHUX PECYPCIB.

Ha pucynky 1.1 mpencraBieHO OCHOBHI MIIXOIM A0 aHaJi3y TOHAJIBHOCTI

TEKCTIB.

SentiWordNet
O6pabika 3anepeyeHs:

CROBHUKY TOHANLHUX chig Hanpuinan, 'He nobpe’
AHANI3 FPAMATUUHIX CTPYKTYP

TekcHkoHHI MeToan
MeToau Ha ocHOBI NnpaBKn Mpauna spaxysatia
KOHTEKCTY

OUiHKa cniB 3a TOHANLHICTIO

[Hepesonogibni mogeni

PekypeHTHI HeApoHHI Mepexi TMUBOKi HeAPOHHI Mepexi
(RNN) METOOM MALIMHHOTO HABYAHHS

Tpaxcehopmepu (BERT, GPT) I . o
LSTM - poerotpneana Halsz,:“ :CE;T: ::,BD?K“M
KOPOTKOMACHA Nam T
MeTopn onopHUX BekTopiB (SVM)

Pucynok 1.1 - OCHOBHI METOAM aHaJi3y TOHAJIBHOCTI TEKCTIB
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[lopiBHANBHUI aHAJI3 METOMIB AEMOHCTPYE, IO BUOIP KOHKPETHOTO MIAXOLY
3aJIEKUTh B1Jl MOCTABIECHOI 3a/4a4l Ta JOCTYMHUX pecypciB. JIGKCUKOHHI METOIU €
MPOCTUMHM, MPOTE iX TOUHICTh € HMXKYOK, OCKUIBKM BOHM HE BPAaXOBYIOTb KOHTEKCT.
Metogu Ha  OCHOBI MpaBWJ  MOXYThb  JIOCATaTH  BHCOKOI  TOYHOCTI Y
BY3bKOCIEIIaJI30BaHUX 3a/JadyaxX, MpPOTe iX CKIAAHO aJanTyBaTH [0 3arajibHOro
BUKOPHUCTaHHS. MeTou MalllMHHOTO HaBYaHHS, 0COOIMBO MIMOOKI HEHPOHHI MEPEKi,
3a0€3Meuyl0Th HaWBUINY SKICTh aHai3y TOHAJBHOCTI, ajie MOTPeOyIOTh BEIUKHUX
00CATIB JaHUX ISl HABYAHHS.

TakuM YMHOM, Yy Cy4YyaCHOMY aHadi31 TOHAJIBHOCTI TEKCTYy HaWOUIbII
e(DEeKTUBHUMHU € METOJH, 1110 BUKOPUCTOBYIOTh IIMOOKE HABUAHHS, 30KpeMa MOjel
LSTM Ta Tpanchopmepu. ¥ HacTymHOMY MIAPO3ALIL Oyle PO3MIAHYTO CHEIUQIKY

3aCTOCYBaHHS IMTMOOKUX HEHPOHHUX MEPEX VISl aHA13y TOHAIBHOCTI BIATYKIB.

1.3 T'mu6oxki HEHPOHHI Mepexi AJIs aHaII3y TEKCTY

I'mu6Goki HelpoHH1 MepeX1 € OAHUM 13 HAHOUTBI e(PEKTUBHUX METO/IB aHATI3Y
TEKCTY, BKJIFOUAIOYU BU3HAYEHHS HOTO TOHAJIBHOCTI, KATErOPU3aIlilo Ta y3araJlbHEeHHS.
BoHu 3acHOBaHI Ha BUKOpHUCTaHHI 0araTOpiBHEBOI apXiTEKTypH IITYYHUX HEUPOHIB,
IO J1a€ 3MOTY MOJEeJi BUSIBISTH CKJIaJIHI marepHu B JaHuWX. OCHOBHOIO MEpeBaroro
IJTHOOKHX MEPEXK y MOPIBHAHHI 3 TPAIUIIIHHUMH METOAAMU € iX 3aTHICTh MPaIfOBATH
0e3 He0OX1THOCTI pyYHOT0 CTBOPEHHS IIPaBUJI a00 CIIOBHHUKIB, III0 POOUTH iX 0COOJIHUBO
KOPUCHUMHU 151 00pOOKH MPUPOTHOT MOBH.

OnHuUM 13 KITIOYOBHX MIAXOIB Y NIMOOKOMY HaBUYaHHI € PEKypEeHTHI HEHPOHHI
Mepexi (RNN), siki BAKOPUCTOBYIOTBCS 11T OOPOOKH IMOCIIIOBHUX JAaHUX, TAKUX SK
TekcToBl psgkn. RNN  3mgarHi  30epiraTé  KOHTEKCT TMOMEPEIHIX EJIEMEHTIB
MOCJIIIOBHOCTI, 110 POOUTH 1X MPUAATHAUMHM JUTsl aHATI3Yy 3B’ SI3HOCTI CIIIB y PEUCHHSX.
Onmnak xmacmuHi RNN MawoTe mpoOiieMy 3aTyXxaHHs TPaJi€HTIB, IO YCKIIAIHIOE
HABYAHHS HA JIOBTUX MOCTITOBHOCTSX.

Jlns  BupimieHHss 1i€i  mpoOiremMu Oyna  3amporoOHOBaHA — aApXITEKTypa

JOBroTpuBaiioi koporkodacHoi nmam’sti (LSTM). Ha Biaminy Big crangaptaux RNN,
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LSTM-mepesxi BUKOPUCTOBYIOTh CHEllajbHI MEXaH13MU 30epexkeHHs 1H(opmarlii, ujo
J03BOJISI€ M €(PEKTUBHO MPALIOBATH 3 JOBIOTPUBAIUMU 3JIEKHOCTIAMU B TeKcTax. Lle
poOuUTh iX 17€alnbHUMM JUIsl 3aBIaHb aHali3y TOHAJbHOCTI BIATYKIB, MAaIIMHHOTO
nepeksiaay Ta aBTOMaTUYHOTO pedepyBaHHS TEKCTIB.

[Ile oaHMM BaXXIMBUM JOCATHEHHSM Yy cdepl MNMOOKOro HaBYaHHS €
TpancopmepHi mojeni, 30kpema BERT (Bidirectional Encoder Representations from
Transformers) 1 GPT (Generative Pre-trained Transformer). Ha Bigminy Big LSTM,
BOHHM BUKOPHUCTOBYIOTh MEXaH13M CaMOYBaru, 0 J03BOJIsIE iM 0OpOOIISITH BC1 CJI0BA B
TEKCTI OJIHOYACHO, BPAXOBYIOUM iX KOHTEKCT y BCIH MOCIIAOBHOCTI. 3aBISKU LbOMY
TpaHchopMepH NMOKa3yI0Th HAaHKpaIlli pe3yJabTaTy B 3a1a4aX 00poOKU NPUPOTHOT MOBU
Ta BCTAHOBIIIOIOTH HOBI CTAHJAPTH B aHAJII31 TEKCTY.

Ha pucynky 1.2 mpezacraBiieHO 3arajbHy apXiTEKTypy IIMOOKHUX HEHPOHHUX

MEPEX JIJISl aHATI3y TEKCTY.

T | | p—

&L

S

[ S

3 |e----

Input Values Input Layer Hidden Layer 1 Hidden Layer 2 Output Layer

Pucynoxk 1.2 - ApxiTekTypa riiuOOKiX HEUPOHHUX MEPEXK ISl aHAJI3y TEKCTY.

I'muboki HEWpOHHI Mepeki BUKOPUCTOBYIOTh OaraTtopiBHEBYy OOpOOKY
iH(dopMalii, 1o J03BOJSE 1M aHAII3yBaTH HE JIMILIE OKPEMI CJIOBa, a W pO3yMITH

3araJbHUM KOHTEKCT pPeueHb 1 HaBiTh a03ariB. Lle 0cOOIMBO BaXKJIMBO B 3aBIaHHSIX
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aHalli3y BIATYKIB, Ji€¢ 3HAUCHHsS PEUCHHS MOXE 3MIHIOBATHUCS B 3aJ€KHOCTI Bij
nonepeanix 1 HactynHux ¢pas. Y Bunanky LSTM, koxkeH ocepenok Mepeki MICTUTh
BXIHUI, BUXIAHUN 1 3a0yTT€BUM TeWTH, IO PErymiolTh MOTIK 1H(OopMalii yepes
MEPEXKY.

3acTocyBaHHS MIMOOKMX MeEpeX VY aHali3l TEeKCTy TakKoXK mependavae
BUKOPUCTAHHS TMOTIEPEAHHO HABUYCHUX MOJENEH, AKi OyJau HaTpEeHOBaHI HA BEIUKHUX
Kopiycax TekcTy. lle m03Bojsie 3HAUHO 3MEHIIUTH MOTpely Yy BENMKUX Habopax
HaBYAJIBHHUX JAHUX Ta CKOPOTUTH Yac PO3TOPTaHHS HOBUX cHCTeM. Mojeli, Taki K
BERT, MoxyTh OyTM ajganToBaHi [Jisi KOHKPETHUX 3aJad LUISXOM J0AAaTKOBOTO
JIOHABYAHHS Ha CIIeIiaTli30BaHUX Ha0opax JaHUX.

I'muboxki HeMpOHHI MEPEXi 3HAYHO MOKPAIYIOTh ABTOMAaTUYHUN aHai3 TEKCTY,
JI03BOJISIIOYM HE JMIIE KiIacu(ikyBaTH BIATYKH SIK MO3UTHBHI YM HETAaTUBHI, a U
PO3ITi3HABATH CKJIAJIHI MOBHI KOHCTPYKIIii, Takl SIK capka3M a00 KOHTEKCTyaIbHi 3MiHU
3HA4YeHb CIIiB. BUKOpPHCTaHHA MeXaHI3My caMOyBard B TPaHCPOPMEPHUX MOJEIISIX
poOUTH TX HaA3BUYANHO e(PEKTUBHUMU, a/PKe BOHU MOXKYTh aHaJIi3yBaTH TEKCTOBI 1aH1
y IBOX HaIpsiMKax 1 BU3HAYaTH BAKJIUBICTh KO)KHOTO CJIOBA Y BChOMY KOHTEKCTI.

Takum yrHOM, TIMOOKI HEWPOHHI Mepexi, 30kpema LSTM Tta tpancdhopmepHi
apXITeKTypH, € HaWOLIbII €()EKTUBHHMH IIIIXOJaMH JO aHali3y TeKcTy. BoHu
3a0€3Meuyl0Th BHCOKY TOYHICTh, THYYKICTh y BHKOPHUCTaHHI Ta 3/IaTHICTh
aJanTyBaTHCS JIO HOBUX JIaHMX. Y HACTYIIHOMY MiApo3auri Oyne po3MISHYTO

crieniniky IXHbOTO 3aCTOCYBaHHS B KOHTEKCT1 aHaJIi3y MOJSIPHOCTI BIATYKIB.

1.4 OcuoBu LSTM-mMepex Ta iX 3aCTOCYBaHHS Y TEKCTOBiM aHATITHII

LSTM (Long Short-Term Memory) — 11e TUTT peKYpEeHTHUX HEHPOHHUX MEpEexK
(RNN), sixuii cieriabHO po3poOaeHUH 17151 pOOOTH 3 MOCTITOBHUMH JJAHUMU, TAKAMHA
gk TekcT. OcHoBHA ocoOmmBicTh LSTM-Mepex — 3aaTHICTh 30epiratu TOBroTpHBai
3aJICKHOCTI 3aBIIIKU YHIKaJIbHIN CTPYKTYypi KOMipok mam’sati. e poOuTs ix ocoOmmBo
e(exTuBHUMU B 3a1a4ax 0OpOOKHU MPUPOAHOI MOBH, BKJIIOYAIOUM aHAI13 TOHAJIBHOCTI

TEKCTIB.

15



Kiacuuni RNN cTpaxaarors BiJ IpoOiIeMu 3aTyXaHHS I'PAII€HTIB, 10 OOMEKYE
iXHIO 3JaTHICTh 3amaM’sSTOBYBAaTHM JaJIeKl 3aJeXHOCTI B mnocaigoBHocTi. LSTM
BUpIIIYE 110 MpoOIeMy 3a JONOMOIOI0 CHELialbHOI apXITEKTYpH, 110 BKIIOYAE TPU
OCHOBHI KOMIIOHEHTH: BXIIHMH, BUXITHUU 1 3a0yTTeBUU TeWT. 3a0yTTEBUIl TelT
BU3HAYae€, SIKy YaCTUHY MOMNepeaHboi iHhopMallii ciif 30epert, a Ky — BIAKUHYTH.
BXigHu#l TeUT peryitoe OHOBICHHS CTaHy MaM’sTl, a BUXIIHUNW — KOHTPOIIIOE, fKa
1HpOpMallis TepeaaeTbCs AaIl.

LSTM-mepesxi upoKO BUKOPUCTOBYIOTHCS JJIsl aHAI3y TEKCTY, OCKUIbKH BOHH
MOXYTh €(EKTUBHO TMpaIoBaTh 3 KOHTEKCTOM 1 30epiratm B3a€MO3B’SI3KM MIX
CJIOBaMHU B JOBrMX peueHHsX. lle ocoOnmBO BaKJIMBO JJIs aHAI3y BIATYKIB, Ji€
TOHAJIBHICTh MOXKE 3MIHIOBATUCS B 3aJICKHOCTI B/l PO3TAIlyBaHHS KJIFOUOBUX CIIB 1
iIXHBOT'O B3a€MO3B’SI3KY.

Ha pucynky 1.3 mnpencrabnena 3aranpHa cTpykTypa LSTM-komipku, 110

JIEMOHCTPYE 1 OCHOBHI KOMIIOHEHTH Ta MeXaHi13M 00poOKu 1H(hopMariii.

| Activation function

a tanh (o]
h_,

[ Hiddzn state, SM } \ Y I | T /J > h.’

- Forget gate Activation fn

@ I:l Update gate Output gate

Pucynok 1.3 - Ctpykrypa LSTM-koMipku.

VY tekctoBiit anamituill LSTM BUKOpUCTOBY€ETHCS Ji PO3B’ A3aHHS HU3KU 3a]1a4,
30KkpemMa Kiacudikailli TEKCTy, MAaIIMHHOTO I[epeKIialy, TreHepalli TEeKCTy Ta

pO3Ii3HABAHHS MOBHHUX KOHCTPYKIIM. Jyia aHamizy ToHanbHOCTI TekcTiB LSTM-
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Mepeka HABYAETHCS HAa BEIMKUX Ha0opax aHOTOBAaHUX TEKCTIB, IO JIO3BOJISAE iH
BUSBIISITH MTO3UTHUBHI, HETaTUBHI Ta HEUTpaIbH1 HACTPOI.

OcHoBHuit npornec podotu LSTM y TekcToBIN aHAMITHII CKJIAJAETHCS 3 KUTBKOX
eraniB. CroyaTky TEKCT MNPOXOJUTH uepe3 Ipolec NeperoOpoOKH, BKIIOYAIOYU
TOKEH13all110, HOPMaJII3allil0 Ta KOAYBAHHS CJIIB Y UACI0BI BeKTOpH. [10TIM 111 BeKTOpH
nonaroThess y LSTM-Mepexy, sika aHalli3ye IXHIO MOCIiI0OBHICTh, 30€piratouu KOHTEKCT
1 3aJIEKHOCTI MK cioBamHu. [1icist HbOTO OTpUMaHI O3HAKHU MEPEAAIOTHCS Y BUXITHUN
map, KMl BUKOHYE KiacuQikailito abo iHie nepeaoayeHHs.

LSTM-mepesxi MaroTh KUTbKa NepeBar nepej HIIMMH MiIXOAaMH 10 aHaJi3y
TekcTy. BOoHUM MOXyTb OOpOOJISITM JIOBIl TEKCTOB1 IMOCIIIOBHOCTI, BpPaXOBYBaTH
KOHTEKCT 1 TMpaIoBaTH 3 MOBHHMH CTPYKTYpamH, SKi BaXko (opMmamizyBaTu
TPaIUIIHHIMHI MeToJaMH. Y TOH ke Jac, IXHE HaBYaHHSI € OOUNCITIOBAIIBHO CKJIaTHUM
1 moTpedye 3HAUHUX PECYPCiB, 0COOIUBO MPU POOOTI 3 BETUKUMHU KOPITYCAMU TEKCTY.

