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JIOJIATOK B

Crnaiinu npe3eHTarii

OSSR

XapKiBCbKWUW HalioHanbHUI YHIBEPCUTET padioeneKTPoHiKu

KBanidikauinHa po6ora marictpa

JocaipkenHss moaesieid 00poOKH NMPUPOIHOI MOBH
JJI1 peKOMEeHJaliiiHUX cHucTeM
HA OCHOBI TEKCTY

BukoHnana: ctygeHTka 2 kypcy, [M3m-22-2 Cepeda [.A.

KepiBHuK: goueHT kad. MMl lonsiH H.B.

Pucynok B.1 — Tutynbuumii cnaiiy

MeTa D10COITKEeHHSA

oliHKa epekTHBHOCTI Mojerneit NLP BIIPOBA/KCHHS OTPUMAHUX
JUISl peKOMEHIALlITHUX CUCTEM pe3yabTaTiB ISl pO3POOKH
Ha OCHOBI TEKCTY PEKOMEH/IAIlHHOI CUCTEMH

00’exT nocaimxenus:  Mozeni NLP s o6poGKu pupoIHOi MOBH.
IlpeameT nocaiasKeHHsi: Tpolec 3acToCyBaHHS Mojielieil 0OpOoOKH TNPHPOIHOI MOBH Y
peKOMEHIALIHUX CHCTeMaX: BHABJIEHHS EMOIINHHOI CKIaJ0Boi

TeKCTiB, OararokjiacoBa KiIacu@ikallilo, 3HAXO/KEHHS! MO/IOHOCTI

2

TEKCTIB.

Pucynoxk B.2 — Mera gocmiikeHHs




AHaJIi3 mpeaMeTHOI 00J1acTi

}O [TomynspHIiCTh peKOMEHAALIHHUX CUCTEM Y 0araTbox rauyssx

&.h Crpimkuii po3BuTok cyyacHuXx NLP mojesneit

r

Tpajnuiitni MeTo/IM 4acTo He BPaxoBYIOTh KOHTEKCTYallbHY 1H(pOpMaIlilo

A
[
U
-
I
]
=
g
>
[
x
g

NMPOrANMHU B NITEPATYPI

Po3poOka HOBUX TexHoJoriH 0OpoOKH MPHUPOIHOT MOBH ﬁ‘

Po301:xHOCTI TOKa3HUKIB €)EKTUBHOCTI MOJCIICH Qb

Hemnosaora pociijkeHs ﬁ 3

Pucynok B.3 — Anani3 npeameTHoi o0macti

IlocTanoBKka 3amxaui

— aHaJi3 NpeIMeTHOI 00acTi Ta JiTepaTypu

— aHaJI3 Ta onuc icHyounx mojeneit NLP

— MPOBEJICHHS TEOPETHYHOTO JI0CIIIKEHHS
— TPOBEJICHHS eKCTIEPUMEHTAIBHUX JIOCII/KCHb
/A — MOPIBHSAHHS pe3yJbTaTiB Ta OIlIHKAa MojIelei

— BHCHOBOK Ta OLIIHKA 3aCTOCYBaHHS pe3yJIbTaTiB
IPOBEJICHUX JIOCITI/DKCHb

— BIIPOBA/UKEHHS pe3yJIbTaTiB ISl pO3pOOKH
pPEKOMEH/IaIIHOI CUCTEeMH 3 BUKOpUCTaHHAM NLP
Mojielieil Ha OCHOBI TEKCTY

Pucynok B.4 — IlocTanoBka 3aa4i
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Buoip moaeJsiei 1isl eKClepUMEHTIB

