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Abstract

The classification of classical Persian literary prose, characterized by complex linguistic structures and profound
semantic layers, poses significant challenges in Natural Language Processing (NLP). This study evaluates the
effectiveness of combining transformer-based language models and diverse classification techniques to enhance
the thematic classification of Persian literary prose. Beyond employing conventional approaches, which include
pre-trained models like mBERT, ParsBERT, and RoBERT4, the research introduces innovative strategies, such
as integrating embeddings from multiple models and employing numerical token outputs for cross-model
classification. Traditional embedding methods, including TF-IDF, Bag of Words, and FastText, are also utilized,
with extracted vectors fed into classifiers like LSTM, GRU, SVM, Random Forest, and Logistic Regression. The
novel integration of transformer embeddings with vector-based classifiers yields significant improvements in
accuracy, recall, and Fl-score. This approach not only advances text classification but also supports the
development of intelligent systems for information retrieval and Persian literary analysis.
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Introduction

Classical Persian prose, especially mystical texts, contains a unique and rich blend of linguistic complexity and
semantic depth, offering a window into Iranian cultural and philosophical traditions. However, limited studies
have been conducted on the systematic analysis and classification of these texts within Natural Language
Processing (NLP). Most existing NLP methods are designed for modern Persian and perform poorly when
applied to classical texts with archaic vocabulary and intricate writing styles. The lack of annotated and balanced
data further reduces the effectiveness of classifiers. Therefore, developing methods capable of handling these
complexities is essential. This research proposes a novel and efficient approach to thematic classification of
Persian literary prose, especially classical texts, by integrating deep learning architectures and various
embedding techniques. The key innovation lies in the combination of different types of language models and
classifiers to improve the system’s performance and address the inherent challenges of classical Persian texts.

Review of Literature

In recent years, various approaches have been proposed for Persian text classification using either statistical
models or deep learning architectures. Many studies have focused on contemporary applications such as
sentiment analysis or topic labeling, without addressing the specific challenges of classical prose. For instance,
Karimi and Shahrabadi (2019) utilized deep learning for sentiment classification in modern Persian, while Basiri
and Kabiri (2017) introduced a sentence-level corpus to improve classification via Naive Bayes. Ahmadi et al.
(2016) applied topic modeling methods like LDA and STC to outperform traditional Bag of Words, and Feizi-
Derakhshi et al. (2022) demonstrated that BiLSTM with attention mechanisms enhances accuracy in Persian text
classification. Furthermore, Farhoodi and Yari (2010) evaluated vector-based classifiers such as SVM and KNN
using TF-1DF, emphasizing the role of feature representation.

Transformer-based models such as mBERT, ParsBERT, RoBERTa, and AraBERT have shown strong
performance in Persian NLP, particularly in classification tasks. However, most of these studies have focused on
modern texts and rarely examined the challenges posed by classical Persian prose, with its metaphorical depth,
archaic language, and mystical themes.

This study builds on prior work by evaluating whether hybrid configurations—combining contextual
embeddings with statistical features and diverse classifiers—can offer further improvements. Rather than
replacing individual models, these combinations aim to complement their strengths and provide more robust
performance for classifying semantically layered literary texts.

Methodology

The employed dataset consists of two merged subsets of old Persian prose texts, a total of 2,788 samples. After
initial preprocessing (removal of duplicates and non-standard characters), multi-labeled samples were duplicated
and restructured into single-label records, increasing sample count and enhancing class distribution. The Hazm
library was used for the text normalization, tokenization, stopword removal, and lemmatization. For embedding,
this study used TF-IDF, BoW, and FastText, as well as transformer-based models like mBERT, ParsBERT,
AraBERT, and RoBERTa. Each embedding was combined with the following classifiers: transformer models,
recurrent neural networks (LSTM and GRU), and classical machine learning models (SVM, Random Forest, and
Logistic Regression). Various hybrid combinations were also constructed to evaluate performance. Evaluation
was done using accuracy, precision, recall, F1-score (macro and weighted), and paired t-tests.