CydacHl JOCHUDKEHHS TIOKa3yloTh, 1m0 KoMOiHamis LSTM 13  iHmum#u
TEXHOJIOT1SIMU, TAKUMU SIK caMoyBara abo TpaHchopMepH1 apXiTeKTypH, MOXKE 3HAYHO
MOKPAIUTH pe3yIbTaT aHalli3y Tekcty. Hanpuknan, riopuaHi Mojei, 1o MOE€IHYIOTh
LSTM i3 mMexaHi3MOM yBaru, 37aTHI BHAUISTH HAWBKJIUBIII €IEMEHTH TEKCTY JJIs
aHalizy.

Taxum unaHOM, LSTM-Mepexi € oHUM 13 HalOUTbIT €(heKTUBHUX IHCTPYMEHTIB
TUTIs1 0OpOOKH TEKCTY, 110 320€3MeUyI0Th BUCOKY TOUHICTh aHaJIi3y 3aBISIKHA MOXKJIMBOCTI
poOOTH 3 JOBrOTPUBAIMMH 3aJCKHOCTAMH. Y HACTymHOMY NiApo3auIi Oyne

PO3MIISIHYTO creludiKy iX 3aCTOCYBaHHS Yy 3aJla4i aHalli3y MOJASPHOCTI BIATYKIB.

1.5 ITocTanoBka 3amaui

VY cyuyacHoMy UH(QPOBOMY CBITI OHJANMH-BIATYKH € BaXKJIUBUM JKEPEIIOM
iHopMaIIii po AKicTh ToBapiB i mocuyr. [Tnardopmu, Taki ax Yelp, MICTITh MiTbiHOHU

TEKCTOBUX PEICH31H, sIKI BIUTMBAIOTH HA IPUIHSATTS PIIICHb CTIOKMBAYaMH Ta CTparTerii

013HeciB. AHaii3 MOJSPHOCTI BIATYKIB JO3BOJISIE ABTOMAarMYHO BU3HAYATH iXHIN
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EMOIIIHUI 3MICT, III0 MAa€ BEJIUKE 3HAUEHHS JI aBTOMAarW30BaHOTO MOHITOPUHTY
CIIOKMBYUX HACTPOIB.

3aBAsSkM PO3BUTKY MeTONniB 00poOku mpuponnoi moBu (NLP) Ta rmmbGokoro
HaBYaHHS 3'IBUJAcs MOKJIMBICTH  3aCTOCOBYBAaTHM  HEHPOHHI MEpexi s
ABTOMATUYHOT'O BU3HAUYECHHS TOHAJIBHOCTI TeKCTy. OMHaK TpaauIlidHI MiIXOAN MalOTh
OoOMEXEeHHS, MOB’sA3aHl 3 PO3YMIHHSM KOHTEKCTY Ta OOpPOOKOIO JOBIMX TEKCTOBHX
nociinoBHocTeld. Bukopucranus LSTM-mepex 103Boisi€ Momonatd 1i npoOiemu,
30epiraroun Ba)JIMBI 3aJI€KHOCTI MK CIOBAMHU Ta MOKPAILYIOYH TOUHICTh aHAJII3Y.

3acTocyBaHHS Cy4aCHMX METO/I1B aHaJIi3y BIATYKIB MOKE IONOMOI'TH KOMITaH1sIM
eexTuBHie 0OpoOIATH BENWKI MAaCHUBH JaHUX, OI[IHIOBATH PIBEHb 3aJI0BOJIEHOCTI
KJIIEHTIB Ta OTNEPaTMBHO pearyBaTd Ha HETaTMBHI KOMEHTapi. Y IbOMY KOHTEKCTI
aKTyaJIbHUM € CTBOPEHHsI €(DEKTUBHOTO MO/ aHalli3y MOJISPHOCTI BIATYKIB Ha
ocHoBl LSTM-mepexi, 1o 3a0e3rnednuTh BUCOKY TOUHICTh KJIacH(IKallii TEKCTOBUX
JaHUX.

LSTM-mepexi € ogHuMu 3 HaWe(pEeKTUBHIIIUX METOMIB IS poOOTH 3
TEKCTOBUMH TOCIIJOBHOCTSIMHU, OCKUIBKM BOHHM JO3BOJIAIOTH 30€piraTv BaKJIMBI
CeMaHTHYH1 3B’S3KM MDK CJIOBaMH HaBITh y JOBIMX peueHHsAX. Ha BiamiHy Bin
KJIACUYHUX MOJIeJIeH MallIMHHOTO HaBYaHH:A, TakuxX sk SVM abo Naive Bayes, Bonu He
noTpeOyIOTh PYYHOTO CTBOPEHHSI O3HAK 1 MOXYTh CAaMOCTIMHO BHSBJISTH BaXKJIHBI
naTepHH B TekcTi. e 3a0e3neuye BUCOKY TOYHICTh aHAMI3y Ta aarTalliio A0 PI3HUX
MOBHUX KOHCTPYKIIii.

Mera pobGoT — po3poOka Ta OIliHKAa €()EKTUBHOCTI MOAYIS BU3HAYCHHS
MOJIIPHOCTI BIATYKIB Ha Tuiatdopmi Yelp 3a qomomororo LSTM-mepexi.

OcHOBHI 3aBJIaHHS:

— IlpoBectn anHami3 MpeAMETHOI O0JIACTI Ta ICHYIOUMX METOMIB aHaJi3y
TOHAJIBHOCTI TEKCTIB.

— JHocnigutu apxitexktypy LSTM-mepexx Ta iXHIO 3aCTOCOBHICTH O 3a/1ad
aHai3y BIATYKIB.

— Po3poOutu apxiTeKTypy MOAY/S aHaJi3y MOISIPHOCTI BIITYKIB.
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— PeanizyBatu anroput™ 300py, HIATOTOBKUA Ta OOPOOKH JAHUX JJIsI HABYAHHS
MOJEJIL.

— HanamryBartu napamerpu LSTM-mepexi Ta OLIHUTH 1i TPOAYKTHUBHICTD 3a
JIOTIOMOT0r0 0OpaHUX METPUK.

— TlopiBHATH pe3yabTaTH 3alpONOHOBAHOIO MIAXOAY 3 IHIIMMH METOAAMHU

aHaJli3y TOHAJIBHOCTI.
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2 ITPOEKTYBAHHA MO VYJIA AHAJII3Y TTOJIAPHOCTI BIAT'YKIB
2.1 ApxiTekTypa MOIYIs

ApxiTekTypa MOAYJS aHaji3y MOJSPHOCTI BIATyKiB Ha ruiatgpopmi Yelp
nmoOynoBaHa 3 ypaxyBaHHSM OCOOJIMBOCTEH pOOOTH 3 TEKCTOBUMHU JaHUMHU Ta
BUKOPHCTAHHS TIMOOKUX HEHPOHHUX Mepek. OCHOBHOIO METO TNPOCKTYBAaHHS €
CTBOpPEHHSI €(PEeKTHBHOI Ta MacIITa0OBaHOI CUCTEMH, 3/1aTHOT OOpOOJATH BEJIMKI
o0csaru TekcToBOi 1H(popMalii Ta kIacupiKyBaTu BIATYKHU 3a iX TOJSPHICTIO.

ApXiTeKTypa MOy BKIIIOYA€ HACTYITHI OCHOBHI KOMITOHEHTH:

1. KomnoneHT 300py Ta MiATOTOBKYU JaHUX:

— OrtpuMmanHs BiATYKiB 13 3amaHoro jxepena (dain CSV, 6aza maHux
TOIIIO).

— Bunanennss HTML-teriB, crieriialbHUX CUMBOJIIB Ta OYUIIICHHS TEKCTY.

— ToxeHizallis — po30UTTS TEKCTY Ha OKpeMi ciioBa abo ¢dpasu.

— Bekropuzaiisi — TNEpEeTBOPEHHS TEKCTOBUX JIAaHUX Yy  YHCIIOBE
IpeICTaBICHHS.

— Hopwmannizariist Ta 0OMeXeHHsI JOBKUHH MOCITIIOBHOCTEH.

— @®opMyBaHHS HAOOPIB JaHUX JJIA TPEHYBaHHS, Bajifallii Ta TECTyBaHHS.

2. KoMImoHeHT moOy1oBU MOJIEIII:

— BukopucraHHa TMONEpPEAHBbO MITOTOBICHUX BEKTOPHHUX IPEACTABICHb
cmiB (word embeddings) abGo HaBUYaHHA BIACHUX BEKTOPHHX
IPEICTABIICHb.

— BOynoBanwuit map (Embedding Layer) ans nepeTBopeHHS TOKEHI30BaHOTO
TEKCTY Y BEKTOPHE MPEICTABICHHS.

— Pexypentnuii map (LSTM), skmii 30epira€ KOHTEKCT y TEKCTOBUX
TIOCJTITOBHOCTSIX.

— JlomatkoBi mrapm perymsapusamnii, Taki sk Dropout, mus 3amoOiraHHS
MepeHaBUYaHHIO.

— Iineamit Buximuuii map (Dense Layer), mo knacudikye BIATYK SIK

MO3UTUBHUU a00 HETaTUBHUIA.
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— BusHaueHHs onNTUMaNIbHOI apXITEKTypH MUIIXOM EKCIEPUMEHTIB 3
KUIBKICTIO IapiB Ta HEMPOHIB.
3. KoMnoHeHT HaBYaHHS MOJENI:
— Bukopucranna ¢QyHKLii BTpar Ajid OLIHKM TOYHOCTI mepeadadyeHb
(Harpukiaj, O1HapHA KPOCEHTPOITIs).
— OmnTuMizallist BaroBux KoeQilieHTiB 3a 10MOMOTroro ajroputmy Adam.
— BukopucranHg HaBYalbHOI Ta BaJIJALIHHOI BUOIPOK AJiI KOPUTYBaHHS
napameTpiB MOAEIIL.
— Bubip KUIBKOCTI €10X Ta po3MIpy MiHI-0aT4iB AJi1 HaBYaHHSI.
— BukopucranHga TexHik paHHbOI 3ynuHKM (early stopping) ans
3armobiraHHs NepeHaBYaHHIO.
4. KOMIIOHEHT OIL[IHKHU SIKOCTI MOJEIL:
— BukopucranHsa TeCTOBOI BUOIPKH JJIs1 OLIIHKK TOYHOCT1 MOJIEJII.
— OO0uuncieHHs] OCHOBHUX METPHUK: TOUHICTDh (Accuracy), F1-mipa, matpurs
TOMMJIOK.
— Bigyanizartisg pe3yiabTariB poOOTH MOjeli Y BUIIIS A1 rpadikiB.
— AHaii3 TOMHIKOBUX Tiepen0adyeHb I  BUSIBICHHS  MOMJIMBUX
MOKPAIIICHb.
— TlopiBHSAHHS pe3ynbTaTiB 3 IHIIUMHU MOJACIISIMU (HAIPUKIA, JOTICTUYHOIO
perpeciero, SVM).
5. KomnoHeHT iHTerpairii Ta po3ropTaHHsi:
— 30epexeHHs1 HaBUYEHOT MoJeNl y (hopmari, MPUAATHOMY IS TIOAATBIIIOTO
BUKOPHUCTAHHS.
— Posroprannsa mozeni y BUrisiai Be0-cepBicy abo iHTerpailis y mporpamHi
JOAATKH.
— Hanmanasa API mig B3aeMmonii 3 IHIIMMA CUCTEMaMHU.
— TloGymoBa inTepdeiicy KoprcTyBada Juisi B3aEMOJIT 3 CUCTEMOTO.

- TCCTYBaHHH HpOI[YKTI/IBHOCTi CUCTCMHU Ha PCAJIbHUX 3allUTax.
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ApXITEKTYpYy MOYJs MTOJIJaHa HA PUCYHKY 2.1.

KomnoHeHT 36opy Ta NiaroToBKU 4aHuX

+OTPUMaHHS BIATyKIB
+OYULLIEHHA TEKCTY
+TOKeHI3alin
+BeKTopU3aLia
+Hopmaniaauis
+hopmMyBaHHs BNBIpok

\

KomnoHeHT noGynoBu mogeni

+BEKTOPHI NpeacTaBneHHs cnis
+Embedding Layer

+LSTM

+Dropout

+Dense Layer

+EKCNEePUMEHTH 3 apXiTEKTYPOD

|

KomMnoHeHT HaB4aHHA Mopgeni

+dpyHKLIS BTpaT
+onTumisauis sar
+HaBvaHHA Ta Banigayis
+KiNbKICTb enox

+paHHA 3ynuHKa

|

KOMMNOHEHT oujiHKK AKocTi

+TecTyBaHHA

+Bisyanizauis

+aHania NoMUnoK

+NOPIBHAHHA 3 IHWWMW MOAENAMN

+mMeTpuku(Accuracy, F1, MaTpyus noMunok)

|

KomnoHeHT iHTerpauii Ta po3ropTaHHA

+36epekeHHs mogeni
+poaroptanHs API
+iHTepdeic KopucTyBaya
+TecTyBaHHA NpoAYKTUBHOCTI

Pucynok 2.1 -ApxiTekTypa MOAYIS aHAII3Y MOJSPHOCTI BIATYKiB.

3ampornoHoBaHa apxiTekTypa 3abe3mnedye eeKTUBHY poOOTYy 3 BEIUKUMH

oOcsiramMu TEKCTOBOi1 1H(OpMaIlii, aJanTUBHICTh 0 3MIH Yy CTPYKTypi JaHHX Ta
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MOJKJIMBICTh MacIITaOyBaHHS JJ1s1 0OOpOOKM HOBUX BIATYKIB. Y HACTYMHUX MAPO3ALIAX

Oyze IeTaJIbHO PO3MIAHYTO KOXKEH 3 €TalliB IPOEKTYBaHHS Ta peasi3alii MOayJIs.

2.2 AnropuTM mnporecy 300py Ta MiArOTOBKU JaHUX

[Ipomec 300py Ta MiATOTOBKH JaHHUX € KIIOYOBHM €TAIlOM Y TOOYIOBI MOTYIIS
aHaJli3y MOJIAPHOCTI BIATYKIB. Bij SKOCTI 1IbOTO €Tamy 3aJeXUTh TOYHICTh POOOTH
MOJIeNl, OCKUIbKM MpaBWJIBHO TMIATOTOBIECHI JaHl JOMOMararoTh HeWpoMepexi
e(hEeKTHBHO HABYATHCS.

Ha pucynky 2.2 mnpeacrtaBieHO 3arajlbHUM alrOpPUTM IIporiecy 300py Ta
HiJITOTOBKH JIAHHX.

[Tpornec 300py maHMX BKJIIOYAE OTPUMAHHS BIITYKIB 13 3aJaHOTO JKEpelna, iX
OYUIIEHHS Ta MIATOTOBKY IS MOAAJIBIIOr0 aHami3y. BXiiH1 TEKCTOBI JaH1, OTpUMaHi 3
Yelp, moxyte wmictutu HTML-po3MiTKy, cnemiaigbHl CHUMBOJIM, TOBTOPIOBaHI
eleMeHTH abo mymMoBi AaHi. ToMy Ha TepIIOMY €Tari MPOBOAUTHCS MOMEPETHS
00poOKa, sika BKITIOYAE:

— Bunanennss HTML-teriB Ta HemoTpiOHUX CUMBOJIIB.

— KonBeprariito TeKCTy B HHXKHIM PEricTp A/ YCYHCHHS BIIMIHHOCTEH MIiX
OJTHAKOBUMHU CJIOBAMHU.

— Bupanennst crom-ciiB (Hampukiazn, "the", "and", "in"), mo He HecyThb
3HAYHOTO CMHCIIOBOTO HABAHTAKEHHSI.

— Hopwmamnizariro mpo61iniB Ta myHKTYyarlii ais yHidikaiii TeKCTy.

— dopmanbHO,  TEKCTOBMM  BIATYK  MICHs  MONEPEeaHBOI  00poOKH

MEPETBOPIOETHCS Y MHOKHUHY TOKEHIB:

X ={w,wy, ..,w,w; €V (2.1)

ne V — CIOBHUK yHIKaJIbHUX CJIIB, III0 BAKOPUCTOBYIOTHCSI B MOJIEIIL.
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OTpUMaHHA
BIAMYEIE

|

MonepeoHA
obpobxa
TEKCTY

|

TokeHizauiA

|

BexTopuaayia

|

Hopmanizawn
NoCnigosEHoCTER

ToeHyEaHHA
PopMyEaHHA

TekcToBO! EMGipEM

Poznoain nanux

TOpMYyBIHHA
TREHYEANEHOT
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Pucynoxk 2.2 - Anroputm 300py Ta MiATOTOBKU JaHUX.