Bukpecienns moaeseii 3a npuaununom Ilapero

Pozmip E . I Ed .
BOyZOBaHOrO HOHOMUE 38 . . |Open Source pocrota © mm.]’
obcaroM maM’ AT HaB4YaHHA KOHTEKCTyaIi3all
CJIOBHHKA
BERT 30522 69.5 1 2 5
GPT-2 50257 64 1 3 4
GPT-3 50257 0 0 1 4
Word2Vec 50300 69.9 1 s 2
XLNet 32000 68.6 1 3 5
FastText 50300 69.9 1 5 3
)
Pucynok B.5 — Bubip moneneii 1151 eKCIepuMeHTaIbHOTO JOCIHKCHHS
L s L
Buoip moaeJiei 1yis1 eKClnepuMEHTIB
Po3paxyHok koedimieHTIB KOPHCHOCTI 3a JIIHIHHOI aIHTHBHOIO 3rOPTKOI0
Po3mi . .
_ O3MIP ExoHoMi4 3a ITpocToTa EdexTHBHICTE
BOyI0BaHOTO ) .. | Open Source N K
06 €MOM ITaM AT1 HaBYIaHHA KOHTEKCTyaI13allll
CJIOBHHKAa
BERT 0 0.932 1 0 1 0.21
GPT-2 0,998 0 1 0.333 0.5 0,22263
FastText 1 1 1 1 0
0,26836
XLNet 0,7 0,5833 1 0,67 0,75 0,29478
Bi 0,27 0,133333333 0,07 0,2 0,33
aj 0.370644922 | 0,397566891 0.25 0.499251123 |  0,444444444
6

Pucynok B.6 — BuGip Mmoneneit 1jist eKClepuMEHTaTbHOTO JI0 CIT1KEHHS




Bu0ip moxesien a1 10CaIKEeHHA

Oo6pani moaeni

KopwucHicte mopenei NLP 3a TeopeTMuHMMKM AaHUMK

XLNet

BERT

0,00 0,05 0,10 0,15 0,20 0,25 0,30 0,35

WM XLNet mFastText mGPT-2 mBERT

Pucynok B.7 — Bulip Mmoneneii 15t eKCepUMEHTAIbHOTO JI0CIKEHHS

11

ExcnepuMeHTaNbHI J0CTIIKEHHS

ExcnepuMeHTaIbH1 JOCTKEHHS OyIyTh CKJIagaTHCs 3 HACTYITHUX eTarlB:
—  ¢opmyBaHHSs naraceTiB, ISl TPHOX 3a/1au:
1. CEeHTHMEHTAIILHHI aHAIl3;
2. OararokiacoBa knacudikamis GuIbMIB 3a JKaHPaMH;
3. nependOaveHHs MOAIOHOCTI TEKCTIB,;
—  OYHIIIEHHs Ta 00poOKa JaraceTiB;
—  TIporpaMyBaHHs Ta HaBYAHHS 0OpaHUX JUIS TOCIIIKCHHS MOJICIICH;
—  OIlIHKa MojeNel A TphoX 3a/1a4;

— aHaJI3 pe3yanaTiB Ta MOjIe/IeH 3a OTpHUMaHHMH METPHKaMH.

Pucynok B.8 — [1nan npoBeneHHs eKCIIepUMEHTAIBLHUX J10CT1HKCHb
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MeTpHuKH Ta METOAU T0CIIIKEHHS

Jns 3apau knacudikamiii:

Tp

®

Jlst 3apa4i moaiOHOCTI:

= Tp + Fp' Cepenns a6004f1l’(l)'ma IIOMUJIKA:
1
TouHicTh MAE = ;Zl)’i - }’z’|:
R= P i=1 6
Tp + Fn'
Cepem—lLOKBa;[paqua IIOMHUIIKA: A
IToBHOTA 1 n
. _ 2 PR MSEz—Z =)
Fscore = T f— - izl()z yi)
F—Mipa : —
N 9
Pucynok B.9 — MeTpuku Ta METOAM JTOCIIIKSHHS
Bio0JioTexkn
. 8 f
w Transtformers
fast Text ¢ Toren
‘ topic modelling for humans
10

Pucynok B.10 — [HcTpymMeHTH Ta TEXHOJOT1i
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Ha0opu nanunx