Results
The experimental results demonstrated that combined configurations generally provided broader improvements
compared to their standalone transformer baselines. While the weighted F1-score did not always show
substantial gains, many hybrid models consistently enhanced other metrics such as accuracy, precision, and
recall. In particular, ParsBERT + FastText, mBERT + FastText, and ParsBERT + GRU each achieved stronger
overall performance relative to their transformer baselines, with notable gains in accuracy, although their
weighted F1-scores remained largely unchanged. The most consistent improvements were observed with
RoBERTa-based combinations, which enhanced both weighted and macro F1-scores—for example, ROBERTa
with mBERT embeddings raised the weighted F1 from 0.77 to 0.84 and the macro F1 from 0.56 to 0.72, while
integration with ParsBERT embeddings similarly increased the weighted F1 to 0.84 and the macro F1 to 0.71.
The significance of these improvements was further supported by paired t-tests, confirming that a majority of
the hybrid configurations achieved statistically meaningful gains over their corresponding standalone models.
Among them, combinations such as ParsBERT + FastText (t = —2.75, p = 0.0335), AraBERT + GRU (t=4.52, p
= 0.0040), ParsBERT + LSTM (t = 7.49, p = 0.0003), mBERT + FastText (t = -3.17, p = 0.0193), and mBERT +
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ParsBERT (t = 12.85, p < 0.0001) demonstrated particularly strong improvements, highlighting the consistency
of hybrid models in enhancing classification performance, especially in thematically complex and imbalanced
datasets.

Overall, the findings indicate that hybrid configurations are not only statistically significant but also
practically effective in the thematic classification of classical Persian prose. Their ability to capture subtle
semantic and stylistic features makes them particularly valuable for underrepresented classes, where
conventional models often fall short. This enhanced representational capacity is especially important for texts
characterized by intricate vocabulary, layered themes, and rhetorical complexity, as it enables more accurate and
semantically grounded categorization. Beyond the Persian context, the proposed framework also offers potential
for application to other linguistically rich and structurally complex languages, providing a robust foundation for
more precise and context-aware literary analysis.



Sb,e sl gl ta s e 4,00
VW-VE0 L yaw A ErE 0F by oJsl Sled (easi s Jlu

VECEILITA b VNN s

oA il
"2 ST 23 (S 5 (S S (S 2 (S dwd BB 9 9 (b S S S (23

Ol Olgiol c3lginn! ol8tls ¢ gunalS” puiligo 0tSCtils HLitils ¢ T Sliany Loy
r.ramezani@eng.ui.ac.ir
Ol e0lgionl cOlgheot o813 €3 poalS” pniige 0dSCiils i)l framedlf S (OIS uko
Melika.khandan79@gmail.com
O‘Ji‘ Ol (Olgrws! & iils G WEY INLEHN cb.»)lé Slosl 5 0L 6}5.\ (S g7eiil> cgs)hl.b dilow
samanehtaheril76@gmail.com

NS s Goee oline slaasY odony 5L okl 51 Lo w48 SIS o) (sl 5 05 54 ¢ gy O g0 ke
S lade 5 rile 6,85k Caliine Sl ol Ba b hags cul -3 53 sr o mome sreb DL 515 5 50 SIS a2l
3l oslial 45le) (stuaib gl sLao s 1053l andllae onl 53 ol ok plonil s8] (Gla 5 2 35 50 S ueib (51 08t 8
ol il ods 4 o g 35 g1l sT 5 slas S5 s, 5l ROBERTa 5 ParsBERT ¢MBERT il o555 T iy 5l (sladite
Jioo b gaih (612 Jte & Sl ol el (63de (oS5 Sloslinal b oa b dube 53 (6l (S3luacns oS 5 Jold o 5 s> S0,
CTF-IDF 0 gopas (5Lt m ST (opoman il IS & ol Joui s 125 53 Sas (s5lotige o L oS dizes Joen
aheor 31 (s paih g pze (sladdie o sl pual Lol o3, S b5l (sl 5 Lk « § S & FastText 4Bag of Words
Logistic s Random Forest¢ ‘SVM ale) (g ls = sbvais (sladdos pimas s GRU 5LSTM i85 mae St sladute
Gazaib b Ko Silayls n s KuSS b s m)piei 5 gladie slaaws S 5 )3 Liass cpl (5,51 5 . Ls «1,f (Regression
omlideas e QLA FL el 5 Gles 5L cloeo (slajlan yloliae 55 ool sy 6\:3 S ol (61> pgdnaib ladde b laoT
(et S oo o813 1) gy SIS (Gl 5 55 glias 5 S S S bl OISl ¢ s O 20 (b4l 550 20530 03,55
Oste Lol L L1 LOT 5 das 5 2 ool Slllas 55 1) uble o, 50 lenrz»_u?d‘;gb Gadie 28 L5 o Shash opl
35l ey S ) ) 58 00 Shas 51 5 558 5l o)