HactymanM eTamom € TokeHi3allis, sika epeadadae po3OUTTS TEKCTY Ha OKpeMi
cioBa abo ¢gpasu. Lle m03BossI€ MOIETTI MPAIFOBATH 3 TEKCTAMM SIK 13 TIOCIIIOBHOCTIMU
YUCIIOBUX BEKTOPiB. [10TIM pOBOAMTHCSI BEKTOpH3AIlis — KOXKHE CIIOBO 31 CIIOBHUKA

BITIOOpaXAa€ThCA Yy BIANMOBIAHUN YHUCIOBUH BEKTOP 3a JIOMIOMOTOI TEXHIKU
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BOynoByBaHHs ciiB (word embedding). Jly1s 1bOro BUKOPUCTOBY€EThCS Marpulls E, sika
BiZoOpaae KoXHe CIOBO y BEKTOP IIPOCTOpy po3mipHocTi d: E: w; — R%

Jlist poOOTH 3 pEKypeHTHHUMH HEWpOMeEpeKaMy NOTPIOHO BUPIBHATH JOBXKHHH
TEKCTIB 70 eauHoro po3mipy. Lle mocsraerbes nuisixom yciueHHsT ab0 JOMOBHEHHS
nocnigoBHOCTeH 10 (ikcoBaHOi MOBKMHHU L:Xpopm = {Wq, ..., W, } Je KoporTii
MOCJIIIOBHOCTI JOMOBHIOIOTHCA ClielialbHUMU 3anoBHIoBaYamu (padding).

OcTaTo4HO, MATOTOBIEH] JaH1 po30MBaIOTHCS HA HaBYAIbHUM, BalAalIiHUN Ta
TectoBUil Habopu. Lle 3abe3neuye KOPEKTHY OLIHKY SKOCT1 MOJETI ITiJT Yac i HaBYaHHS
Ta TIepeBipku. Po3monin faHuX 3M1HCHIOETHCS TAKUM YHHOM:

- TpenyBanbHa BuOipka — 80% naHUX, BUKOPUCTOBYETHCS [JIsi HaBUYAHHS
MOJIEJII.

- Banipamiitna BubGipka — 10%, BHUKOPHUCTOBYETHCS JJI HaJallITyBaHHS
napaMmeTpiB MOJEIIL.

~ TecroBa BuOipka — 10%, 3acToCOBYeThCS [JIsi OIUHKHA (PiHAJIBHOT
IPOAYKTUBHOCTI MOJIEIII.

3anponoHoBaHU alNTOPUTM 3a0e3neuye epeKTUBHY 00pOOKY TEKCTOBUX JaHUX
JUIs Tioanbiioro BukopucTanHs B LSTM-moneni. Y HacTymHOMY Mmiapo3aial Oymae

PO3IISIHYTO BUOIp TapaMeTpiB MOJIEJIi Ta METOIH ONTHMI3aIlii HaBYaJIbHOTO MPOIIECY.

2.3 Bubip napametpiB mozeni LSTM

[Iponiec BuGOpy mapametpiB st Moxeini LSTM € KpUTHYHO BaKIIMBUM ISt
3a0e3neueHHs 1l €(EeKTUBHOCTI Ta MPOAYKTUBHOCTI. Bu3HaueHHS ONTHUMAaIbHUX
rinmeprnapaMeTpiB BIUIMBAE HA 3/1aTHICTh MEPEXK1 MPAaBUIBHO KIacu(iKyBaTH BIATYKH Ta
y3arajpHIOBaTH HOBI  gaHi. Bubip mapameTpiB  3IIHCHIOETBCS  HUISIXOM
EKCIIEPUMEHTAJIFHOTO ~ aHANi3y Ta TEOPETUYHUX MIpPKyBaHb, 0a3yl04uch Ha
BJIACTHBOCTSIX PEKYPEHTHHX HEHPOHHUX MEPEK.

Ha pucynky 2.3 mpeacTaBieHO 3arajibHy apXiTeKTypy BHOOpY MapaMeTpiB

LSTM-mozeni.
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MoyaTok BuGopy NnapameTpis

=
! } ! l ! I

KineKicTe enox ta po3mip MiHi-

PoamipHicTb BGYAOBYBaHHS
Batuie P B

DYHKLiA BTPAT PieeHek Bifcisy

‘ [oBxuWHa nocnigoBHOCTI KinekicTe LSTM-HelpoHis DyHKUIA akTMBauUil ’

OnTumisaTtop J

| L ]

‘ LG :

OnTumankHi napameTpu
ofpaHo

Pucynoxk 2.3 - Bubip napametpis aiis moxaeni LSTM.
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OcHOBHI apaMeTpH, K1 BU3HaYar0Th poooty moaeni LSTM, Bkito4yaroTs:

1. PosamipHicte BOynoByBaHHa (Embedding Dimension). Lleii mnapamerp
BHU3HAYa€ pPO3MIP BEKTOPHOIO MPEACTABICHHS CJiB. BUIbIIl 3HaY€HHS J03BOJSIOTH
KOJyBaTu OuIblle KOHTEKCTHOI 1HQopMalii, OAHAK MOXYTh HPU3BOAUTH MO
nepeHapyanHs. Tumnosi 3nadeHHs: 50, 100, 300.

2. lopxuna nocninoBHocTl (Sequence Length). Ockinbku Mojens mparroe 3
TEKCTOBUMH TOCIIIIOBHOCTSIMU, HEOOXIZIHO BCTAHOBUTHU (PIKCOBAHY MAKCHUMAaJIbHY
JOBXKUHY. 3aHAJITO KOPOTKI 3HAUEHHS MOXKYTh BTPAaTUTH BaXJIMBUI KOHTEKCT, TOM1 SIK
HaATO JOBI1 30UIBIIYIOTH BHUTpAaTH Ha oOuucieHHs. OnTtuMaibHe 3HAYEHHS
BUOUPAETHCS eKCIEpUMEHTaNbHO, Hanpukiaa, 200-800 TokeHiB.

3. Kinbkicte LSTM-HelipoHiB y mnpuxoBaHOMy Iapi. BusHawae, CKUIbKH
iHbopMallii Momenb MOXKE 3amaM’sITOBYBaTM Ta aHali3yBaTH. bidblia KUIBKICTB
HEHPOHIB MOKPAIIy€e TOYHICTD, ajie 30UIbIIy€e PU3UK MepeHaBYaHHs. TUTIOBI 3HAYCHHS:
64, 128, 256.

4. ®yukmig akrtuBarii. B LSTM-mepexax cTaHIapTHO BUKOPHCTOBYETHCS

1
3 . o(z) = - :
CUTMOIHA (QYHKIIis 1+e © nug BuxigHOTrO mapy. B mpuxoBaHWX mapax
MOJKE 3aCTOCOBYBATHCS tanh i MOKpaIieHHs CTablIbHOCTI TPaIE€HTIB.
5. ®yukiis Brpar. OCKUILKH MOACTB PO3B’sI3y€e 3a1auy OlHApHOI Kiacuikaltii,

BUKOPHUCTOBYETHCS O1HApHA KPOCECHTPOITIS:
1 N - -
L = - N Zi=l Yi lﬂg Yi + (1 T yIJ ]'Dg(]' T yi) (22)

7€ Y; — CTIPaBXHS MITKa KJIacy,

y;— nepenOavyeHe 3HAUYCHHS.

6. Onrumizarop. s HaBUaHHA MOJENI BUKOPUCTOBYETHCS anroputM Adam,
KWW 3a0€31euy€e aIanTHBHE OHOBJICHHS BaroBUX KOC(DIIIEHTIB.

7. PiBenp  BinciBy  (Dropout). BukopuctoByeTbcs sl 3anoOiraHHs
MepeHaBUYAHHIO IUISIXOM BUTIAJKOBOTO BUMKHEHHS IIEBHOTO BiJICOTKA HEUPOHIB i1 9ac
HaBpyaHHA. Tumnosi 3HaueHHs: 0.2—0.5.
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8. KinmbKicTh enox Ta po3Mip MiHi-0aT4iB. YHCI0 enoxX BU3HAYa€, CKUTbKHU Pa3iB
MOJleNb TepernisHe Bci AaHl. Haaro Benuke 3HaYeHHsS MOXKE MPU3BECTH O
nepeHaBuyanHa. OntumanbHi 3HayeHHs: 10-30 emox. Po3mip MiHI-0aryiB BU3HAYa€
KUIBKICTh MPUKIIAIIB, K1 00pOOJIAIOTHCS 32 OJUH KPOK I'PaJIEHTHOTO CIYCKY. THUIIOBI
3HaueHHs: 32, 64, 128.

3anponoHOBaHUM MIAX1J 10 BUOOpPY MapaMeTpiB J0O3BOJIAE OTpUMATH J00pe
y3arajJibHIOIOYY MOJeNb, fKa €(QEeKTUBHO pO3MI3HA€ MOJAPHICTh BIATYKIB. Y

HACTYITHOMY pO31li Oy/ie pO3MIsIHYTO METOAM OLIHKH MPOIYKTUBHOCTI MOJIEIIL.

2.4 MeTpuKu OLIIHKY €(PEeKTUBHOCTI MOJIEN1

Omninka e(eKTUBHOCTI MOJIENIl € BaXJIMBHM eTaroM Bepudikallii il sSKoCTi Ta
3MQTHOCTI TMPaBUIBHO KIACH(pIKyBaTH BIATYKHA. JlJIS OIIHKM BHUKOPHCTOBYIOTHCS
METPHUKH, SIKi JO3BOJISIOTh BHU3HAYWTH, HACKUIBKU MOJCIb y3arajibHIOE€ 3HAHHS Ta
aJanTyeThbcsl 10 HOBUX JaHWX. OCHOBHI METPUKH JUIS OIIHKH €()EKTUBHOCTI MO
LSTM vy 3agaui 6iHapHOi Kiacudikailii BKIOYAOTh TOYHICTH (accuracy), precision,
recall, F1-mipy Ta matpuirto momusiok (confusion matrix).

TounicTh — 1€ 3arajibHa YacTKa IPaBUJIBHUX Iepea0adyeHb BiJ 3arajbHOI

KUTBKOCTI Tiepe10ayeHb:

TP+TN
TP+TN+FP+FN (23)

Accuracy =

ne: TP — KimbKICTh TpaBWIBHO TiependadueHux MNo3uTUBHHMX KiaciB (True
Positive),

TN — KiTBKICTh NMPaBHIIBHO NependadeHnx HeratuBHUX KiaciB (True Negative),

FP — kimbkicTh HempaBWJIBHO mependadeHux mno3uTuBHuUX kiaciB (False
Positive),
FN — kuibkicTh HempaBWIbHO TmepefadaueHnx HeratuBHux kiaciB (False
Negative).
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ToYHICTP € KOPUCHOIO METPUKOIO y BHUIAJKy 30aJlaHCOBAaHUX HaHUX, KOJIU
KUIBKICTh TO3UTUBHUX 1 HEraTUBHUX MPUKJIAIIB TPUOIN3HO OJHAKOBA.
Precision Bu3Ha4ae, ska 4acTka rnepeadaueHnX MO3UTUBHUX BIATYKIB AIMCHO €

IIO3UTUBHUMMU:

TP
TP+FP (2.4)

Precision =

Bucoke 3HadyeHHs precision O3Hayae, 110 MOJAEIb BHJAE€  MEHIIE
XUOHOTIO3UTUBHUX MEepe10ayeHb.

Recall Bu3Hauae, sIKy 4YacTKy peaJbHUX IO3UTUBHUX BUMAJKIB MOJCIHb

paBUJIbHO KiacudikyBaa:

TP
Recall = 75 7% 2.5)

Bucoke 3nauenns recall o3navae, 1110 Mojiesb MpaBUIBHO PO3MI3ZHAE OLIBIIICTh
MO3UTUBHHUX 3pa3KiB, M0 € BAXIWBAM Yy BHITAJKaX, KOJIU BaKIUBO MIiHIMI3yBaTH
XHMOHOHETATUBHI TIepe10aueHHs.

F1-mipa € cepennim rapMoHiitHUM MK precision Ta recall 1 3a6e3neuye GanaHc

MDK HUMU:

Precision« Recall
F]' =2 X Precision+ Recall (2.6)

Lls MeTpuKa € KOPUCHOO TIPH poOOTI 3 He30aJaHCOBAHUMHU JTAHUMU.
Marpuiisd MOMUJIOK € BaXKJIMBUM IHCTPYMEHTOM IS aHaN3y mepeadadeHb

Mozeni. BoHa m03Bossie BUBHAYHUTH, SIKI TUITHA MMOMIJIOK HAYaCTIIe 3yCTPIYatOThCS

TP FP

FN TN
2.7)
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JletanpHull aHami3 Marpull NOMHJIOK JOMOMAara€ BHUSBUTH, YA MOJEIb Mae
CXUJIBHICTB JI0 BUJaul MEBHUX TUIIIB MOMUJIKOBUX Mepea0aueHb.
BuOip MeTpuku 3a51€KuTh Bl KOHKPETHOTO 3aBaanHs. Hanpuknan:
— SIKu10 BaXKJIMBO YHUKATH XMOHOIMO3UTUBHUX MepeadayeHb, CIijl OpIEHTYBATUCS
Ha precision.
— SIKI110 KpUTUYHO BaXKJIMBO 3HANTH BC1 O3UTUBHI 3pa3Ku, BAPTO MOKJIAAaTUCS HA
recall.
— Skmo HeoOximuuii OamaHc Mix precision Ta recall, Fl-mipa € nalikpammm
BUOOPOM.
3anpornoHoBaHU HAOIp METPUK J03BOJIIE 00 €KTHUBHO OI[IHUTU €(EKTUBHICTh
MOJIEJIl Ta IPUHHATU PIIICHHS MI0/0 1i BAOCKOHAJICHHS. Y HACTYIMHOMY pO3aiii Oyre

PO3IISIHYTO aJrOPUTM BU3HAUYCHHS TOJIIPHOCTI BIATYKIB.

2.5 Aaroput™M BH3HAUEHHS MOMYJASPHOCTI BIATYKIB 3a gomomMororo LSTM-

Mepexi

AJNTOPUTM BU3HAYCHHS MOJSIPHOCTI BIATYKIB 0a3yeThcsi Ha OararocTyIreHeBil
00poO0I11i TEKCTOBUX JlaHKX 3a gonoMororo LSTM-mepesxki. Bin Bkirodae kijibKa eTaris:
nepenoOopoOKy TEKCTY, KOIyBaHHS TaHUX, oaady Ha Bxig LSTM-Mepexi, HaB4aHHS Ta
nepeadaueHHs Ki1acy BiATYKY.