TeiTH 1,19 3a1a49i BUSIBJIEHHS eMOIIHHOTO CTAHY

The amount of tweets

5362 Iabel5
5000
4666
#4000 4
[
o
F
s 3
S 3000
c
3
E
" 2
o 2000
Fe
E
1
1000
0
0
joy sadness surprise
Emotion I'I
. ‘o .
Pucynoxk B.11 — Habip gaHux 115t eMOIIIHOTO aHamizy
. . o . oes
®diabmu 175 3a1a4i 0aratokjaacoBoi kiaacudikauii 3a sKaHpaMu
Cross Matrix of Movie Genres
Western 16 10 4 6 2 0 2 3 2 0 4 0 a8 250
war [ 79 26 1 9 0 0 2 12 3 1 s el o
Theilier 48 [ 12 83 25 0 2 I S0 2 4
TV Movie 10 16 14 25 5 0 4 15 7 56 7 1 0
Science Fiction [ SOEN 19 79 19 0 68 16 7 3 2 200
Romance 33 s 52 12 2 8 16 15 23 12 3
Mystery 174 as 33 37 75 1 8 68 4 2 2
Music 4 11 12 2 4 6 2 23 3 7 2 0 0 150
$ Horror [N 39 20 67 26 1 B o EEm s 46 2 1
€ History 39 27 5 2 7 14 0 0 18 a5 0
i) Fantasy [EZCHN 81 0 30 65 66 15 51 3 1
Family |74 53 0 10 47 53 20 0 0 4 100
Drama 1 B 4o N 22 mesmnes 19
Documentary 35 1 2 0 0 0 0 0
Crime 0 75 12 19 5 25 0 2 55
Comedy| 2 37 79 25 83 9 6
Animation 0 3 52 14 12 1 4
Adventure 0 81 45 45 19 16 26 10
Action| 0 27 74 39 M2 7 33 I a8 79 16 0
0, o, A A 2, » i’
46!,0,7 4%(,,% "m%ho C%""r (‘r,% Ocu"’t‘,, "o, "”7//, ""’d:, ’7«,0’* O, sy e, o,,,%r Sc,o%o‘ )b"%, 4,% ¥, 9,.%’
e o, e

¥

Genres

Pucynox B.12 — HabGip manux mis kinacudikarii 3a skaHpaMu
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HaOopu nanux

Ilapa TekcTiB Ta MOxiOHOCTEH AJ1sl 3HAXOIKEHHS MOAIOHOCTEH

df = pq.read_table("train-000@ f-00001.parquet"”).to_pandas()
df.head(10)

:T—-' sentencel sentence2 similarity_score @
0 A plane is taking off An air plane is taking off 5.00 u
1 Aman is playing a large flute Aman is playing a flute 380
2 Aman is spreading shreded cheese on a pizza. A man is spreading shredded cheese on an uncoo 380
3 Three men are playing chess Two men are playing chess 260
4 A man is playing the cello A man seated is playing the cello 425
5 Some men are fighting Two men are fighting 425
6 Aman is smoking Aman is skating 0.50
7 The man is playing the piano The man is playing the guitar 1.60
8 A man is playing on a guitar and singing Awoman is playing an acoustic guitar and sing 220
9 A person is throwing a cat on to the ceiling A person throws a cat on the ceiling 5.00

13

Pucynoxk B.13 — HabGip nanux asis nomiOHOCTI TEKCTIB

HajamryBaHHSI IPOrPaMHOIO cepea0BHIIA

ITonepenns 00podka TekcTy

ustomTokenizer:

__init_ (self):
self.pattern = re.compile(
tokenize(self, text):
tokens = self.pattern.findall(text)

tokens

preprocess_text(text):

text = text.lower()

text = re.sub( : , ", text)

tokenizer = CustomTokenizer()

tokens = tokenizer.tokenize(text)

tokens = [token f{ token in tokens if token stop words ]

tokens = [lemmatizer.lemmatize(token) for token tokens]
'.join(tokens)

1

Pucynok B.14 — [Toniepeaus 06poOka TEKCTY
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HajamryBaHHSI IPOrPaMHOIO cepea0BHIIA

