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EXTENDED ABSTRACT

Introduction

Language models have become an important element in many natural language
processing problems. These models are usually trained on unlabeled data and then fine-
tuned using labeled data for use in final problems.

Among Persian speakers, sports news is one of the most important aspects of every
Iranian's life. Sports fields such as football, volleyball, and wrestling enjoy a great number
of supporters. For this purpose, language model of sports in Persian language was
examined in the present research named VarzeshiBERT. This language model is trained
based on the ParsBERT language model, which is a general language model in the Persian
language, using the data set collected without labels from the collection of Persian
language sports fields. This dataset contains 2.7 million documents and 25 million
sentences in the field of sports texts.

Methodology

The VarzeshiBERT sports language model is based on ParsBERT model. This model
needed to train 110 million parameters. The training of this language model was carried out
using the RTX 3060-12GB graphics processor based on the parameters in Table 1.
Considering that ParsBERT is a language model based on BERTbase and trained with
general content in Persian language, the existing model of this language model on the
HuggingFace website was used to teach VarzeshiBERT. The parameters of the optimizer
and other items taken from this model were unchanged.

Based on the BERT language model, the training method is a masked language model in
which 15% of the words of each sentence are randomly selected. Of these, 80% will be with
the [MASK] token, 10% with another random token, and 10% will be considered
unchanged. The goal of training the network s to fill the masked tokens with suitable words.

Table 1. Parameters used in network training.

Network parameters Value Hyper parameters Value

Hidden layers 12 Steps 1M
Attention heads 12 Batch size 6
Hidden size 768 Dropout 0.1
Sequence Length 128 learning rate le-5

Results and discussion

The VarzeshiBERT was evaluated with three problems in natural language processing
compared to existing language models in Persian language. These issues include text
infilling, sentiment analysis, named entity recognition. Due to the lack of labeled sports
data setin Persian language for the last two problems, a new data set with manual labeling
was prepared which was used to evaluate the sports model. In each of these problems,
the language model was evaluated with the following models, which due to the
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specialization of this model in all evaluations, the sports language model showed better
efficiency and results.

—  mBERT: the multilingual version of the BERT model, which includes 102 different
languages, including Persian.

—  XLM-RoBERTa: also includes 100 languages, including Persian.

—  ParsBERT: which is the basic model for training sports model with sports data set.

Text infilling

One of the problems that was used for its evaluation is text infilling. The results of this
evaluation can be seen in Table 2.

Table 2. Results of the evaluation of text infilling.

Accuracy
IR G Acceptable True
XLM-RoBERTa 46.45 22.31
ParsBERT 65.17 35.65
mBERT 40.23 24.28
VarzeshiBERT 71.7 40.12

Named entity recognition

The purpose of this problem was to find the identity of each word in the text. In order to
train and evaluate sports texts, a new dataset called perSportNer consisting of 4732
sentences was collected. The distribution of classes of the new dataset is shown in Figure 1.

Figure. Frequency of classes of labeled dataset called perSportNer.

Fine-tuning the network and training it on labeled data was carried out using four
evaluated models including VarzeshiBERT. Figure 2 shows the NER process.
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Figure 2. Structure of the presented model for the problem of tagging speech components.

Results of this evaluation can be seen in Table 3.

Table 3. The evaluation of NER.

Language model F1
perSportNer
XLM-RoBERTa 80.3
ParsBERT 92
mBERT 83.1
VarzeshiBERT 95.2

Sentiment analysis

User comments on sports websites usually indicate the status of a team or athlete and
the level of satisfaction with its performance. One of the uses of VarzeshiBERT is to analyze
the sentiments of users on different sites. Due to the lack of an independent data set for the
field of sports in Farsi, a data set of comments on the varzesh3 site was collected. The
distribution of the collected dataset can be seen in Figure 3.

negetive neutral positive
Figure 3. Frequency of labeled classes in the perSportSent dataset.
In order to fine-tune and train the models, a linear prediction layer is placed in the

output of [cls] token of the evaluated models. Figure 4 shows the structure used to train the
evaluated models.
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Figure 4. Proposed structure of the model for the sentiment analysis problem.