Kpok 1. Tlepeno6poOka TekcTy

— Bunanenns cnenianpauX cuMmBoiriB, HTML-teriB ta mudp.
— IlpuBeneHHs TEKCTY 10 HUKHBOTO PETiCTPY.
— Bwupganenns cron-ciuiB (Hanpukian, "the", "and", "in").
— ToxeHizalis — po30UTTSA TEKCTY HA OKpEMi CJIOBA.
Kpok 2. KogyBaHHs TEKCTY
— TlepeTBopeHHS TOKEHI30BAaHUX CIIIB Y YHCIOBI BEKTOPH.
— Buxopucranns texHiku word embeddings s mpencTaBiieHHsS CIIB Y

0araroBUMIpHOMY ITPOCTOPI.
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— 3amoBHEHHS KOPOTKHMX IMOCTIIOBHOCTCH CHCIiaIbHUMH CHUMBOJIAMHU
(padding) 1o ¢pikcoBaHOT TOBXKUHM .
Kpoxk 3. Ilepenaua nanux y LSTM-mepexy
— BxinHwii map npuiiMae MOCIiI0BHICTh BEKTOPIB.
— LSTM-map ananizye nNOCIIIOBHICTh Ta BUTITYE KOHTEKCT.
— JlomatkoBi 1mapu, Taki gk Dropout, gomomararoTh 3amooirTu
NepeHaBYaHHIO.
— Buxinauil map BHUKOHYe Kiacu@ikaiiio BIAT'YKY SIK MO3UTUBHOIO abo
HETaTUBHOTO.
Kpoxk 4. HaBuanus mozemni
— BukopucroByerbcss  ¢yHkiiss  Brpar Binary  Crossentropy, sika
o0uucIIoeThCs 32 PopMyIIOIO:
— OnruMmizamis 301MCHIOETBCS 3a  gomoMoror Adam Optimizer, 110
aJaNTUBHO HAJIAIITOBYE IIBUIKICTh HABUAHHS.
— Ilix yac HaBYaHHS MOJIETh BUKOPHUCTOBYE BallialliiHUI HAO1p AJIs OI[IHKH
IPOAYKTUBHOCTI.
Kpok 5. Tlepenbadenns kiacy BiAryky
— Mopens oTpuMye HOBUN BIIryK, mnpoxoauTh uepe3 LSTM-map Ta
MOBEPTA€E 3HAYCHHS WMOBIPHOCTI.
— BuxopucrtoByerhcs nopir (Hanpukian, 0.5):
—  Slkmio BiAryK KIacH(PIKYETHCS K MO3UTUBHUM.
—  Slkmio BiATyK KIacu(IKyeThCS K HETaTHBHUM.
Kpox 6. Or1rinka npomyKTUBHOCTI
— BukopucTaHHa METPUK TOYHOCTI, precision, recall Ta F1-score.
— Bisyasmizallis HaB4aJILHOTO MPOIIECY Ta aHAJI3 MaTPHIli TOMUJIOK.
Ha pucynky 2.5 mpeacTaBieHO 3arajibHUil aJlfOPUTM BU3HAYEHHS MOJIIPHOCTI
BIITYKiB.
3anponoHOBaHUN AJTOPUTM J03BOJIIE €()EKTHBHO BH3HAYATH TOJSIPHICTD
BIIT'YKiB Ta BUKOPHUCTOBYBATH PE3YABTATH [JIS1 TOAAIBIIOTO aHaTi3y CHOKHABYUX

HACTpPOIB.
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PucyHok 2.5 - AnropuT™ BU3HAY€HHS NOJISPHOCTI BIATYKIB 3a fonoMororo LSTM.
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3 PEAJIIBALIA MOAVIEA ITOJIAPHOCTI BIATI'YKIB

3.1 BcranoBneHHs cepeoBuIlia po3poOKHU Ta MiIKIIOUeHHS 010J110TEeK

VYeninrHa peasnizallis HeMpoMepeKeBO1 MOJIEIL I aHAJI3y TOHAIBHOCTI TEKCTY
BUMAara€e MpaBWIbHO HAJAIITOBAHOIO CEPEJOBUILNA PO3POOKH Ta MIIKIIOYEHHS
BIIMOBIAHUX 010710TeK. JJi1 poOOTH BUKOPUCTOBYIOTHCA O107110T€KH IJIsl TIHOOKOTO
HaBYaHHS, OOPOOKH TEKCTOBUX JIaHUX Ta Bi3yasi3alli pe3yJabTariB.

Jnist  moyarky — HEOOXIZHO  BCTAHOBUTHM  OCHOBHI  OI0JMIOTEKH, IO

BUKOPHUCTOBYIOThCS y MPOIIeCi POOOTH:

Ipip install contractions
Ipip install textsearch
Ipip install tqdm

import nltk
nltk.download( ' punkt")

Ili 6i6mioTekn 3a0e3MeuyroTh PO3IIUPEHI MOXKIUBOCTI JIJII OOPOOKH TEKCTY,
BKITIOYAIOYM TOKCHI3allifo, PO3IIMPEHHS CKOPOYCHb Ta TPHUCKOPEHHS OOpOOKH
TEKCTOBHUX JaHHUX.

[Ticag BcTaHOBIIEHHS HEOOXITHMX MAKETIB IMIIKIFOYAIOTECS OCHOBHI 010/110TEKH

JUTsl pOOOTH 3 HEUPOHHUMH MEPEKaAMU:

import tensorflow as tf

import pandas as pd

import numpy as np

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Dense, Dropout, LSTM, Embedding
from tensorflow.keras.preprocessing.text import Tokenizer

from tensorflow.keras.preprocessing import sequence

from sklearn.preprocessing import LabelEncoder

bibmioreka TensorFlow BuUKOpHCTOBYETBHCS M TMOOYIOBH HEWMpOMEpEexki, a
Pandas i NumPy — st oOpoOku Ta mpeacTaBieHHs JaHUX.

06 orinuTH €(hEeKTUBHICTH HABYAHHS, BUKOPUCTOBYIOTHCS 3acO0M Bizyaizaiii
pPE3YbTATIB:

import matplotlib.pyplot as plt
import seaborn as sns
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[1i 6106;i0TeKU MO3BOJISIIOTH CTBOPIOBATH rpadiky ISl OLIHKK SKOCT1 MOAENI,
TaKUX K TOYHICTb Ta (PYHKIIisl BTpAT.

[Ilo6 3abe3meuynTH BIATBOPIOBAHICTH EKCHEPUMEHTIB, BUKOPHUCTOBYETHCSA
dikcalris BUIaJKOBUX 3HAYCHb:

seed = 3541
np.random.seed(seed)

Ile no3Boisie OTpUMYBAaTH OJHAKOBI PE3YJbTAaTH IPU MOBTOPHHUX 3alycKax
MOJIEI, 110 € BAKIUBUM JIJIs1 HAYKOBUX JOCIIJIKEHb.

[Ticns HanmamTyBaHHS cepelloBUIIa PO3POOKH HEOOXITHO MPOBECTH MIATOTOBKY
TEKCTOBUX JAaHMX JJIs1 Mozeni. JIJisi boro BUKOPUCTOBYETHCA (PYHKI[ISI MOMEPETHbOT

00poOKu:

import re

import unicodedata

from bs4 import BeautifulSoup
import contractions

def preprocess text(text):
text = BeautifulSoup(text, "html.parser™).get text()
text = contractions.fix(text)
text = re.sub(r'["a-zA-Z0-9\s]', '", text)
text = text.lower().strip()
return text

s ¢yskiis ouyumiae Texct Bim HTML-po3miTku, BUIIpaBiise€ CKOPOUYEHHS Ta
BUIAJISIE CIIEIlaJIbHI CUMBOJIM.

Ha mnpomy erami Oymo 3miiicHEHO NiAKIrOUeHHS O10710TeK, HaaIlTyBaHHS
CepeloBHINla PO3POOKH Ta IATOTOBKY TEKCTOBUX JaHMX. HacTylmHHM KpoKoM €

3aBaHTAXKEHHS Ta 00poOKa HAOOpy JAaHUX JIJIsi TPEHYBaHHS MOJIEIIL.

3.2 3aBaHTa)KE€HHS Ta MOMEPETHS 00pOoOKa JaHUX

Ha6ip mammx Yelp Reviews for Senti-Analysis Binary micTuTh n1Bi OCHOBHI
YacTUHU: train.csv Ta test.csv, a Takox (paitn readme.csv 13 MOSCHEHHSIMHU JI0 1aTACETY.
OcTtanHe OHOBIICHHS J1aTaceTy OyJI0 31IMCHEHO TPU POKHU TOMY (Bepcis 2).

Onuc Habopy JaHUX:
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- Jaracer wmictuth Biaryku 3 miargopmu  Yelp, ski knacugikoBaHI 3a
MOJISIPHICTIO.

~ Biaryku 3 oninkamu 1 Ta 2 BiTHOCATHCS 10 HETaTUBHUX, a OLIHKHU 3 Ta 4 — 110
MO3UTUBHHUX.

~ V¥V naByanbHOMY Habopi Mictuthes 560 000 3paszki (280 000 mo3uTUBHUX Ta
280 000 neraruBHux), a y TectoBomy — 38 000 3pa3kiB (19 000 nozutuBHux Ta 19 000
HETaTUBHUX ).

— @aiinu train.csv 1 test.csv MicTsATh 1Ba ctoBmili: class index (1 - HeraTuBHUH,
2 - MO3UTUBHUI) Ta review_text (TEKCT BIATYKY).

~ VYci TekcToBI JaHi 3amudpoBaHi y noABidHI Janku ('), a BHYTPILIHI JIANKH
nonBoeHi (""). CUMBOJIM HOBOTO PsIJIKa EKPAHYIOTHCS 4epes \n.

Ha upomy etamni 311HCHIOETHCS 3aBaHTaXKEHHsI HA0OPY JTaHUX 3 BIATYKamH Yelp
Ta iX momepenHs oOpoOka. Habip paHMX MICTUTH TEKCTOBI BIATYKH, IO
KJIacu(IKyIOThCS 32 MOJISPHICTIO (MO3UTHUBHI a00 HETaTUBHI).

CriouaTKy 3aBaHTaXyIOTbCS HaBYAJIbHUHN Ta TECTOBUI HAOOpU JaHMX:

import pandas as pd

dataset train = pd.read csv('../input/yelp-reviews-for-sentianalysis-binary-np-csv/yel
dataset test = pd.read csv('../input/yelp-reviews-for-sentianalysis-binary-np-csv/yely

Jlns  3a0esneueHHs BHITQJKOBOCTI PO3MOAUTY JaHMX Tepel HaBYaHHSIM
BUKOHYETHCS ITEPEMIITyBaHHS:

train = dataset train.sample(frac=1)
test = dataset test.sample(frac=1)

[Io6 3MEeHIINUTH Yac TPEHYBaHHS MOCII, 0OMEKYETHCS 00CAT TECTOBUX JIAHHX :

test = dataset test.iloc[:38600, :]
val = dataset train.iloc[:50000, :]
train = dataset train.iloc|50000:, :]]

Jlami 30iiCHIOETHCS BUALICHHS HEOOX1THMX CTOBIIIIIB JUIS aHAJII3Y:
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X _train = train['review text'].values
y_train = train['class_index'].values

X val
y val = val['class index"].values

val[ 'review text'].values

X _test
y test

test['review text'].values

test[ 'class _index'].values

[Ticnsa TokeHizalii CiiAg OIIHUTH PO3MOAUT JOBKHUH TOCTITOBHOCTEH Y
HaBYaJHLHOMY Ta TECTOBOMY Habopax:

import matplotlib.pyplot as plt
import plotly.graph objects as go
from plotly.subplots import make subplots

train_lens = [len(s) for s in X train]
test lens = [len(s) for s in X test]

fig = make subplots(rows=1, cols=2, subplot titles=('Training Sequence Lengths', 'Test

fig.add trace(go.Histogram(x=train_lens, nbinsx=2@, name='Training Lengths', marker cc
fig.add trace(go.Histogram(x=test lens, nbinsx=28, name='Testing Lengths', marker colc

fig.update layout(
title text="Histogram of Sequence Lengths in Training and Testing Datasets’,
title font size=20,
xaxis_title text='Sequence Length',
yaxis title text='Count',
height=600,
width=1200,

)
fig.show()

AHami3 OTpUMaHUX PE3YIbTATIB MOKA3aB:

~ YV HaBuanpHOMY HA0OpPi OUIBIIICTH TEKCTIB MalOTh JOBKUHY MeHIe Hixk 200
ToKeH1B. Hali0ibIra KOHIIEHTpallig 3pa3KiB crioctepiraerhes B aianazoni 0—100 ciis,
ne nonan 25 000 3pa3kiB MatoTh JOBKUHY B Mexkax 0—50 TokeHiB, a 6mu3bko 15 000 —
y mexax 50—100 TokeHiB.

-V tecToBOMY HaOOpi PO3IMOMT JOBKHH CXOXKHM: OLIBIIICTh TEKCTIB MICTSATH
no 200 TtokeniB. HaitOGinpma kinmbkicTh 3paskiB (moHan 19 000) 3HaxomuThes B
miana3oni 0—50 cnis, a 6auseko 11 000 — y mexxax 50—100 cis.

~ Tekctn 3 nomxuHOIO mMOHAM 600 chiB 3ycCTpiYalOThCsl 3HAYHO piame 1

CTAHOBJISITH JIUIIE HEBEJIIUKUI BIICOTOK Bl 3arajibHOi KUIBKOCTI 3pa3KiB y JaTaceTi.
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Ha ocHOBI1 1poro anamizy O0ya0 BHPILIEHO HOPMali3yBaTu JOBXKUHY TEKCTOBUX
nociainoBHocted 10 800 TOKEHIB, IO OXOIUIIOE Maibke BCl TEKCTH Yy BHOIpII,

J03BOJIIFOYU MoJieN1 €(hEeKTUBHO 00pOOIATH BXIJHI AaH1 (pUcyHOK 3.1).

Histogram of Sequence Lengths in Training and Testing Datasets

Training Sequence Lengths

Testing Sequence Lengths
25k

20k

Count

400 600 800 1000

800 1000
Sequence Length

Pucynok 3.1- Po3nonist JOBKUH MOCITIIOBHOCTEN Y HABYAIBHOMY Ta

TECTOBOMY Habopax.

[I{o6 3poOuTH TOBKHUHY BCiX MOCIIIOBHOCTEH OHAKOBOI, BUKOPUCTOBYETHCS
3aITOBHCHHSI HYJISIMU:

from tensorflow.keras.preprocessing import sequence

X _train =

sequence.pad_sequences(X_train, maxlen=800)
X _test =

sequence.pad sequences(X test, maxlen=800)
X val = sequence.pad sequences(X val, maxlen=800)

Ie#t mporec 3abe3mnedye OMHAKOBY JOBKUHY BXITHUX JaHHUX IS MOJEINI, 110
MTOKpanrye cTablIbHICTh HABYAHHS.

OcTaHHIM €TanmoM MiATOTOBKH € 3aKOMyBaHHS MITOK KIJIaciB ISl HEUPOHHOI
MEpEexi:
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from sklearn.preprocessing import LabelEncoder

le = LabelEncoder()

y train = le.fit transform(y_train)

y _test = le.transform(y_test)

y val = le.transform(y val)

Ile n03BOJISIE BUKOPHCTOBYBATH KJIACH Y BUTVISI YUCITOBUX 3HAUCHb.

Ha nipomy eTani BUKOHaHO TONIEPEeIHI0 00POOKY TEKCTOBUX JaHUX, TOKEH13aIl 110,
HOpMaJTi3allilo MOCIIIOBHOCTEH Ta 3aKoAyBaHHS MITOK kjaciB. [linrotoeneHi naHi

TOTOBI JIsl BUKOpUCTaHHs y Mozaeni LSTM.

3.4 [lobynosa Ta HapuanHus LSTM-moneni

Jns knacudikaiii BiarykiB BuUKopucTtoByeThesi LSTM-monenb, 1o BKIIOYAE
HACTYTIHI IIapH:

EMBEDDING DIM = 300
MAX_SEQUENCE_LENGTH = 860
VOCAB_SIZE = len(t.word index)

model = Sequential()

model.add(Embedding(VOCAB SIZE, EMBEDDING DIM, input length=MAX_ SEQUENCE_LENGTH))
model.add(LSTM(64))

model.add(Dense (24, activation='relu'))

model.add(Dense(1, activation="sigmoid"))

model.compile(loss="BinaryCrossentropy', optimizer="adam', metrics=["'accuracy'])
model . summary ()

ApXITEKTypa MiCTHUTh:

- Illap BOymoByBanHsi (Embedding), sikuii mepeTBOprO€ TEKCTOBI JaHi y
BEKTOPHE MPECTaBICHHS.

—~ LSTM-map (LSTM(64)) nnst 06poOKu OCTITOBHOCTI TOKCHIB.

~ TloBuo3B'si3uMit map (Dense(24)) i3 ¢pyHkmieto aktuBaiii ReLU.

— Buxiguuit map (Dense(l)) 13 cuUrMoOinHOI0O aKTHBalli€lO [ OlHApHOT
KJ1acuikarii.

MOI[CJIB HAB4Ya€THCA Ha HiI[FOTOBJ'IeHI/IX TCKCTOBHUX HOCJIiI[OBHOCTS[XZ
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Pe3ynbrar HaBuaHHS HaBeeHO y Tabuuui 3.1

with tf.device('/GPU:@"):
history = model.fit(X train, y train, validation_data=(X_val, y val),
epochs=1@, validation steps=30, verbose=1)

Tabnuus 3.1 - Pe3ynbraTi HaByaHHA 3a 10 enox

Enmoxa | Loss |Accuracy |Val Loss |Val Accuracy
1/10 {0.3352 | 85.82% | 0.1645 94.15%
2/10 |0.1636 | 94.14% | 0.1142 96.26%
3/10 |0.1126 | 96.06% | 0.0711 97.88%
4/10 10.0808 | 97.31% | 0.0510 98.46%
5/10 |0.0583 | 98.05% | 0.0466 98.63%
6/10 |0.0453 | 98.51% | 0.0273 99.26%
7/10 10.0373 | 98.77% | 0.0334 99.00%
8/10 [0.0306 | 98.98% | 0.0155 99.61%
9/10 10.0247 | 99.25% | 0.0134 99.63%
10/10 |0.0198 | 99.40% | 0.0129 99.67%

i pe3ynbpraTtu CBiAYaTh MPO BUCOKUM PIBEHB y3arajibHEHHS MOJEII.