3aBaHTaKeHHs NMONepPeIHbHO HABYEHUX MoJe/Iell Ta TOKeHI3aTopiB

BERT

tokenizer = Bert enizer.from pretrained(

model = BertForSequence ) fication.from pretrained('bert incased’, num_labels=6)

GPT-2
model_config = y fig.from_pretrained('gpt2’, num_labels = 6)
tokenizer = GPT2Tokenizer.from pretrained('gpt2")

tokenizer.padding side =

tokenizer.pad_token = tokenizer.eos_token

model = 2ForSequenceClassif tion.from_pretrained('gpt2', config=model config)
model.resize token_embeddings(len(tokenizer))

model.config.pad token id = model.config.eos token id

tokenizer = XLNetTokenizer.from pretrained( ' xln¢
model = XLNetForSequenceClassification.from pretra x1net-base-cased', num_labels=6)

19

Pucynoxk B.15 — 3aBanTaxeHHs1 Mmozenei

HajamTyBaHHSI IPOrPaMHOIO Cepel0BHIIA

Toxkenizauis Ta NIArOTOBKA JAHHUX

Joke Hégm;/ﬂ

train_encodings = tokenizer(train_texts, truncation= , padding= » max_length=128)
test_encodings = tokenizer(test_texts, truncation= , padding= , max_length=128)

train_labels = torch.tensor(train_labels)
test labels = torch.tensor(test labels)

train_dataset = T rDataset (1 h.tensor(train_encodings

h.tensor(train_encodings[ 'attention mask']), train_labels)

train loader = taloader(train dataset, batch size=16, shuffle=

test_dataset ensorDataset(torch.tensor(test_encodings
h.tensor(test_encodings| "attent nask , test labels)
test loader = Dataloader(test dataset, batch size=16, shuffle=

[Tidromebka darux do nodatua do modened g

Pucynok B.16 — Tokeni3aris



HajamryBaHHSI IPOrPaMHOI0 cepea0BHIIA

HaBuanus Ta oninka mozeeii-trpancgopmepis

optimizer = torch.optim.AdamW(model.parameters(), lr=2e-5)
model.train()
epoch in range(7):
for batch in train_loader: model.eval()
optimizer.zero grad() predictions = []
input_ids, attention mask, true labels =
outputs = model(input ids= ' rch.no_grad():

i batch in test loader:
attention_

loss = outputs.loss outputs = model(input ids=input ids, attention mask=
loss.backward() attention mask)

optimizer.step() logits = outputs.logits
predictions.extend(torch.argmax(logits,

input_ids, attention_mask, labels = batch

axis=1).cpu().numpy
true labels.extend(labels.cpu().numpy())

report = classification_report(true_labels, predictions)

Pucynok B.17— HaBuanns Ta o1liHka

HajamryBaHHSI IPOrpPaMHOro cepeIoBHIIA

Hasuanusa ta ouninka fasttext

model = train_ supervised(input="train.txt", autotunevalidationFile=
model.save_model ("t in")

load_test_data(filepath):
texts = []
true labels = []
ith open(filepath, 'r")
for line in f:
parts = line.strip().split(" ', 1)
labels = [label.replace t r label in parts[@e].split
text = parts[1]
texts.append(text)
true_labels.append(labels)
texts, true labels

test_texts, test_true_labels = load_test_data('t
predicted labels = []

text test_texts:
labels, _ = model.predict(text, k=1)
predicted labels.append([label.replace(’ b Yy f label labels])

Pucynok B.18 — HaBuanns fasttext
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Pe3ybTaTn €KCNIEPUMEHTIB

PesyabraTn aas 3aaau kaacudgikamii

BERT

. 0.806 0.848 0.82

3MICT
3a :kaHpaMH 0.866 0,86 0,858

GPT-2

. 0,724 0,764 0.738

IMICT

3a xaHpaMH 0.82 0.8 0,81

Pucynok B.19 — PesynbraT eKcriepuMeHTIB

Pe3ybTaTH eKCIIepUMEHTIB

PesyabraTn aas 3aaau kaacudgikamii
XLNet

Emouifinuii

0.84 0.80 0.82
3MICT
3a xaHpaMH 0.83 0.87 0.849
Fasttext
Euoniiimmutt 0.84 0.80 0.85
3MICT
3a ;xaHpaMH 0.66 0.68 0.66