St e 5 S (o (58 5L gl 5 ¢ anb 0L 315 e slueis 1 Sl (S0 519

Olghol o8l il 5 pkign 05,5 53 (3l Dse S35 (2 5 go (shuaibr Ol L Ozt Se (alis )1 LaBOLL 51 48 8 5l Al )
el 5 galS pnikige 345

S Jyses ™

! L5 A 5y 8 (Soirtis SLaGEss 5 S5 Sladde oS5 i) 0808 . e ool 5 1S (Dl (L oL,

9= 1£0:0019 6 ol (sla in gy o o) SIS
2476-3292 © The Author(s).

This is an open access article under the CC BY-NC 4.0 License (https://creativecommons.org/licenses/by-nc/4.0 @' BY NG
d

10.22108/jpl1.2025.145439.1926

2, NLP
3. Embedding
4, Support Vector Machine


mailto:r.ramezani@eng.ui.ac.ir
mailto:Melika.khandan79@gmail.com
mailto:samanehtaheri176@gmail.com
https://portal.issn.org/resource/ISSN/2476-3292
https://creativecommons.org/licenses/by-nc/4.0
https://doi.org/10.22108/jpll.2025.145439.1926
https://orcid.org/0000-0003-0227-2205

*F ¢ o led card ) g o [ ia g/
\Fe¥ Of&\ﬂ Jslsles v.h)}ld\.ﬂ GGJ& _ ‘LSL“J"'“}J-’, ¢4

doio )
355 31y (Sl CooSom 5 gl (3 51 ile o (slaaeS (b e O ste 0554 ¢yl SIS 5l sla 5
Lo )l o g5 ( 28 olme sa godomy (g0 Lgba}iﬂ codems Jb) layllu Lo ge pl Llosls (gl
Gos ol 4 (laom 53 a8k (s e sled 4 ()b Slusl 4 Ol ddle 5 0L sl O Kia sy sl
5 o sl m (S0 Sl 5 La S (Ll An a8 e sy s Sy 5 o (G A5l G e
ab ;i (Sl bg) 5 Uyl Rl OIS .ol ol plonil nnks O3 553155 5555 55 Ogie (] S et (gluai b
il 05,5 39Uz ole dnel L;\J{\)M)')IGLLA cpl heslanl 5 pw zws (w03l Oste o (S
(Blodd oIl ()b Oyde 5 (casas D52 S0 352 50 (b OLS 515 Sl ) 51 (6ol a0l wa 5L
3, Shes (it (55 odomy S 5 S O 31y (gl)ls 45T ST ool sla 5 o 53 s gy ol
Gladde S35 o3l (laae gazms 03505052 5 0li6 108 5 Slaosls 5508 ¢l 0530 LIk o shlas
S5 503,85 o e 1y La Sy nl Al 48T ola sty (nlpl e g 28 1 (gnaids
el Hlsy e oYL Coaal Jlcdias s g | duaid sadus