I'padik (pucyHok 3.2) mokasye 3MiHy TOYHOCT1 MOJIeJIi B IPOIeCi HABYAHHS.

Training and Validation Accuracy Over Epochs

1.00r Training Accuracy - ’,_—'————"'—“*'
-m- Validation Accuracy ’._____..—-"’ ininl L
0.98 -
0.96 W
> 094} =
o
5
o 0.92
s
0.90
0.881
0.86
2 4 6 8 10
Epochs

Pucynok 3.2 - Jlunamika 3MIHM TOYHOCT1 MOJIEII M1 YaC HaBYaHHS.
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VY npomy migpo3aini Oyno po3misiHyTo apxitektypy LSTM-mopeni, mpouec ii
HABYAHHS Ta OLIHKY €(PeKTUBHOCTI. BUCOKI MOKa3HUKHA TOYHOCTI CBIIYATh MPO SAKICHE
y3arajbHEHHS HaBYaJbHOTO MaTepialy, L0 JO03BOJISIE€ YCIIIIHO Kiacu(dikyBaTH

BIITYKU HA MO3UTUBHI Ta HETaTUBHI.

3.5 Oninka sKocT1 Kiacudikaii

Ominka e(heKTUBHOCTI MOJIEN1 MPOBOAUTHLCS 3a JOMOMOTOI0 METPUKH TOYHOCTI
(accuracy), F1-mipu Ta Marpuili moMUIoOK. J{Jist movaTky OIIHIOETHCS TOYHICTh MOJIEII

Ha TeCTOBOMY HabOpi:

scores = model.evaluate(X test, y test, verbose=1)
print("Accuracy: %.2f%%" % (scores[1]*100))

Pe3ynpraru TecTyBaHHS TOKa3ajd, IO 3arajibHa TOYHICTH MOJIENI CKJIaJaae
90.28%, 1110 € BUCOKMM IMOKa3HUKOM JIJIsl 3aBJIaHHS Kjlacu]ikarlii BiTyKiB.
Marpuiis TOMHJIOK JO3BOJISIE OIIHUTH PO3IMOALUT MPABUIBHUX Ta TMTOMHUIKOBUX

nepeadayeHb:

# OTpumaHHA nepeabadeHb
y_pred = model.predict(X test)
y pred = (y _pred > 0.5).astype(int)

# Nobynoea mMaTpuul NOMUNOK

cm = confusion matrix(y test, y pred)

plt.figure(figsize=(6,5))

sns.heatmap(cm, annot=True, fmt='d', cmap="Blues’,
xticklabels=[ '"Negative', 'Positive’],
yticklabels=[ '"Negative', 'Positive’])

plt.xlabel( 'Predicted Label")

plt.ylabel( 'True Label")

plt.title( Confusion Matrix')

plt.show()

Marpunus noMwiok Tmokazajga (pucyHok 3.3), 0 MOAeNb MPaBUIBHO

kiacudikyBana 17 278 neraruBHux BiarykiB i1 17 036 nosutuBHux. BonHouac, BoHa
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MOMMJIKOBO KiacugikyBaia 1 722 MO3UTUBHMX BIATYKIB SIK HeratuBHl Ta 1 964

HETaTUBHHUX K ITO3UTHBHI.

Confusion Matrix
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- 2000
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Pucynok 3.3 - Marpums nommiok moaeni LSTM.

F1-mipa € Baxx1MBUM MTOKa3HUKOM JIJIS OIIIHKHY Kiachdikallii, OCKUIBKH BPaXxOBY€E
SIK TOYHICTH (precision), Tak i moBHOTY (recall):

print(classification report(y test,
y_pred,

target names=[ "Negative', 'Positive’']))
OTtpumani pe3ynsrat (pucyHOK 3.4):
— Precision: 90% ns HeratuBHEX Ta 91% U1 TO3UTUBHUX BIAT'YKIB.
- Recall: 91% nns neraruBaux Ta 90% 119 MO3UTUBHUX BiATYKIB.
- Fl-score: 90% mis 060X Ki1acis.
Ili 3HaueHHs cCBigYaTh MPO Te, IO MOACIHL Mae jao0pe 30aJaHCOBaHY

MPOAYKTUBHICTD JIJIsl Ki1acudikallli 000X KJIaciB.
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precision recall fl-score support

Negative 8.98 8.91 2.9 19088
Positive 8.91 B.90 B.98 19088
accuracy B8.98 38088
macro avg 8.96 B.9 e.98 38008
weighted avg B.98 .96 0.99 38000

Pucynok 3.4 - Tloka3HUKH TOYHOCTI, TOBHOTHU Ta F1-Mipu 17151 KOKHOTO Kiacy.

Orinka e(heKTUBHOCTI MOJICITI TTOKa3alia, 1110 BOHA JICMOHCTPYE BUCOKY TOUHICTh
(90.28%). Matpunsg nommiiok ta F1-mipa miaTBepauiu, mo Mojesib J00pe po3ii3Hae
K TIO3UTHBHI, TaK 1 HETraTUBHI BIATYKW. Bi3dyamizamis HaBYaJbHOTO IMPOILECY
JI03BOJIMJIA OLIIHUTH CTaOLIBHICTD Ta y3araJbHIOIOUY 3/JaTHICTh MOJIEI.

J1Jist OLIHKY MPOIYKTUBHOCTI Mojieli Oyno Bukopuctano 30 peajabHUX BIATYKIB,
3 SIKUX MOJIeJIb MPaBWIbHO KiacudikyBana 28, 1o Bianosigae TouHocTi 93.33%. Lle
CBIIYUTHh TMPO BHUCOKY €(PEKTUBHICT, AJTOPUTMY Y 3aBIaHHI pO3IMi3HABAHHS
TOHAJILHOCTI TEKCTY.

PesynbraTi TecTyBaHHS TMOKa3aiH, IO MOJAEIb KOPEKTHO pO3IMI3HAE SK
MO3WUTHUBHI, TaK 1 HETaTUBHI BiATykKW. Hampukian, ofuH 13 HETaTUBHUX BIITYKIB IIPO
SAKICTb TKi, B SKOMY KOPHUCTYBad BHCJIOBIIOE€ pPO3YapyBaHHsS Yepe3 HECBIKICTH
NPOAYKTIB, OyB IPaBMWIHHO BIIHECEHUH JI0 KJIacy HEraTUBHUX. 3 1HIIOTO OOKY, BIATYK
PO pECTOpaH, /i€ KOPUCTYBad OIKCYE MPUEMHY arMocdepy Ta cMayHy iky, OyB
YCHINIHO BiIHECEHUH 10 TO3UTUBHOTO KJIACY.

He3Bakaroun Ha BUCOKY TOUHICTb, Y TECTOBIM BUOIpIIi 3ad)iKCOBaH1 JIBa BUIAIKH
HempaBwibHOI Kiacudikamii. OnuH 13 HETaTHBHUX BIATYKIB, y SAKOMY KOPHUCTYBad
KPUTHUKYE 00CIIyTOBYyBaHHS, ajieé B HEUTPaTbHOMY TOH1, OyB TOMHIIKOBO BIIHECEHUH 110
MO3UTUBHOTO KJ1acy. TakoX OAMH MO3UTUBHUHN BIATYK MPO SKICTh 00CITyrOBYBaHHS OyB
BH3HAUYCHUH sIK HeraruBHUU. Lle cBimUmMThH mpo Te, M0 MOJETb 1HOAI MOXE HEBIPHO
TPaKTyBaTH 3MICT TIOBIIOMIICHHS YePe3 CKIIAIHY CTPYKTYPY TEKCTY UM BUKOPUCTAHHS
capKasMy.

AHali3 OTpUMaHMX METPUK JO03BOJISIE 3pOOMTH BHUCHOBOK, W10 MOJEIb

JIEMOHCTPY€E CTaOUIbHY Ta HAIIMHY MPONTYKTUBHICTH:
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— Tounictb: 93.33%

— IlpaBunbH1 nependauenns: 28 3 30

— IlomuinkoBi nependavenss: 2 3 30

Otpumani pe3yabTaTd CBiIYaTh MPO 3AATHICTh MOEN1 YCHIIIHO PO3PIZHITH
MO3UTUBHI Ta HEraTuBHI BIATYKM Yy OUIbIIOCTI BUMNaAKiB. OCHOBHUHM aHali3
MpEICTaBIeHO Ha IMIECTH BIATYKaX, fKI HaWKpalle UIIOCTPYIOTh MpaBUJIbHI Ta

MTOMUJIKOBI NTepe10aueHHs] MOZEIIL.

Bigryk 1: Hmmm....I must of have hit them on a very good day, because we thought the food wa
s really good! We were there between lunch and dinner, so no sloppy drunks arcund. Ok, so we
only had the appetizer platter, but everything on it was delicious and had some unique taste
5. They make their own tortillas and you could really tell the difference in flavor and text
ure. Yes, everything was overpriced, but that seems to be the norm now for Vegas. Oh yeah, t
he mango margarita was mucho bueno!

Cnpaexdiid knac: 1, Mepenbadenuid knac: @

Biaryk 2: Excellent service. The food was ok fr me. Order the mussels appetizer& chicken win
gs. We accidentally spilled some drinks & they were all collectively attentive/ replacing ev
erything rt away.\nThe salmon tasted fresh but the deluxe tray that we got was just ok. They
had an awesome kids selection too, this is not common for japanese restaurants. The servers
were great but the hosts up front seemed like the both didnt wan2 be there. Came fr the vale
ntines dinner thing & they were packed.. As xpected. The prices were awesome! Would have pai
d double elsewhere. I will come back again fr surel!

CnpaexHii knac: 1, Mepenbaqenmit knac: 1

Bigryk 3: Do not go here for late night dinner hours. They stay open until 1lpm on Fridays a
nd Saturdays however, I went around 18:15pm, and by then they had stopped making any type of
fresh food. \nThe beans were being scraped from the bottom of the tin and there was little
to no guacamole; so the worker pulled a tin of turned-brown guacamole from the fridge storag
e and tried to scrape the brown part off the top and mix it with what was left and then adde
d a little salsa for some sort of half-assed leftovers. By the time I'd seen the \"guacamole
\" she was going to give me I was about ready to leave but just declined it altogether. (And
they still had 45 minutes of service left.) \n\nDear Cafe Rio, \nDon't stay open late if you
can't serve your customers the same as if they had been there at Spm (which I have several t
imes before). My late night meal was not \"a masterpiece.\"\n\nI'll be going to Zaba's or Ch
ipotle for a freshly made late night dinner from now on.

CnpaexHiii knac: @, MNepenbaqvenmit knac: @

Bigryk 4: Seriously? My burger tasted like a frozen pre formed patty from Costce and the \"b
rioche\" bun was mealy. The fries were an even bigger disappointment. The ends of them had r
otten spots on them and I could not even remotely taste any truffle flavor. All of this can
be yours for $3@ per person! It makes me want to go to my local burger place where I spend
$8 for total deliciousness and real truffle fries and give them a $22 tip for doing it righ
t.

CnpaexHiii knac: @, MNepepnbayvenuii knac: @
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Biaryk 5: I found them on Yelp and I'm so glad I did. I needed a new garage door. They came
out and gave me a quote and the next day boom I have a new garage door. They were so fast at
installing it, pretty awesome! Highly recommended!

CnpaexHiin knac: 1, MNepeabadenumid knac: 1

Biaryk 6: This parking garage is conveniently located and clean. I'm giving it a 1 star rat
ing for the employees. My wife and I went to 7th Street Public Market and the ticket valida
tor wasn't working so on our way out we told the lady running the booth that it wouldn't sca
n our ticket. She sent someone down to check it out. He came back, anger in his face, and

yelled through the window poking his finger against the ticket before shoving it back at he

r. He had gotten it to work. She then proceeded to tell us that we should have asked someo
ne there to help (as in a shop employee) and not them (the parking garage people). She also
made it a point to tell us that when he tried it, it worked after the first try, as if we ha
dn't tried it at all. The guy was no doubt irritated that someone asked him to stop loungin
g on his cart, staring at the sky, and do something. She was obviously irritated that we di
dn't ask someone baking bread or making lattes to service the validator machine. After we p
ointed out that he was being so rude, she squeaked out a half-hearted apology and still made
it a point to reprimand us for asking for their assistance.\n\nI can't say I'll never park h
ere again since it is a convenient lot (although extremely expensive if not shopping at the

market) but I do hope to not have another uproar like this again, especially over something

so simple.

CnpaexHiid knac: @, MNepenbaqenwin knac: B

OpHak a7 TOKpAIIEHHS TOYHOCTI MOXJIMBO BapTO PO3MISIHYTH JOJATKOBI
MeTOJI OOPOOKH TEKCTY, TaKl SIK BpaXyBaHHsS KOHTEKCTY a00 BUSIBIICHHS CapKa3my.
[loBHU# cniucok aHami30BaHUX BIATYKIB HaBeneHo y Jlomarky b, mo mo3Bomsie

JeTaJIbHIIIE OIIHUTH MOBEAIHKY MOJIEI1 Ha peabHUX JIaHHX.
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BHUCHOBKUA

VYV X0l BHUKOHaHHS JAOCHIJKEHHS OyJl0 JOCSITHYTO IIOCTaBIE€HOI METH —
PO3pOOJIEHO Ta OIIHEHO €(PEKTUBHICTh MOIYNSI BUZHAYEHHS MOJIAPHOCTI BIATYKIB Ha
miardopmi Yelp i3 Bukopuctanasim LSTM-mepexi.

1. Ilix yac ananizy npeaMeTHOi 00yacTi Oyiau PO3IJISTHYTI OCHOBHI MIAXOIU J0
aHaJli3y TOHAJIBHOCTI TEKCTIB, BKJIOYAIOYM JIEKCUKOHHI METOJY, METOIM Ha OCHOBI
NIPaBWJI Ta MAIITUHHOTO HABYAaHHS. BysI0 BCTAHOBIJICHO, IO TPAAUIIIHHI aJITOPUTMH, TaKi
ak HaiBHul bailec abo SVM, moctynaioTbCs 3a TOYHICTIO TIMOOKUM HEWPOHHHUM
Mepexam, K1 J03BOJISIOTh €PEKTUBHO OOPOOISATH TEKCTOBI MOCII1IOBHOCTI.

2. Mocmimkenus apxitektypu LSTM-Mepexx MponeMOHCTpyBasio, 1[0 BOHU €
ONTUMAJIBHUM BHOOPOM JjIsi pOOOTH 3 TEKCTOBUMH JIAHUMHM 3aBJISIKH CBOIl 31aTHOCTI
30epiraTu KOHTEKCT Ta BPaxOBYBAaTH JOBrOTPUBAJIl 3aJEKHOCTI MK ciioBaMu. byno
PO3p0o0JIEHO apXITEKTypy MOAYIS aHali3y MOJSPHOCTI BIITYKIB, IO BKJIFOUAE €Tau
nepeao0poOKH TeKCTiB, IX TOKEHI3all1l, BEKTOpHU3aIlii Ta moaanbioro Hapdanas LSTM-
MOENI.

3. Anroput™m 300py, TIATOTOBKKM Ta OOpPOOKH JaHUX peaji30BaHO MIISTXOM
ABTOMATH30BAaHOTO OYHMIIEHHS TEKCTIB, BHMIAJIEHHS CTOII-CJIIB, JIeMaru3alii Ta
KOJyBaHHS B YHCJIOBI ToOcCHimoBHOCTI. HapuanHs Mopeni BigOyBasiocsi Ha HaOopi
nanux, mo mictuth 50000 BiAryKiB, IO 3a0€3MEUMIIO TOCTATHIO TeHepasizaliio Ta
BHUCOKY SIKICTb Iepe10avCHb.

4. HanamryBanas mnapametrpiB LSTM-mepexi M03BONMMIO JOCATTH TOYHOCTI
knacudikamii 90.28% na TecroBomy Habopi. 3naueHHs Fl-mipu cxmamno 0.91, mo
CBIIYUTHh TIPO BHCOKY 30aJaHCOBaHICTh MIDK TOUYHICTIO (precision) Ta MOBHOTOIO
(recall). IlopiBHSHHS 3 IHIIMMHU METOJAMH aHAJ3y TOHAIBHOCTI ITOKa3aio, o LSTM-
MOJIETTh TIEPEBEPIITYE TPATUITINHI MIIXOIH 32 PaXyHOK MITUOIIOTO PO3YMiHHS KOHTEKCTY
TEKCTY.