Pucynox B.20 — Pesynbratn eKCIEpUMEHTIB
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Pe3ybTaTn €KCNIEPUMEHTIB

Pe3yabTaTn nu1s 3HAX0XKEeHHSI MOAIOHOCTI TEKCTIB

BERT 0.81 0.71
GPT-2 1.488 1.037
XLNet 1.447 1.0193
FastText 1.25 0.93

Pucynok B.21 — Pe3ynbraTl €KCIEpUMEHTIB

AHaJi3 pe3yJbTaTiB

s 3apaui emouiiiHOro aHamizy

BERT 0.85 12

GPT-2 0.738 17

XLNet 0.82 13.5
FastText 0,85 4.5

Pucynok B.22 — Anani3 pesynbTariB
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AHaJIi3 pe3yJabTariB

Jlas 6ararokaacoBoi kiaacugikamii skaHpiB
KopucHicTe mogenei

F-score Jac BHKOHAHHA K
TIOKA3HHK (rox;.)

BERT 0,82 6.5 0,275337522
GPT 0.81 0 0,161277477
XL Net 0,849 2 0,203525447
FastText 0,66 6 0,234859553

Bi 0,625 0,25

aj 0,318572794 0,068965517

BERT GPT = XLNet = FastText

Pucynok B.23 — Anani3 pe3ynsraris

Bukopucransas pe3yjabTariB A0CIIIKeHHSA

i loved the atmosphere that me and my boyfriend
had on our first date, 5o romantic

Besiennsa Tekcry (myGuikaiis mocry)

Ony0sikoBaHUI MOCT 3 peKOMEHIAIISIMU

Pucynok B.24 — Po3po0iena pekomeHaaliiHa cuctema
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BukopucTranHs pe3yJbTariB A0CiIKEHHS

our posts and recommendations

[lepernsn icropii myOmikaliii Ta pekoMeH/1alii

Pucynox B.25 — Po3po0iena pekoMeH1aliiHa cucreMa

Anpodamuist
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Colins Conference *

Dear Author.

We would like to thank you for giving us an opportunity of studying and reviewing your research paper. This
year we have received a great many interesting papers but we have to accept those which were estimated as

best-ranked by 200 reviewers from around the world.

Nonetheless, we are pleased to inform you that your submission to Sth International Conference on
Computational Linguistics and Intelligent Systems (CoLInS 2024) has been ACCEPTED for publication in
the special volume as a full paper of CEUR-WS Style (NON-SCOPUS) because the results of your work
deserve to be published.

The deadline for final paper submission is 12 April 2024. If you'd like your paper to be included in the
SPECIAL volume as a full paper of CEUR-WS Style (NON-SCOPUS), Please, enclose your updated doc-
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subject - the publication number of your article in EasyChair.
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BucHoBknu

V pesynbraTi BUKOHaHHS KBauli(ikaiiiiHoi poboTH MaricTpa Oyio:

— IPOBEJICHO aHalli3 MpeJIMETHOT 00JIacTi Ta JiTepaTypH;
— MPOBEJCHO aHalli3 icHyrounx Meto1iB NLP;

— MPOBEJCHO TeOpeTHUHE JIocHI/pKeHHS Ha 6 Mojensax NLP ains BuGopy moseneit
JUISL €KCTIEPUMEHTAJIBHOTO JIOCITIKEHHS;

— IMPOBEJCHO eKCIIePHUMEHTAIIbHI JOCII/KEHHS JUIs TPhOX 3a/1a4: eMOLIHHHUIA aHai3,
OararokiiacoBa Kiacudikaiis GpuUIbMIB 3a )KaHPaMHU Ta 3HAXOJKEHHS MOAI0HOCTI MI%K TEKCTaMH;

— IPOBE/ICHO aHaJIi3 pe3y/IbTaTiB Ta OLlIHKAa MOJIeJIeH Ta 3Hall/IeHO Halle()eKTUBHIII MOJIEII;