o (23 O g psgin 3 (£ s gn (Sl a6l p aTHS 5 wlsT s Lhy Bl cal ol o
S e Gk 5 Gras (6,8 3L slagssbams 15 3515 55,03 )l s 5 pes b anllas ol
20 s (sianans eSS 5 L) gladie oS 5 L sy cnl 3 000 0 0 (Sl LSS
4S (65,50 5, sl azig OT (S 55,555 53 G () (SIS (6037 55 ool (o yl6 O 520 Sy (sla 2l
Jie &S 51 Lais 48 Jgldie sla iy O S o oS 5 S0uSG L 1y Sogline (glas )87 b Calibes (sladute
Jelos S Lgmas R opl oo o0 0 g Caliee Sladie oS 5l anlllan ol (ST e 03linal Line | Sl 6l
comile 850 e sy 5 4 ey SU5 sladie 6,855 0 b 4 s o il 1 ()b SIS (5o 5
Ol 5, 5, ol LS o sl Slusl SLs e 5 S polie ¢ gline Lailss g ogb 51 030 (531010t
3l gn oal 5 o) cpl 53 15 (sl H0ke gas S5, S50

3G (B ) e 355 o (o Bad e SLa g5 5 B sl Il s pl Aot s

Lsh o o g 41 b i besT 5l Sl @L:J (Culgiys b Al 5 0sls o St @ ool slade

S Derslex ¥
dovda 1Y

(Slipail S8 U8 e M e 1 (e G ) 5 e 65 0L gt adile S S L s o
ST Lo ias L (6 m)siw 5 sladis 3l bkee oty (sla gl 45 Jlomys das il 01y )b ool O s
Las, S5 ss ol oS 5 bl okt gl sy glacens ) S 1 s oyl ediles S slizal e O 5o
(At i ol (SLie 457 e 5515 T G S5, 9 et (S 5L sladie ¢ b cpl dalsl y3 s yls S0

Dgh o ey o By 2l S 5 sk Gl g Ad Ll e



VY 0L 5 Glae,; Loy / (o3l sla 35 shudih 3 (11 slusiws (sla by 5 Sb) sadde oS 5 b5

S p090d ¥ S Jo LYY
plas Olajpn <553 OISl claosls (o 5 51 5 Gt & Aud Gaos (6,830 (Golens £ (60 sk Slade
LT s LIS Ols ()l L 5 glime Laslsy Jows 55 JI5 et 4y 5 A8 oo el 3 1) JI5 K gla S5
S o3 LS ST il (g ki o oS S slizal cladite ol ol (S35 (MO et @l 2024) diza
Lol e o> b ctile Lo 5 gl 10l 53 (6 50 pid 5 (Goloms a3 o (55190 oy ot |y o Calides (gla jtu
b GLaslg o lalid e (i adas 31 onch 0L 3315 1y Sl Sl (sles oS b 3 oo sy
3GPT BERT wbe glodsaslis sladas .(De Vries et al., 2019) ws 4§ 5 4 o dd 55 5 (g iluasdst
OL5 ol 55 53 Ikl &S5 4 VU LIS 5 Coms st 5 Al arw 5 (6 lens ol Lol , ROBERTa
050 6553 53 0T VU LUI5 5168 0 e shiion (6 o s 5 ladute 51 55 (hasy ol oisd ool (as

3,5 oslanal ¢ gw )b o1 O 50 05 94 codomy

ParsBERT Juw #

sl 4l drnn 55wy 0L (6l ol ysba s BERT (ghlems by 457 ol 4l 5SS Jube ¢S ParsBERT
b (3l gla 5 (gdnaid usle alb s plasil (gl o g o 5 el i Osdos 53 1 i Sl ealizal L Jute
(Farahani et al, 2021) 5,15 5 ,,§