TakuMm 9MHOM, 3aMPONOHOBAHWNA MOAYNH aHANI3y MOJSIPHOCTI BIATYKIB Ha
ocHOBI LSTM-mepexi mMoxke OyTH BUKOPUCTAHHMM MJi1 aBTOMATHU30BAHOIO aHAII3y

BIITYKIB Ha miatrgopMax, Takux sik Yelp.
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[Tomanpuii KocaiAXEeHHSI MOXKYTh OyTH CIIPSMOBaHI Ha MOKpPAIEHHS MOAEII
3a paxXyHOK BUKOPUCTaHHS TpaHC(OpMEpHHUX apXITeKTyp, Takux Ak BERT, a Takox Ha
PO3LIMPEHHS 3aCTOCYBAaHHSI aHaJI3y TOHAJIBHOCTI JJisi 0araTOMOBHUX TEKCTOBUX

KOpPITYCIB.
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Honatox A
IIporpamuuit kox

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T14:47:55.274650Z","iopub.execute input":"2025-03-

22T14:47:55.274948Z" "iopub.status.idle":"2025-03-
22T14:48:21.716041Z","shell.execute reply.started":"2025-03-
22T14:47:55.274849Z","shell.execute_reply":"2025-03-22T14:48:21.715280Z2"} }
Ipip install contractions

Ipip install textsearch

Ipip install tqdm

import nltk

nltk.download("punkt')

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T14:48:21.718213Z","iopub.execute input":"2025-03-
22T14:48:21.718832Z","iopub.status.idle":"2025-03-
22T14:48:26.895987Z","shell.execute reply.started":"2025-03-
22T14:48:21.718786Z","shell.execute reply":"2025-03-22T14:48:26.8952477"} }
#Tensorflow and Keras and sklearn

import tensorflow as tf

import pandas as pd

import numpy as np

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Dense

from tensorflow.keras.layers import Dropout

from tensorflow.keras.layers import Flatten

from tensorflow.keras.layers import ConvlD

from tensorflow.keras.layers import MaxPooling1 D

from tensorflow.keras.layers import Embedding

from tensorflow.keras.layers import LSTM

from tensorflow.keras.preprocessing.text import Tokenizer
from tensorflow.keras.preprocessing import sequence

from sklearn.preprocessing import LabelEncoder

#Charts
from sklearn import metrics

from sklearn.metrics import fl_score, accuracy score,confusion matrix,classification_report

import matplotlib.pyplot as plt
import seaborn as sns

# Time
import time
import datetime

#Performance Plot

import contractions

from bs4 import BeautifulSoup
import numpy as np

import re

import tqdm

import unicodedata
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%matplotlib inline

# fix random seed for reproducibility
seed = 3541
np.random.seed(seed)

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T14:48:26.897136Z","iopub.execute_input":"2025-03-
22T14:48:26.897845Z","iopub.status.idle":"2025-03-
22T14:48:26.909189Z","shell.execute reply.started":"2025-03-
22T14:48:26.897806Z","shell.execute reply":"2025-03-22T14:48:26.908648Z"} }
import matplotlib.pyplot as plt

import plotly.graph objects as go

def plot_graphs(history, metric):
fig = go.Figure()

fig.add_trace(go.Scatter(
y=history.history[ metric],
mode="lines',
name=metric

)

fig.add_trace(go.Scatter(
y=history.history['val '+ metric],
mode="lines’,
name='val '+ metric

)

fig.update layout(
title=f'{metric} over Epochs',
xaxis_title='"Epochs',
yaxis_title=metric,
legend title="Legend'

)

fig.show()

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T14:48:26.910067Z","iopub.execute input":"2025-03-
22T14:48:26.910250Z","iopub.status.idle":"2025-03-
22T14:48:26.915099Z","shell.execute reply.started":"2025-03-
22T14:48:26.910228Z","shell.execute reply":"2025-03-22T14:48:26.9143277"} }
# date_time function

def date_time(x):
if x==1:
return "Timestamp: {:%Y-%m-%d %H:%M:%S}'.format(datetime.datetime.now())
if x==2:
return "Timestamp: {:%Y-%b-%d %H:%M:%S}'.format(datetime.datetime.now())
if x==3:
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return 'Date now: %s' % datetime.datetime.now()
if x==4:
return 'Date today: %s' % datetime.date.today()

# %% [code] {"execution": {"iopub.status.busy":"2025-03-
22T14:48:26.916253Z","iopub.execute input":"2025-03-
22T14:48:26.916477Z","iopub.status.idle":"2025-03-
22T14:48:26.949565Z","shell.execute reply.started":"2025-03-
22T14:48:26.916454Z","shell.execute reply":"2025-03-22T14:48:26.9490587"} }
# Performance Plot

from plotly.subplots import make subplots

def plot_performance(history=None, figure directory=None, ylim pad=[0, 0]):
xlabel = "Epoch’
legends = ['Training', 'Validation']

# Accuracy data

yl_acc = history.history['accuracy']

y2_acc = history.history['val accuracy']

min_y acc = min(min(yl_acc), min(y2_acc)) - ylim_pad[0]
max_y acc = max(max(yl acc), max(y2 acc)) + ylim pad[0]

# Loss data

yl _loss = history.history['loss']

y2_loss = history.history['val loss']

min_y loss = min(min(y1 loss), min(y2 loss)) - ylim pad[1]
max_y loss = max(max(yl loss), max(y2 loss)) + ylim pad[1]

# Create subplots
fig = make subplots(rows=1, cols=2, subplot _titles=('"Model Accuracy', 'Model Loss'))

# Add accuracy traces
fig.add_trace(go.Scatter(
y=yl acc,
mode="lines’,
name="Training Accuracy'
), row=1, col=1)

fig.add _trace(go.Scatter(
y=y2_acc,
mode="lines’,
name="'Validation Accuracy'
), row=1, col=1)

# Add loss traces
fig.add_trace(go.Scatter(
y=yl loss,
mode="lines’,
name='"Training Loss'
), row=1, col=2)

fig.add_trace(go.Scatter(
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y=y2_loss,

mode="lines’,

name="'Validation Loss'
), row=1, col=2)

# Update axis titles and range
fig.update xaxes(title text=xlabel, row=1, col=1)
fig.update yaxes(title text='Accuracy', range=[min_y acc, max_ y_acc], row=I, col=1)

fig.update xaxes(title text=xlabel, row=1, col=2)
fig.update yaxes(title text='"Loss', range=[min_y loss, max_y loss], row=1, col=2)

# Update layout
fig.update layout(
title text="Model Performance Over Epochs',
title font size=20,
legend title text='Legend',
legend=dict(
x=0.5,
y=-0.1,
traceorder=normal’,
font=dict(size=12),
orientation="h',
)s
height=500,
width=1200,
)

if figure directory:
fig.write_image(figure directory + "/history.png")

fig.show()

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T14:48:26.950368Z","iopub.execute input":"2025-03-
22T14:48:26.950544Z" " iopub.status.idle":"2025-03-
22T14:48:26.956936Z","shell.execute_reply.started":"2025-03-
22T14:48:26.950523Z","shell.execute _reply":"2025-03-22T14:48:26.9561757"} }
# Pre-Processing Function

defstrip_html tags(text):
soup = BeautifulSoup(text, "html.parser")
[s.extract() for s in soup(['iframe', 'script'])]
stripped_text = soup.get_text()
stripped _text = re.sub(r'[\r|\n]\r\n]+', \n', stripped_text)
return stripped_text

defremove accented chars(text):
text = unicodedata.normalize('NFKD', text).encode('ascii', 'ignore').decode('utf-8', 'ignore')
return text

def'pre process_corpus(docs):
norm_docs =[]
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for doc in tqdm.tqdm(docs):
doc =strip_html tags(doc)
doc = doc.translate(doc.maketrans("\n\t\r", " "))
doc = doc.lower()
doc =remove accented chars(doc)
doc = contractions.fix(doc)
# lower case and remove special characters\whitespaces
doc =re.sub(r'["a-zA-Z0-9\s]'", ", doc, re.Ire.A)
doc =re.sub(' +, ', doc)
doc = doc.strip()
norm_docs.append(doc)

return norm_docs

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T14:48:26.958665Z","iopub.execute input":"2025-03-
22T14:48:26.958845Z","iopub.status.idle":"2025-03-
22T14:48:35.850204Z","shell.execute reply.started":"2025-03-
22T14:48:26.9588247","shell.execute reply":"2025-03-22T14:48:35.8496347"} }
dataset train = pd.read_csv('../input/yelp-reviews-for-sentianalysis-binary-np-
csv/yelp _review sa binary csv/train.csv')

dataset test = pd.read_csv('../input/yelp-reviews-for-sentianalysis-binary-np-

csv/yelp _review sa binary csv/test.csv')

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T14:48:35.851109Z","iopub.execute _input":"2025-03-
22T14:48:35.851332Z","iopub.status.idle":"2025-03-
22T14:48:35.996850Z","shell.execute reply.started":"2025-03-
22T14:48:35.851296Z","shell.execute reply":"2025-03-22T14:48:35.996276Z"} }
train = dataset_train.sample(frac=1)

test = dataset test.sample(frac=1)

# Taking only a small peice of the dataset to avoid long training time
test = dataset test.iloc[:38000,:]

val = dataset_train.iloc[:50000,:]

train = dataset_train.iloc[50000:,:]

train = dataset_train.iloc[:50000,:]

# Splitting data to train and validation sets manually, only including neccessary columns

X train = train['review_text'].values
y_train = train['class_index'].values

X val = val['review_text'].values
y_val = val['class_index'].values

X test = test['review_text'].values
y_test = test['class_index'].values

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T14:48:35.997949Z7","iopub.execute_input":"2025-03-
22T14:48:35.998237Z","iopub.status.idle":"2025-03-
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22T14:49:05.465614Z","shell.execute reply.started":"2025-03-
22T14:48:35.998209Z","shell.execute_reply":"2025-03-22T14:49:05.4648227"} }
%%time

#Pre-processing the Data (the Reviews)

X _train = pre_process_corpus(X_train)
X val =pre process_corpus(X val)
X test = pre_process_corpus(X_test)

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T14:49:05.466569Z","iopub.execute_input":"2025-03-
22T14:49:05.466741Z","iopub.status.idle":"2025-03-
22T14:49:09.430113Z","shell.execute reply.started":"2025-03-
22T14:49:05.466719Z","shell.execute reply":"2025-03-22T14:49:09.4294337"} }
t = Tokenizer(oov_token='<UNK>")

# fit the tokenizer on train documents

t.fit on texts(X train)

t.word _index['<PAD>'] =0

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T14:49:09.431039Z","iopub.execute input":"2025-03-
22T14:49:09.431247Z","iopub.status.idle":"2025-03-
22T14:49:16.793136Z","shell.execute reply.started":"2025-03-
22T14:49:09.431221Z7","shell.execute reply":"2025-03-22T14:49:16.7925657"} }
# Transforming Reviews to Sequences

X train = t.texts to sequences(X train)
X test =t.texts to_sequences(X test)
X val =t.texts to_sequences(X val)

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T14:49:16.794241Z","iopub.execute input":"2025-03-
22T14:49:16.794511Z","iopub.status.idle":"2025-03-
22T14:49:16.800805Z","shell.execute reply.started":"2025-03-
22T14:49:16.794477Z","shell.execute reply":"2025-03-22T14:49:16.799979Z"} }
# Calculating the Vocabulary Size and the number of Reviews

print("Vocabulary size={}".format(len(t.word _index)))
print("Number of Reviews={}".format(t.document count))

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T14:49:16.801751Z","iopub.execute input":"2025-03-
22T14:49:16.801990Z","iopub.status.idle":"2025-03-
22T14:49:17.481750Z","shell.execute reply.started":"2025-03-
22T14:49:16.801963Z","shell.execute reply":"2025-03-22T14:49:17.481030Z"} }
# Plotting the size of the sequences

import matplotlib.pyplot as plt
%matplotlib inline

train_lens = [len(s) for s in X_train]
test_lens = [len(s) for s in X_test]
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# Create subplots

fig = make subplots(rows=1, cols=2, subplot_titles=('Training Sequence Lengths', 'Testing

Sequence Lengths'))

# Add histogram for training sequence lengths
fig.add trace(go.Histogram(

x=train_lens,

nbinsx=20,

name='"Training Lengths',

marker color="blue’'
), row=1, col=1)

# Add histogram for testing sequence lengths
fig.add_trace(go.Histogram(

x=test_lens,

nbinsx=20,

name='Testing Lengths',

marker color='green'
), row=1, col=2)

# Update layout
fig.update layout(
title_text="Histogram of Sequence Lengths in Training and Testing Datasets',
title font size=20,
xaxis_title text="Sequence Length',
yaxis_title text='"Count',
showlegend=False,
height=600,
width=1200,
)

# Show plot
fig.show()

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T14:49:17.482726Z","iopub.execute input":"2025-03-
22T14:49:17.482893Z","iopub.status.idle":"2025-03-
22T14:49:18.728473Z","shell.execute_reply.started":"2025-03-
22T14:49:17.4828727","shell.execute _reply":"2025-03-22T14:49:18.727896Z7"} }
X train = sequence.pad_sequences(X _train, maxlen=800)

X test = sequence.pad_sequences(X _test, maxlen=800)

X val = sequence.pad_sequences(X_val, maxlen=800)

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T14:49:18.729642Z","iopub.execute _input":"2025-03-
22T14:49:18.729893Z","iopub.status.idle":"2025-03-
22T14:49:18.739102Z","shell.execute_reply.started":"2025-03-
22T14:49:18.729856Z","shell.execute reply":"2025-03-22T14:49:18.738581Z"}}
le = LabelEncoder()

num_classes=2 # positive -> 1, negative -> 0

y_train = le.fit_transform(y_train)
y_test = le.transform(y_test)
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y_val = le.transform(y_val)

# %% [code] {"execution": {"iopub.status.busy":"2025-03-
22T14:49:18.739904Z","iopub.execute input":"2025-03-
22T14:49:18.740079Z","iopub.status.idle":"2025-03-
22T14:49:18.747701Z","shell.execute reply.started":"2025-03-
22T14:49:18.740057Z","shell.execute_reply":"2025-03-22T14:49:18.74702472"} }
EMBEDDING DIM =300

MAX SEQUENCE LENGTH = 800

VOCAB_SIZE = len(t.word_index)

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T14:49:18.748606Z","iopub.execute input":"2025-03-
22T14:49:18.748813Z","iopub.status.idle":"2025-03-
22T14:49:21.901379Z","shell.execute reply.started":"2025-03-
22T14:49:18.748790Z","shell.execute reply":"2025-03-22T14:49:21.900699Z"} }
model = Sequential()

model.add(Embedding(VOCAB_SIZE, EMBEDDING DIM,
input_length=MAX_SEQUENCE LENGTH))

model.add(LSTM(64))
model.add(Dense(24, activation="relu'"))
model.add(Dense(1, activation="sigmoid'))

model.compile(loss='BinaryCrossentropy’,
optimizer=tf.keras.optimizers.Adam(1e-4),
metrics=['accuracy'])

model.summary()

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T14:49:21.902672Z","iopub.execute input":"2025-03-
22T14:49:21.903219Z","iopub.status.idle":"2025-03-
22T15:00:27.125676Z","shell.execute_reply.started":"2025-03-
22T14:49:21.903180Z","shell.execute _reply":"2025-03-22T15:00:27.1250247"} }
with tf.device('/GPU:0"):

historyl = model.fit(X train, y train,validation data=(X val,y val), epochs=10,
validation_steps=30, verbose=1)

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T15:00:27.126956Z","iopub.execute _input":"2025-03-
22T15:00:27.127170Z","iopub.status.idle":"2025-03-
22T15:00:27.189841Z","shell.execute reply.started":"2025-03-
22T15:00:27.127145Z","shell.execute reply":"2025-03-22T15:00:27.188919Z"} }
plot_performance(history=historyl)

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T15:00:27.191032Z","iopub.execute _input":"2025-03-
22T15:00:27.191578Z","iopub.status.idle":"2025-03-
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22T15:00:42.990686Z","shell.execute reply.started":"2025-03-
22T15:00:27.191539Z","shell.execute _reply":"2025-03-22T15:00:42.9899627"} }
scores = model.evaluate(X_test, y test, verbose=1)

print("Accuracy: %.2%%" % (scores[1]*100))