— HaJIaHO OIIIHKY BUKOPHCTAHHS PEe3yJIbTaTiB Ta po3poOKa peKOMEHIallliiHOT CHCTEMH 3
BHKOPHUCTAHHIM Halle()eKTHBHIIINX 3a pe3yinbraraMu Mojeineil NLP.
OIIYBJIIKOBAHI HAYKOBI POBOTMU:
Sereda D., Golian N. Investigation of the natural language processing models for text-based
recommendation systems // International scientific journal "Internauka". — 2024. — Ne4.
hitps://doi.org/10.25313/2520-2057-2024-4-9846 27
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Summary. This study investigates the application of notural longuoge processing (NLP) methods in recommendation sys-
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arvalysis.

In today's digital landscape, users are inundated
with a vast array of online content and platforms,
making effective navigation essential. Recommender
systems have become indispensable tools, guiding
users through this abundance by offering personal-
ized experiences. Leveraging advanced algorithms
and machine learning, these systems analyze user
behavior and preferences to deliver tailored recom-
mendations that anticipate evolving needs.

There are two main types of recommender sys-
tems — content-based filtering and collaborative
filtering. In content-based filtering systems, objects
are determined based on their features. Based on
the available attributes in the objects that the user
rated, the interest profile of the new user is studied,
in other words, this is a keyword-based recommen-
dation system. Thus, content-based recommendation
systems use algorithms that offer nsers similar items
they liked in the past or are currently studying [1].

The integration of Natural Language Processing
(MLP) technigues marks a significant shift in ree-
ommendation systems. NLFP equips these systems to
understand and extract insights from textual data,
such as user reviews and product descriptions. By
harnessing NLP, recommender systems can better
comprehend user preferences and deliver more con-
textually relevant recommendations.

Transformer models, such as BERT and GPT,
have demonstrated remarksble performance in
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natural language understanding tasks, making them
well-suited for tasks like sentiment analysis and
semantic understanding in recommender systems.
Similarly, word embedding models, like fastText,
offer efficient representations of words in vector
space, facilitating meaningful comparisons and as-
sociations between words. By leveraging these so-
phisticated techniques, recommender systems can
better comprehend user preferences and deliver more
accurate and personalized recommendations. There-
fore, exploring these advanced models is easential
for enhancing the effectiveness and adaptahility of
recommendation algorithms in diverse application
domains so this investigation is forused on relatively
new transformer models and word embedding model.

The following metries were chosen to evaluate
the models.

Recommendation precision is a messure of how
often the model correctly classifies positive predie-
tionse. It increases as the ratio of the number of
correct positive predictions to the total number of
positive predictions. Mathematically, it is defined
as (1).

p=_TP (1)
Tp+ Fp

where F is precision;
Tp is the number of correctly classified instances
as positive.
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Fp ia the number of incorrectly classified instanc-
e3 a3 positive.

Recall guantifies is the ability of the model to
capture all relevant instances of the positive predic-
tion. It is calenlated using the formula (2).

T
- 2
Tp+ Fn
where R is recall;

Tp is the number of correct positive forecasts;

Fn is the number of false negative predictions.

The F-score is a combined measure of precision P
and a Recall R. It is caleulated using the harmonic
mean between P and R (d).

F _2-P-R )
Aoore = _P TR 4)
where P — precision value;

R — recall value.

To facilitate the investigation effectively, two
main goals have been defined:

1. SBentiment analysis. SBentiment analysis enables
a deeper understanding of the emotional context em-
bedded within user-generated text, facilitating the
creation of recommendations that resonate on a more
personal level. By discerning the user’s emotional
state, recommendations can be customized to better
suit their current needs, mood, and preferences.

2, Formulating recommendations based on nsers”
preferences enhances the effectiveness of recommen-
dation systems across varions domains. By analyzing
user-generated content or interactions and providing
suggestions tailored to individual tastes, these sys-
tems offer more accurate and eatisfyving recommen-
dations, thereby improving overall user satisfaction
and engagement with the platform or service.