AI-BERT Juw #

as gazes (S5 e ol Cwlodds 1 b oo 0Ll o ) sba &S Sl Gl 3¢S Je 5 AI-BERT
Lo i 4 (0 SSoily 5 (ble b 5 (e (eigains O e Ghollg (51 5 s 25007 (o0 555 (slaosls
i oslaul )b ool sla 5 gduaads ol s AIF-BERT o)y, ool ys .(Antoun et al., 2020) 5 54 s oslaza!
o2 s Jaie l el 201 s 0,8 OB 315 5 S Juld 0315 de gz 53 (o)l gar B O g0 |2
b b3l e )b o3 G s 55 ade S5 b aeylie 5 ool )b 00 3315 5 3 0T 5 Slhas

mMBERT Juw #

Sl da ol .l ol 03ls 55 40T ¢ gyl 0L aha 51 cOL V0 F (gl aS7 Col @il sk & Je MBERT
St (gl ¢ oy e dd O g 53 oo DLl sy s godd o1 Calises O 50 55 SlalS Gliae S5
(Devlinetal, 2019) ol o o3ls jadels canlin jo oy o3l sl 5

RoBERTa Juw #

Jlasl L due ol ds o5 e FacebOOK Al o5 Lo g5 457 Lol BERT Jubas 1 a8lis sy (sle5s ROBERTa
23 S 3, hes (sdn o 2 i il o ule cCiles Slagssloaig 5 S35 seT Al 5 SR
FATHE Sl glaslg sluls 5 e guauaid ¢l s ROBERTa .das o Olid 5 5 5 e 0L 5505 5 by
(Liuetal., 2019) ¢! BERT I

3383 3 4o Ll e a5 Sl odis 30T odkidig SSTSS 5 03 28 (glaesls l eslizul b Jdke oy
S LS sl ool gl gunails

1. Multi-Head Attention



*F ¢ o led card ) g o [ a gk /VFA
\f?bf&\ﬂ Jslsles rﬁ)}JJLﬂ GGJ& _ ‘LSL“g*“}j’, \F

S 3 (e 4D S Je KLY
Olaj & aiesls 5 o 7 laesls (2515 (611 & Ao (o gme s eS8 1 o5 385l e slaaSC
s Oy goas 1y Lo g9, 45 Jgame omae slaaSs O (Rumelhart et al, 1986) Lloss ~I b
ol S e L onls gla 15 e w6l 1y (LS Sledbl 45 din st (glabibl (glyls S o 551
S 1 Gls SLags o oo ¢ bl o 5 il s 53 (S5l e Sl S 55 0 Lol S5
33 OlalS s bLs,l bds b Ladis onl .(XUE et al, 2018) sl e sluw b OLS 515 5 4
3l oS e JLadl O smmen ola (S 5548 )b (3l 0o 3505 1 6l eascnlil 6ls 1y Y b S s
AT o Ol 4 cnlin 5143 8 cded Do SV b (gla Saals (2515 5 Aia 3l 5 05 odoms (§ g (sl bl

LSTM Jae  #

Glrosls 53 3L S (bl OIS s o (gl 2 45 Sl 228 5L e laaSd ol g5 'LSTM

55 Sl gla Kils ( gol 5 o5 5 ¢$3355 SLaoils)s Sl oslinul L LSTM ol 4l dnw i o5 5
Ogomet islbs gl m 5 Sl LTl 1o 5 20 A5le o5 5 gloosls b 7 53 Jde 15,8 oo 5L 1) Laesls
(Hochreiter & Schmidhuber, 1997) 5 44 0 oslazul e Jdow g4 20 9 ble dax 5

GRU Jwo #

3531 ddie ol il o >l b (6,08 (sl malyb 5 Seslu (65l b Ll 6wl LSTM i "GRU Jots
bl I 208 o pme Jodsay 5 A8 e eslital Dedily (sl Saaly 6,55k (62 SLEL 5 Slassan ol
by s ul Jieliie g e dile o 5 slaesls Sls 53 G GRULCWILSTM a4 S (6 jang Jde
(Choetal., 2014) 3,I5 5 5,18 e Jdoei g4 255 5 cdlo o 5 ASle