# %% [code] {"execution": {"iopub.status.busy":"2025-03-
22T15:00:42.991786Z","iopub.execute input":"2025-03-
22T15:00:42.992048Z","iopub.status.idle":"2025-03-
22T15:00:43.915507Z","shell.execute reply.started":"2025-03-
22T15:00:42.992013Z","shell.execute_reply":"2025-03-22T15:00:43.914858Z2"} }
model.save("Yelp Reviews LSTM.hS')

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T15:24:36.711753Z","iopub.execute input":"2025-03-
22T15:24:36.712507Z","iopub.status.idle":"2025-03-
22T15:24:50.853373Z","shell.execute reply.started":"2025-03-
22T15:24:36.712471Z","shell.execute reply":"2025-03-22T15:24:50.852667Z"} }
from sklearn.metrics import confusion_matrix

import seaborn as sns

import matplotlib.pyplot as plt

# OTpuMmaHHA nepeabayeHb
y_pred = model.predict(X test)

y_pred = (y_pred > 0.5).astype(int)

# MobynoBa maTpuLi NOMUIOK

cm = confusion matrix(y test, y pred)

plt.figure(figsize=(6,5))

sns.heatmap(cm, annot=True, fmt='d', cmap="Blues', xticklabels=['Negative', 'Positive'],
yticklabels=['Negative', 'Positive'])

plt.xlabel('Predicted Label')

plt.ylabel('True Label")

plt.title('Confusion Matrix')

plt.show()

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T15:25:09.105974Z","iopub.execute input":"2025-03-
22T15:25:09.106732Z","iopub.status.idle":"2025-03-
22T15:25:09.175217Z","shell.execute_reply.started":"2025-03-
22T15:25:09.106695Z","shell.execute_reply":"2025-03-22T15:25:09.1744747"} }
from sklearn.metrics import classification_report

print(classification _report(y_test, y pred, target names=['Negative', 'Positive']))
# %% [code]

# %% [code] {"execution":{"iopub.status.busy":"2025-03-
22T15:19:38.821176Z","iopub.execute input":"2025-03-
22T15:19:38.821845Z","iopub.status.idle":"2025-03-

22T15:19:38.886606Z","shell.execute_reply.started":"2025-03-
22T15:19:38.821810Z","shell.execute _reply":"2025-03-22T15:19:38.885881Z2"} }
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# TectyBaHHA Mmogeni Ha 30 eksemnasapax

sample test indices = np.random.choice(len(X_test), 30, replace=False)
X sample test texts = test.iloc[sample test indices]['review text'].values
y_sample test =y test[sample test indices]

X sample test = X test[sample test indices]
predictions = model.predict(X_sample test)
predicted labels = (predictions > 0.5).astype(int)

for 1 in range(30):
print(f"Bigryk {i+1}: {X sample test texts[i]}")
print(f'CnpasxHilt knac: {y_sample test[i]}, MepenbayeHunit knac: {predicted labels[i][0]}\n")

accuracy = accuracy_score(y_sample test, predicted labels)
print(f"TouHictb mogeni Ha 30 eksemnnapax: {accuracy * 100:.2f}%")
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Jonarok b

[Ipuknanu peanizaiii

Biaryk 7: Found this place last night on bringfido.com, I was in the area and had my dog wit
h me so needed a place that was pet friendly. The ONLY good thing about this place was the 1
arge pet friendly patio area.\nke sat for a long time before even being acknowledged. In the
dozen times a server walked by, not a single \"be right with you\"\nNo drink refills‘\nAfter
asking for a box, she began to place other customers dirty plates on top of my boyfriends pl
ate making a comment like \"if you say you didn't like it I can take it off your bill.\" I h
ad to stop her from laying dirty dishes on our food and explained that we would be taking th
e food home if she brought a box. \n\nI could go on and on but will sum it up like this: \n
‘nTerrible service, possibly worst ever.\n\nThe food was so-so.\n\nWon't be back.

CnpaexHiid knac: @, MNepenbaqenmit knac: B

Biaryk 8: Just Okay.\n\nThe place itself is nice inside. The staff were not all that intere
sted in helping us. The prices were in line with what we expected and the food was fine.\n

“nWhat hurts Tusca is that other, better Tapas places are nearby. Also the clientele at Tus
ca seemed to be mainly female late 38's to 48's who were there to hunt for younger upwardly

mobile young men. Maybe this was just the few times I was there.

CnpaexHiin knac: @, MNepeabadenmii knac: @

Biaryk 9: Food is good for the price. The place is pretty big with lots of big family table.
The lunch menu starts off at 5 dollars ! Very good service for Chinatown!!!! T ordered prese
rved vegetables with intestines and ma po tofu. Both very authentic! I always take my family
here!

Cnpaexniin knac: 1, MNepegbaqenmit knac: 1

Biaryk 18: I paid $13 for a less than six inch sandwich with a bit of cold lobster clumps an
d two tiny slices of avocado in the middle. The whole thing was super greasy and the lobster
mixture tasted wvery creamy. Not worth the money. I'm very disappointed at this item and this
truck.

CnpaexHiin knac: @, Mepegbaqennit wnac: B

Biaryk 11: What a gem. LOVE this place. I daydream about the Manchow soup. Everything I have
n tried is fantastic. I like that you choose the level of spice you want- from mild to extra
spicy with pretty much every meal. It has a large and diverse menu and I have yet to try som
ething I didn't like. The guy that runs it is very knowledgeable and great with suggestions.
Once you try it- you'll be hooked forever.

Cnpaexuii knac: 1, MNepeabavennit knac: 1

Biaryk 12: You can't beat Argyll Place for fruit and veg shops. Walking up this small stree
t, it's impossible to ignore the profusion of colourful goods arrayed on the pavement, and I
swear you won't find cheaper produce anywhere else in the city.\n\nMy favourite of these sho
ps is Nadia's, although until recently I didn't even know its name - I just knew it as \"the
one nearest the top,\" or \"the one that has the discount bucket.\" 1It's not especially dif
ferent from the other two or three, but I like it because I got to know the staff a little h
ere, who are always impeccably polite, and because they always have such a good range of dec
ent guality produce, from basics such as onions and potatoes to more exotic seasonal offerin
gs such as fresh figs or mangoes.\n\nLike anywhere that sells loose produce, it's important
to look over what you buy and pick out the best/ripest/firmest of whatever it is you're buyi
ng, but in general nothing here is in dodgy condition, and, if you live in the area, it's a
great place to pick up ingredients for dinner on your way home.

Cnpaexuiin knac: 1, MNepeabavenwnit knac: 1
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Bigryk 13: Was just in there, solo, to chill out, eat some pizza, drink some wine and hang o
ut. \n\nRandom drunk dude (at 8:38pm) approaches me and asks me if I want a shot of Jack (n
0). Proceeds to harass me about my haircut and ask me if I know his homeless buddy who, als
o, is from Seattle. \n\nThen he asks me if I have a problem with him? ‘\n\nPizza to go pleas
el\n\nI called the bartender after I left and told him he had a problem on his hands with th
at guy and he seemed receptive but, honestly, he should have sniffed that problem out right
away.\n\nShit shouldn't get that weird in a place like that. There were families in there an
d I'm sure they weren't looking for a guy like that around them. “n\nFull disclosure; I like
to party and I do like to drink and be inappropriate... a lot. Just not in someplace like th
at. Ain't nobody got time for that when there are kids around.\n\nPizza was OK out of a box
at home. Drank a beer and jumped in the pool.

CnpaexHii knac: 8, MNepenbaqeduit knac: @

Bigryk 14: Pros: cool building, nice view of the brewing equipment\n\nCons: beer is medioc
re at best.. Tastes watered down, food is way overpriced, and the shrimp mousse appetizer th
ing is horrendous... I mean disgusting. The chefs creations remind me of the crap I see on
Gordon Ramsays kitchen nightmares where the chef gets excited with weird flavor combinations
that don't jive... Plus bizarre glasses and food holders that are just annoying. ‘\n\nI will
not return. There's no value here.

CnpaexHii knac: @, Nepenbaqennit knac: @

Biaryk 15: I came to the egg and I in Las Vegas because I had been previously to the egg and
I in Estes Park, Co. They didn't have the same menu items as they do in CO but everything wa
s just as good. I ordered a breakfast skillet with potatoes and chili. The skillet was wvery

good, I loved it. My wife had the breakfast burrito and she also loved it. The potatoes are

seasoned with paprika and other ingredients and are very good, but I prefer the CO potatoes.
The only thing that I didn't like about this place is that they don't use the egg and I bran
d hot sauce.

CnpaexHiii knac: 1, Mepenbavenwid knac: 1

Biaryk 16: I went to check it out after my workout at LVAC store was extremely hot and uncom
fortable inside. Poor customer service did not seem interested in helping me. Selection poo
r and price high . Definitely not worth checking out !!!

Cnpaexnilidi knac: @, Mepeabavenwid knac: @

Biaryk 17: Food is horrible. MNobody in my party enjoyed their sandwich. The floor was greas
y. The menu was wet and sticky.
CnpaexHiii knac: @, Mepegbavenwid knac: @

Biaryk 18: Have been dying to try this kosher place for some time.\nWent tonight and ordered
a large 3 cheese pizza. O M G american cheese???\nl asked also for baked ziti and the lady
said her ziti can't keep for a week so they don't make it.\nAre you kidding me?\nIt was 19.8
® with a drink.\nI put the pizza in the trunk and went to La Bella

CnpaexHiin knac: 8, Mepegbavennin knac: 1

Biaryk 19: My LG Front Load washer got clogged up when my house cleaner washed the bath rug

s. Never a problem in the past, however this time the backing disintegrated inside the machi
ne - for everyone out there, this is a major DON'T - and the rubber backing clogged everythi
ng and I mean EVERYTHING up. The entire washer had to be taken apart and carefully washed ou
t, hoses cleared and then put back together.\n\nLeonard is friendly and knowledgable. He als
o replaced the ignitor mechanism on my gas stove, and now everything is back to normal and w
orking just fine. Mo hidden charges, no mess and minimal fuss.\n\nabsolutely exceptional cus
tomer service and Leonard arrived exactly when he said he would. I will definitely be using

their services in future (hopefully, not too soon). Always love to support small business ow
ners - and this is one of the great ones. Many thanks.

CnpaexHii knac: 1, Nepegbavenmit knac: 1
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Bigryk 28: This was the worst breakfast place I have ever been to. I went there with my boyf
riend. They asked for tip up front. My boyfriend ordered green tea. They were out of green t
ea, so the associate offered a different tea instead of making more green tea. I ordered cof
fee and was not even pointed to the coffee bar to get cream. OQur food took forever to be del
ivered to our table. My soup was cold! Avoid this place like the plague. The restaurant look
s like a gutter and the service was horrible.

CnpaexHiii knac: 8, Nepegbavenmit knac: @

Biaryk 21: Does any apartment renter *actually® like their property management company? I think it's pretty rare. We all ha
ve gripes. However, in 11 years of renting, I've dealt with 5 property management companies and 2 owner-landlords. The owne
r-landlords were by far the worse. Of the 5 property management companies, Urban Land Interests earns the title of the wors
t.\n\nIt's not that they were so bad that I moved out because of them. It's just that their properties (I only lived in 1, b
ut priced several) are overpriced and their management is mediocre at best. I don't know if the person (who I won't name) wh
o is in charge of Bel Mora is just overworked and underpaid, or is a legitimate space-case, but dealing with them was often 1
ike pulling teeth. I had an agreement with them for my move-out inspection that I wouldn't have the apartment all cleared ou
t, because I was leaving very early the next morning, so I needed the bed still. This information wasn't relayed to the rude
and confused kid who came by to do the inspection (who I wasn't expecting - I thought the property manager was coming by). H
e didn't want to do the inspection because the apartment wasn't empty, but after explaining the situation, he agreed to walk
through with me. He had to have been high if he thought I was going to let him do it without me seeing exactly what he note
d.\n\nThe maintenance crew was always really nice, and when a maintenance request was submitted, it was addressed within a da
y or two. So, they get an A.\n\nThe property itself was very nice (albeit overpriced). For what I paid for a 2BR, 2BA on th
e 2nd floor in Madison, I paid for a 2BR, 2BA luxury apartment on the 15th floor in Milwaukee, overlooking Lake Michigan. \n
\nTheir handling of my security deposit was suspect. There was a carpet stain that happened a year before we moved out. Whe
n I called the property manager after it happened, they said they could just cut out the area of carpet that was ruined and r
eplace it, and it would be around $188. Or, I could leave it until I moved out and it would just be taken out of my security
deposit. Well, I opted for the latter, and it ended up costing me $350! Pretty ridiculous, especially for a carpet that was
complete crap when I moved in 2.5 years prior. \n\nJust another way to milk me for more money.\n\nOverall, I don't suggest r
enting a property from Urban Land Interests. It's a pretty tough market in Madison, because most landlords take advantage of
renters because, well, they can with all the students. I'd still suggest properties run by other management companies
CnpaexHii knac: 0, Nepepbauenwnit knac: @

Biaryk 21: Does any apartment renter *actually* like their property management company? I think it's pretty rare. We
all have gripes. However, in 11 years of renting, I've dealt with 5 property management companies and 2 owner-landlor
ds. The owner-landlords were by far the worse. Of the 5 property management companies, Urban Land Interests earns th
e title of the worst.\n\nIt's not that they were so bad that I moved out because of them. It's just that their proper
ties (I only lived in 1, but priced several) are overpriced and their management is mediocre at best. I don't know if
the person (who I won't name) who is in charge of Bel Mora is just overworked and underpaid, or is a legitimate space-
case, but dealing with them was often like pulling teeth. I had an agreement with them for my move-out inspection tha
t I wouldn't have the apartment all cleared out, because I was leaving very early the next morning, so I needed the be
d still. This information wasn't relayed to the rude and confused kid who came by to do the inspection (who T wasn't
expecting - I thought the property manager was coming by). He didn't want to do the inspection because the apartment
wasn't empty, but after explaining the situation, he agreed to walk through with me. He had to have been high if he t
hought I was going to let him do it without me seeing exactly what he noted.‘\n\nThe maintenance crew was always really
nice, and when a maintenance request was submitted, it was addressed within a day or two. So, they get an A.\n\nThe p
roperty itself was very nice (albeit overpriced). For what I paid for a 2BR, 2BA on the 2nd floor in Madison, I paid
for a 2BR, 2BA luxury apartment on the 15th floor in Milwaukee, overlooking Lake Michigan. \n\nTheir handling of my s
ecurity deposit was suspect. There was a carpet stain that happened a year before we moved out. When I called the pr
operty manager after it happened, they said they could just cut out the area of carpet that was ruined and replace it,
and it would be around $108. Or, I could leave it until I moved out and it would just be taken out of my security dep
osit. Well, I opted for the latter, and it ended up costing me $358! Pretty ridiculous, especially for a carpet that
was complete crap when I moved in 2.5 years prior. \n\nJust another way to milk me for more money.‘\n\nOverall, I do
n't suggest renting a property from Urban Land Interests. It's a pretty tough market in Madison, because most landlor
ds take advantage of renters because, well, they can with all the students. I'd still suggest properties run by other
management companies.

CnpaexHii knac: 0@, MNepepgbaqenwii knac: @

Bigryk 22: #*®®xsxx=xTACO TUESDAY****#x22¥\n\nMy first ever Taco Tuesday was here. Went with a LOT of rowdy peo
ple and the place was seemingly cool with the huge loud crowd, and even was able to seat us (I'm talking like 5@
people).\n\nI got a meal #27, don't remember exactly what it was but it included tacos and beans and was pretty
epic-tasting. The meal combo seemed so perfect that all of my friends got the #27 and loved it just as much. H
owever, my friend Greg did not get the #27 and was temporarily shunned for doing so. ‘\n\nThe chips are epic, as
was the salsa and the interior decor. \n\nAlso epic are their margaritas (and from what I remember, cheap too).
There is a seperate bar area you can go to get away from your crowd and order drinks. Bar is especially cool be
cause there are pictures of el guapo and wooden ships to look at while you order/drink. \n\nCabs were ready and
willing to take us back to the strip after we were finished eating. I rode with chuckyhacks and it was fun.\n\n
WOULD GO AGAIN, HAD A BLAST, 11/18 STARS.

CnpaexHiii knac: 1, MNepeapbadenwit knac: 1

Biaryk 23: This is by far the best Greek I've had. Our family visits here often. My wife is wvegetarian and loves
the spanakopita. It is really big and she loves it! I get the gyro with fries. Both are so flavorful. The fries

have homemade spices on top. This appears to be own by a family. The mom is always in the kitchen cooking and th
e children help with seating and orders. We'wve done sit down and take out. Both are great!