Within the scope of this study, the tasks above
are formulated as follows:

1. The sentiment analysis within user-generated
text;

2, Providing movie genre recommendations hased
on user-preferred movie attributes.

For the first task., a dataset containing users’
tweets and labels for emotional states was utilized:
sadness (0}, joy (1), love (2), anger (3). fear (4),
eurprige (5) [2]. The training set comprises 15,969
unigque values. 4666 tweets represent sadness, G362
tweets — joy, 1304 — love, 21569 — anger, 1937 —
fear and 572 represent surprise.

For the second task, the dataset was created with
the use of The Movie Database (TMDb) API [4]. This
dataset containe information about movies fetched
from endpoints The resulting dataset consists of
20,0 rows and includes the following columne:
title — the title of the movie; deseription — a hrief
overview or synopsis of the movie: genres — a list
of genres associated with the movie: [genre 1, genre
2, ... genre n]. There are a total of 18 genres listed,
with varying counts of movies for each genre.

Experiments were conducted on GPT-2, BERT,
XLMNet and FastText models. The process includes
data pre-processing, model training, model testing
and evaluation. The Python programming language
was used to conduct experiments and evaluate models.

To draw conclusions regarding the use of models
for text-related tasks in recommendation systems,
two tables comparing the results were created. As
metrica for comparison, F-score and training time
were chosen. Table 1 represents results for senti-
ment analysis problem and table 2 — genre recom-
mendations. As metrics for comparison, F-score and
training time were chosen.

‘While BERT offers competitive performance in
sentiment analysis, FastText outperforms models in
terms of both accuracy and efficiency. Its ability to
achieve a high F-Score with minimal computational
resources makes FastText an attractive choice for
sentiment analysis tasks, particularly in scenarios
where timely processing and resource constraints
are paramount.

Tahle 1
Comparison for sentiment analysis
Muodel F-Score value Execution time (h.)
BERT 0,858 12
GIT 0.738 17
XLMet 0.2 13.5
FastText .85 4,9
Tahie 2
Comparison for genre recommendations
Muodel F-Score value Execution time (h.)
BEHRT 0_g2 11.5
GIFT 081 18
KLMet 0.849 16
FastText 0,66 [
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In order to find the model that best fits, we will
wes a linear additive sonvelution with weighting
coefficients to caleulate the uthlity coefficient, as
certain criteria have a greater lmpact on effective
ness and model selection. The convolution formula
s given in (d).

-
Z = max u:”:"!'Iu.I (Y]
i=lm pry
where «; normalization factors,

B welghting coefTheients.

Some eriteria contribute more and are more im
portant than others, so it s necessary to introduce
welghting coefficients. Using the ranking method,
we will evaluate the importance of the eriteria in
the following order: the most important criterion
iz F.Beore, its rank we set up as 5. Execution time
on the other hand s also important, so its rank is
2. Rank sum = & The utility calculation of models
using linear additive convoluthon is illustrated in
figure 1.

Based on the wtllity soores calenlated vsing the
linear additive convelution, the BERT model appears
to be the most suitable cholee for recommendation
solutions among the models evaluated.

In eonclusion, the integration of BERT and
FastText offers a comprehensive approach to rec
ommendation SVslams, ml.a:l]:-lnlg them to deliver

[ F-score Tisse saving (k) K
[RERT 0,82 6.5 0,275337522
GFT 0,81 il 016027477
XL el 0 B49 2 0,203525447
[FastText i, 66 & 0,234850553
_Bi 0623 0,25
uj BI3IESTITM 006896551 T
Madel utility

BEAT =8 s KMl Faatiea

Fig. 1. Maodel's utility for genre recommendations

personalized and emotionally resonant suggestions
to users, thereby enhancing the overall user expert
ence and satisfaction. Therefore, the results of the
conducted research can be used to develop recom
mendations systems, specifically a recommendation
system for providing movie recommendations bassed
o the user's post, taking into sceount emotions and
[.rth‘:il:-"!'i conbext.
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