5753 55 Sl K Lol s G50 o ST Sl g glime Lol sy (2313 5 53 (6 5 5 5 gladule o T
Olsie45 GRU 5 LSTM dsile 8 3L omae slaaSis loslimal ¢g, 013l 655 (il Hlas Sy SbLs |

.Mobm‘&xaé))

329 SIS s g SlaesisS LY

D13 53 $34e Dy sons D Skl Sl kol Gl tes 5 S (S bl g ladide 5 beSCSS
L soleT SleMbl a8 aS o s e3de slayls a1y e slaosls ladde (sl g on O gumes _gmubs 0L
Lo gyl ool Coda S a0 53 dle (6,8 5L slaens s 5831 (51 oslial 15 6 53 1) (e e
S o g 55 gy |y 0T Al b peile &7 Gl IS @ e o les (g lweslas

T 5 o el oo s 53 4 ST gbas gy !

. RNN
2. Long Short-Term Memory
3. Gated Recurrent Unit



V0L 5 Glan, Loy (o3l Gla 5 (sbaih 3 5 (61 (stbains Sl sy 5 (b5 sladde oS5 b5

el 48 Cul TF-IDF ' Bag of Words Jsle o LacSisS Jals amus o1 1okl ool (Slaesiss .
2SS sl 5 35 e 4 S o sl SLlST s 5 Bag of Words ¢SS s .S o Jos 20 55 LS 1SS
3 Lo 650 Doy pom e o e s 3 5 oo 03l e OT (Sl (B35 0150 5 tmlons (0 655 )3 4l
(Manning et al , 2008) das s OLii 1y e OT 53 4edS™ o 5 ST sluas 457 555 0 0313 o led SLIS™ (clayls

IS 3l Slae 93 5148 ol 20 53 SIS Canl (6,8 051l (51 555 SSS & (TF-IDF SGSG Lol
L oldie 33 oml oS 5 diS o o3lil (IDF) (0 520 48 sozes 53 4adS” 1SS sldas o Sren 5 (TF) (020 5 4l
sl 8l s ol ST e 3ol LIS (lasls 5 e 5le &S5 e 5o SIS s el 05,8 adeine
355 o o3latul Calides 052 53 SIS e

S o 53 JalS jsba 1) (5o 5 glias alsy Lol 6 s i 5 e )T 03l (eSS

sla iy, 3l S Gl FastText asle (g jluass sladde Jols (glarws 1 x 395 (S 5 8b g o SB S .Y
o G320 3 pline ) 6553 4 536 adile ol o 050 S35 5 5B bl sl 6l G 6850
FastText ¢l 0550 il 6 g 5, Shas oy 0550 el 53 Y gome 5 JoUlin et al, 2016) s LalS
Slasls p ool 53l |5 es,ls s ladios 4 o (6 i 3, 5hae ¢ oS 5 5 500 SIS (gluan )3 0394
Laddes ol € 355 o0 Col S 5ng opl S sl gl o ,all LOT 55 SIS &8 e 1y bl 1) SIS
S s 5T ab 0L 5l Cally 5o

A ) cpudilo (8 3L (S Je O
Slreals 5l (st by plasl (5 457 5 5 o GO (gl 58 4 eyl e (5,800 (sladote
slrc 5 \-“;}1) WS s gladsse Juls soise ] slresls s opl 53 . AiS e eslitul Hlscme
ol oy Lgbsjiﬂj Ly, ‘_gj:f.sli c%ﬂ.);\“ o) ol o Ll ol s ol T & (s b @L:S) ab g 0
Liws 95 a0l i, il LS;:f-’\—L Sladde . Conl i (glaesls (gluatns b s i ) skateds Waosls 43 5 6 50
sladde 5 (Conl Cadides L;uabf o Laosls jaass LalT Coda 4S) (gduaws sladde 1l si s V.:wﬁ &
3SVM Random Forest sladus 3l e i sim ol 53 (Conl (g3de pslie i i LaOT ot &) O g S
ol o 03kl Gaes (6,8 3L sladie b iw piile (5,8 3b sla s, 5, Shes Luwlie I, LOgistic Regression