CnpaexHii knac: 1, Nepenbaqenmin knac: 1
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Biaryk 24: Linda is AMAZING, not only is she an amazing person but she is also awesome at scar revisions. I hav
e a dog bite scar from 1996 that went all the way to the bone that I am self-conscious about. I saw a crazy dea
1 on Living Social for skin needling, WHAT??? I had no idea what that even was but after talking to Linda on the
phone for 20 minutes I felt confident that she could help, at least, make the scar less noticeable. She never ma
de promises that I felt like she could not keep, as in, she said it would be invisible or it would disappear, et
c. We are talking about a deep, old scar. However, my scar looks AMAZING after 4 treatments. It is flat, smal
ler and the discoloration is on the way to being gone. I am beyond impressed with how it looks. I AM THRILLED!
I get comments all the time from people that know me and say \"Is there something different?\", it's crazy!!!\nN
ow that we have covered the skin needling, let's talk about the other services Linda offers. Along with the ski
n needling that Linda performed, she treated my whole face to make sure my scar treatment was getting the best ¢
hance to work. Skin scraping and all over face treatment. My skin looks and feels amazing. I have not ever be
en this happy with how my skin loocks and feels. I have less wrinkles, less middle age acne break outs and the t
exture of my skin is amazing. \nlLinda never over sells products or pushes things on you, so you never feel like
you \"have to buy what she uses on youl\" like you do at some salons you wisit. She is one of the most genuine p
eople you will ever meet and she will be honest about what she can and can not do to help you. I really appreci
ated that when we started working on my scar. I truly appreciated all her hard work and how my scar looks now!!
\n\nThank you Linda and Scottsdale Skin Needling!! Amazing place and amazing business!

CnpaexHiit knac: 1, MNepepbaqenuin knac: 1

Biaryk 25: While you can grab a six pack at almost any bar in this lovely neighborhood I call home, I was really
missing having a legit beer distributor within walking distance.\n\nThis place not only supplied me with Dogfish
Head Punkin® Ale AND Tr\u@@fEegs Mad E1f, but a usually great array of delicious wvariety beers and old standards
for when I'm not looking to spend a pretty penny. ‘\n\nThey offer a walk in with a lot of awesome beers already c
hilled too.\n\nThe best part though? At the register the owner has a huge variety of trading cards. I'm not talk
ing brand new baseball cards, this is Yo! MTV Raps, 8B's baseball and hockey cards, and Michael Keaton era Batma
n cards. It's a fun surprise when you're walking out with your beer pruchase.

CnpaexHii knac: 1, Nepepgbadvenmid knac: 1

Biaryk 26: Although the exercise and sweating is pretty awesome, there are definite issues that are hard to igno
re. First, there is nothing to help new people understand what they should wear or bring with them. Second, th
e instructions for what to have in the class are non-existent. Third, there are so many students in the class a
nd the instructor is all over the place so new people haven't the slightest clue of what to do. The only way I

was able to do at least something was to watch the person next to me. The instructor provided NO instruction th
at made sense for beginners and conducted class like everyone was a veteran. There needs to be separate beginne
r classes for sure along with some material or something on their web site that explains what you need and shoul
d bring. The instructor should have smaller classes and be cognizant of what special requirements the students

need (such as carpal tunnel and alternate positions). Very disappointed with the setup and lack of instruction.
Also, after 7pm, there is no one manning the front desk and they lock the front door so you'll have to unlock an
d leave yourself if you happen to leave early. If you do happen to go, here are some tips: 1) show up 15-20 min
utes early your first time for paperwork 2) bring a yoga mat, yoga mat towel, sweat towel and bottle of water 3)
highly suggest sports bra of sorts for the women and only shorts (no shirt) for the men 3) wear flip flops or sl
ip-on/off shoes 4) leave purse/valuables/stuff in the car or at home 5) if using a card for payment, get some ki
nd of small wallet that you can clip to your yoga mat or wrist 6) inside the classroom there are no shoes allowe
d and little or no talking 7) the room is a long rectangle and if a lot of folks are there, be prepared to be cl
ose to your neighbor.

CnpaexHiii knac: @, MNepeabaqenuit knac: @

Biaryk 27: Best piece of duck I've ever had. The menu is a spectacle of high-end tapas. Fabulous selection of e
squisite and flavorful delicacies. The generous staff begins and ends each meal with tasty surprise.
Cnpaexmiii knac: 1, MNepeabaqenmit knac: 1

Biaryk 28: In short, slow service, average food and a poor attitude by the wait staff add up to a disappointing

meal.\n\n[BTY - Yelp maps this place 6+ miles from where it actually is located.]
CnpaexHiii knac: @, MNepepbaqenuit knac: @
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Biaryk 29: I was so disappointed after going to Pure.\n\nMuch like Melissa R, this was my first Vegas club exper
ience. I went with 3 of my bestest homies to Pure expecting to be on the guest list, only to find out we were
n't and waited in line for two f-ck-n hours.... I'm not really sure if you can call it a line at all! It was a
mob-- a HUGE MOB of people just waiting to get in. sucked.\n\nFinally, when we got in, the four of us went to th
e bar immediately. We had pre-drunk before we got to the line and BOY was I SOBER after all that waiting... SOB
ER AND THIRSTY! Two Patron shots with Pineapple backs and a midori sour = $70 -- LOVELY!-- is that NORMAL?! I g
uess it was, no one else in the group complained about their tab..\n\nSo after taking my shot, I was ready to p
arty.... (not really, but I was trying). Me and my bff TRIED going into the dance floor to have some fun... TRI
ED and FAILED--- =( The dance floor was SO PACKED, SO-FRIGGIN-BACK TO BACK-PACKED, I don't know how it was poss
ible for ANYONE to dance there....\n\nOur group went upstairs to the opened-top... that was alright. The space
was REALLY SMALL and security won't let you stand ANYWHERE! people were scrunched up in a SMALL CONFINED CORMER
like cattles!!.. people....which would include us!\n\nmy bff got sick, so after 2 hours of waiting to get into a
disappointing club, the two of us left 45mins after entering Pure. On our way out thru the casino, there was a
guy handing out free admission passes to PURE, we sed OH HELL NO THAMKS.... While we were waiting for a cab, the
group of girls in front of us also left Pure and was saying how horrible it was... yes beautiful girls.. i DO ag
ree! There is NOTHING ANYOME can say or do to make me EVER go back there.... EVER.

CnpaexHiin knac: @, Nepepbaqenmii knac: @

Bigryk 38: Just had the worst pizza of my life. It was all sauce, barely any cheese and overall a big disappoint
ment. Called the manager; she told me that Margherita pizzas are usually not recommended for delivery or pickup.
Hmm. .never heard that one before and I wasn't made aware of this when I placed the order. . She offered no refun
d or replacement. I said nothing, I just wanted them to know because it was like having bread and sauce. Any goo
d restaurant would offer some sort of compensation. I could have asked for one, I didn't call for that but it sa
ys a lot about them. We've liked their food in the past so this was interesting.

CnpaexHiit knac: @, MNepeabauvennii knac: @
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Honarox B

Anpo0arig OTpUMaHUX Pe3ybTaTiB

3axiIHOYKpaiHCbKHIi HALlIOHAJIBHUI YHIBEPCUTET
@dakyIbTET KOMIT I0TEPHUX 1H(HOPMALIIHHUX TEXHOJIOTII

Kadenpa inpopmaiiitHo-00unCIIOBAIILHAX CUCTEM 1 YIIPABIIHHSA

3BIPHUK TE3 JIOTIOBIJIEU

CTyIeHTChKOI HayKOBO-IIPAKTUYHOI KOH(epeHLil

IHTEJIEKTY AJIbHI IHOOPMAIIMHI TEXHOJIOT'Ii B TIPUKJIATHUX
JOCIIJPKEHHAX

(IITAR-2025)

27-29 tpaBus 2025 poky

TepHomnine

2025
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Bacenko Csito3ap, bukosuii I1asio 120
BUKOPUCTAHHA IMIAXOAY BEHAVIOR TREE J11 CTBOPEHHSA AJAIITUBHUX

HEITPOBUX ITEPCOHAXIB Y HABUYAJIbHUX BIJEOII'PAX 120
Bacuabuyk Onexcanap ) . 123
[MTPOTHO3YBAHHS CE3OHHUX ITPOJJAXIB IMTPOAYKIII B PO3/IPIBHIN TOPT'IBJII
3 BUKOPUCTAHHAM MOJIEJII SARIMA 123
Bi6aa Kcenis, Jlin'anina-I'onyapenko Xpucruna 125
IHTEJIEKTY AJIbHUM TELEGRAM-BOT JIJI [TIEPCOHAJII30BAHOI'O
XAPUYYBAHHA I TPEHYBAHbD 3 IHTETPALIIEIO MOJAEJII LLAMA 125
Birpyk IBan, Jlenarok Tapac 129
MOAVYJIb BUSHAYEHHA ITOJIAPHOCTI BIAI'YKIB HA TIJTAT®OPMI YELP 3A
JAOIMOMOI'OKO LSTM-MEPEXI 129
BoeByncbknuii Onexcanap, Jlin'suina-I'onuapenko Xpucruna 132
TELEGRAM-BOT JIs1 CTBOPEHHS TA YIIPABJIIHHS HATAAYBAHHSIMU
MMOBCAKJEHHUX 3AB/IAHb 132
Bopouoscbkuii Boroaumup 135
[TPOTPAMHUN MOJ1YJIb IIOIIYKY CIIPAB 3 APXIBIB YKPATHU, IOCTYITHUX
OHJIAVH 135
I'epuiii Borogumup, Typuenko Ipuna 138
TTPUKJIAJIHAM HPOUFPAMHI/IVI IHTEP®EUC )1 TPAHCKPUIILIII TA CYBTUTPIB
I AYIO TA BIAEO®AUJIIB HA OCHOBI IITYYHOI'O IHTEJIEKTY 138
I'inzyna Bosoaumup, 3aropoans /liana 142
r'OJIOCOBUM [TOMIYHUK HA OCHOBI MAILIMHHOI'O HABYAHHSI 142
TonoBincbknii JImutpo, bukosuii IlaBao 144
[TPOITPAMHUI MOJ1YJIb CRM-CUCTEMU 115 OHTI/IMIV3AI_[I'I' BUBOPY
[TOCTAYAJIbHUKIB I YIIPABJIIHHS 3AMOBJIEHHSMU OHJIAUH-MAT ASUHY 144
I'pymmmubknii Makcum, Typuenko Ipuna 147
3ACTOCYBAHHS WITYYHOI'O IHTEJIEKTY AJII TEHEPYBAHHS SQL-3AIIUTIB 3
[TPUPOJIHOI MOBU 147
Mannnenko Jlennc 150
[TPOTPAMHUU MOJ1YJIb YUAT-BOTA JJ151 OIITUMIZALIIl POBOTH 3
JOKYMEHTALIECIO 150
300opoBcbka AHacTacis _ 152
PO3POBKA MOBUIBHOI'O 3ACTOCYHKY AHAJIITUKU JJ1s1 PEKOMEHJIALITMHOI
CUCTEMU YNTAHHS KHUT 152
6
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Bimpyk lean

cmyoenm 2pynu KH-42

vitruk.2017@gmail.com

Jlenomwk Tapac

K.m.H., Ooyenm

tl@wunu.edu.ua

3axionoykpaincyKuil nayionaibHuil ynisepcumem
Tepuonine, Yxpaina

MOIYJb BU3BHAYEHHA IMOJIAPHOCTI BIATI'YKIB HA TINTAT®OPMI
YELP 3A 10IIOMOI'OIO LSTM-MEPEXI

Y cy4acHOMY CBITI pO3Mi3HABaHHS CTaTi Ha OCHOBI 300pa)K€Hb € BaKJIHUBOKO
3a/1a4€l0 B TAKUX Tally3sX, SIK MApKETUHI, Oe3meka, MmepcoHaii3aiisi CepBICIB Ta
OlomeTpuuHa ineHTU(IKaLiA. METOK IOCHIIKEHHS CTal0 CTBOPEHHs e(EeKTHBHOIO
Moayns knacudikaiuli cTaTi HA OCHOBI TNTMOOKOTO HABYAHHA 13 BUKOPHUCTAHHSM
apxitektypu InceptionV3. B ocHOBI Monmyisd — HaBYaHHA MOJENl HAa BEIUKOMY
Bigkputomy nartaceri CelebA (202 599 300pakeHp), a TaKOK ONTHUMI3ALIis
apXxiTEKTYpH 1 TineprnapameTpiB.

Po3pobnenuii Mmoxynib peanizoBaHo Ha 0a3i 0i6miotek TensorFlow i Keras. Bin
BKJTIOYAE MOMNEPEIHI0 00poOKy 300pakeHb (ayrMeHTallis, OajiaHcyBaHHs ), PO3ALICHHS
nanux (20k train / Sk val / Sk test), momudikauiro crangaptHoi InceptionV3
(monaBanHst GAP, Dense, Dropout), HaBuanHs 3 BukopuctanHsam SGD (1r=0.0001) 1
PEryIsPHOTO MOHITOPHHIY METPUK. MakcuMaibHa TOYHICTE MOJIENI Ha IIEPEBIPOYHUX
naHux craHoBuiaa 95,75%, a Ha TecToBiii — 94,3%. 3nauennsa Fl-score = 0,94, no
CBIIUUTH MO 30aaHCOBaHY Kiacu(ikaiiro 000X KiaciB.

Ha pucynky 1 300pakeno aiarpamy knacis (UML) peanizoBanoro moayis, sika
UIIOCTPY€E B3a€EMOJIIF0 OCHOBHUX KOMIIOHEHTIB CHCTeMHM, 30kpema DataManager,
TrainingController, EvaluationManager ta InceptionV3Model.

Y Tabmuni 1 3aifiCHEHO TOPIBHAHHA 3 IHIIMMH CYYaCHHMH MIIXOJaMH
rmu0OKOr0 HaBYaHHA A0 3a7aul reHjaepHoi knacudikauii. HaiiBuily TOYHICTB
nocsarayTo WideResNet (97.2%) i ResNet152 (95.8%), ogaak momens InceptionV3
3a0e3neunsa ONTHUMaJbHUK OajaHC MIK TOYHICTH, IUBHIAKOJMIEK) Ta KIJBKICTIO
napaMeTpiB, HEOOXITHUX IS HABYAHHS.
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TrainingController

+selEpochs()
+setBatchSize()
+saveBestModel()
+monitorTraining()

"KOHTPONIoe Npouec HasyaxHs"

"MOHITOPUHI HaBYaHHA"

DataManager

+loadCelebA()
+splitData()
+applyAugmentation()

"Mepeaae ayrmexToBaHi aani"

4

DataGenerator

+generateBatches()
+augmentData()

Y Y

InceptionV3Model

+loadPretrainedWeights()
+addCustomLayers()
+setHyperparameters()
+train()

+saveModel()

"Mepenae moaens Ans ouiHku™

v

EvaluationManager

+evaluate()
+computeMetrics()

“Mepenae pesynsTaTh ouiNku"

Y Y
VisualizationManager

+plotTrainingProgress()
+visualizeClassification()

"Tenepye Batyi AN HagvaHHA"

Pucynok 1 - UML-niarpama apxiTeKkTypu peasizaiii MOIyJIsi po3Ii3HaBaHHs CTaTi

Tabnuust 1 — TlopiBHSHHS TOYHOCTI MojeNnel TAMOOKOTO HABYAHHS ISt

KJacu@ikalii crari

No Monenb Habip ganux Tounicts (%) xepeno

1 WideResNet CelebA 97.2 Polina & Malathi [5]
2 ResNet152 CelebA 95.8 Wong et al. [10]

3 InceptionV3 UTKFace 93.2 Mohasseb et al. [1]
4 [TponoHoBaHa CelebA 94.3 L{st poGoTa

3aBsIKM BUCOKIN TOYHOCTI Ta CTa0LIBHOCTI, PO3pO0OIEHUI MOYJIb € IPUAATHUM
JUIsL IHTerpauii y MpakTHYHI CUCTEMU BiJCOAHATITUKH, KiOepOe3neku, alanTUBHOIO
UX-au3aiiHy Ta UM(pPOBOro MapKETUHTY. 3alpolOHOBAaHA AapXITEKTypa JIErKo
MaclTaboBaHa W ONTUMI30BAaHA, IO JA03BOJIAE 11 QAanTyBaTH AJS IHIIMX 337434

Kacudikarii o0amyysl.
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