Random Forest Jow #

03Ul O g S5 (Sl b 5 (Seains (1 b o ol ile (5,551 o550 & Random Forest Joe
Sleslisal U 5 (dslaai &) pamiy S (628 el Sost 3 iz S 5 L due ol (Breiman, 2001) sy oo
Gyl ol i 5 oS 5 A L et 53 gl (lylgips S o Jus cilods a5 goT (slaosls
3,0 il yls S2alS 5 VU Coes ¢ 35l m i il 53 O350 pu,.}&gj\ oslizel Lsa e opl 555 o0

1. Bow



*F ¢ o led card ) g o [ a9 /N0
\f?bf&\ﬂ Jslsles rﬁ)}JJLﬂ GGJ& _ ‘LSL“g*“}j’, Vo

SVM Jae  #
5w gbaoj s 53 & 355 0 sled @ oli s 6,850 M)ﬂéhﬁ)}ﬁ\j\&AéSVM Jbe
ﬁ@;ld\a}?@\,uuuuw@‘;mx%L@ﬁ‘eﬁiwpﬁ,,ﬁ\J_\.;,\;G;lj‘;sﬁ,\foﬂ;,
Oy godn Wosls ST Jal 5 55 (Cortes & Vapnik, 1995) 555 5 1d ba WIS o (65 0 Aol o8 S oSS
O b S o sl VL sl b L 1) osls i S7 w5 51 (68 0 L SVM il (g5lultor BB Lot
Gl mte =l n 53 53, VL sl L glsesls (g tatns 55 (VL Coes SVM L35 0l 5 60T S eSS

RO

Logistic Regression o #

Hosmer Jr et al, ) coul o 5593 (gdvaiws 5l o pudle 850 v‘w-{“ ¢S Logistic Regression J..
ol T S e eslial ol L G 4 baesls 3l Jloa! (i (1 e 5o Sm ml6 31 dike (12013
5T, coslw ¢S O g £ 13 55 oo (.t_?,;ioga\)fums.\_uu Golwag sla bay 5l eslizul b Jde

.3)‘3bﬂ)t{&))))é»\l{%ﬂ}b‘jwé‘ﬂ%}wjQ‘ﬁ%ﬂvﬁ'

LI ST
Sl Ol d gy 0 58 4 0T aline 5 guarb Jlus jo ladde o8 5 Cos own jsbtea ob 550 slalas
3,0 U dias o OLSGal 01,8t g5 40 Laslme pl 5,05 (Sts Jle Colal 5 Laosls ol sla S5 5 4 colin
ST (gl 5 (2l b slaesls » O Jlest 51 2 1) e

SLa sty S 318 & oo Sla s 3185 e Olire (ol b5l lire o Fosl H cme #
5358 e elital Ladie 3, Shes U551 6l p (JSHsba S s o DLE 1 0313 45 sazms &S5 (gl ouliplan]
(V) ddasly 53 slme cpl sloes gy ol Cms 55 i ool o e b5l (gl addoslizul (glalms 51 S

1] ol 0nls OliS

Number of correct predictions

Accuracy = Y i,

Total number of predictions
S5 g0 o Bly St Gadised JS 1y obe o o Lol T 8l Slate S lne ) T SHl9S5k #

o |y Cie (slads gad Cnl 53 jdi Jde &7 s o0 OGS Sl 50 s oole o A e OLES besls s
SalS 0T Sl 5L el axsls (¢ 2t (O35 Cote) Syl St (Lo g b 3ldad Jubs jli 8 ST olulis
skl sl sl 5 sla WS T~ el s ladue SUls L5l sbae cpl S tmgs opl 5o bl o0
Sl okl 1,1 (V) sty 3 Hlane ol dewlome 0 goes ol 0

I, Accuracy

2. Recall

3. True positive
4, False positive
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2, Tokenization

3, ParsCNN

4, ParsBiLSTM

3, Attention Mechanism
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