The Macro-F1 criterion was also used to evaluate this problem. Table 4 shows the
comparison of all proposed models using the perSportSent dataset.

Table 4. Evaluation results of sentiment analysis for proposed language models.

Language model MACRO-F1
XLM-RoBERTa 73.39
ParsBERT 83.43
mBERT 75.12
VarzeshiBERT 89.32

Conclusion

The present research is the first implementation of a BERT language model in the
specialized field of sports. BERT language models were trained on extensive datasets. The
sports language model was prepared using the ParsBERT trained model and its retraining
using 2.7 million sports documents. This model was evaluated using three important
problems in natural language processing and demonstrated that in the field of sports texts
it provided higher efficiency than all related Persian models.

345



d‘dﬁ?,&.‘)bmbu@kmm
FEV-FUY o) oylod Fo 5y VET oo
https://karafan.tvu.ac.ir/ :a pis (>

d :10.48301/KSSA.2023.357227.2251

) b 3 (o559 Sl o Cqx BERT 1 (e (5L U
Yoslj gl (s mol cymel 7 F 03510 34l

{)I):‘.I ‘Ol).g(" ‘dltté?hjié oKy ‘)’?‘*"‘Su“’“\“@(" o»fmfolc uL.m pas -\

Oyl e e Sy pole oKl o Sy 01l  Kbjp Siloygi] 0gF 8ol Fixa Y

LXVCES

Alie WleWb!

G531 8597 b dad o Blass 55 Ll 9,08 Judo 4y oo (35901 (S5 sla oo
5 BERT asile Sbj slaJow aziwn Jlgls cosal glls b slagl;
by sledos ol axgi Jdo 4 ailoas Jls je5 5 lidoee (los (6 yiden Cangemne
3 Wgdee Sguzme by iz sla e 5l (B gl S (oS 0y &
9 Sl Judoo jlaze 4 PErsianSportBERT b Jaw callis ¢yl
B 52 5y Joo ol ol 005 &) b3 355 ol b e Bl 5o (oo
FEOW PRV ua)ya] X% d)sié“? 03ls degoazme I oolatul b 4 Bert by Jse
wlolun! Julos ol ond sslitul waz Sb Joe b3l ¢y Al an
b o ol ua)ya] Sy B Gl 0,5 5 g 0ud (5,060 slaslys aseis
alayg 500 5nd 00ls degorme S ccawlivn (slosls dcgazme 3529 pac 4y a>gi by
@ azg Lol ok agd bad iy gz e iz 5l o)l 0L S50 LS s
Ol @l oads &l (Gby gladae b anslie 1o 5 Jow cul 039> (391 (caass
INAY L Jae ol sl osls @il )l (6 g0 gl allas a2 50 Jaw ol oo )8
ol 9 JB lr 595 s o i Al 0 Shee G TR0
S e oB5ys e e ololes] Julos o sl anils aad (6356l slaolys
Lo SUj Joe (605,54 cans oo i gl (bl alils ol jon a4 1y (6 g
856> b Lol lag o Sby sl Jow b avglin 10 (50 gl (saass 659> 0 L

nls anlss (ygie sogas

gy dlie 1o g4

VENENY e by
VENSAYY idllie (6,505L
AARRTARVARIERN [+ PRV JeR )

1 3lg a8

Sk Joe

b ol by
cloles] Llos

ol d)l.'\iob' dlmle('» YRS
031> as gasxo

035w 29l 1 ghmno Bk g5*
Sy P! Canny

dsotoude@tvu.ac.ir

0 @ (d) & | ©2023 the authors. Published by Technical and
Nt Vocational University, Tehran, Iran. This article is an
open-access article distributed under the terms and
conditions of the Creative Commons Attribution-

Noncommercial 4.0 International (CC BY-NC License)

(https://creativecommons.org/licenses /by-nc/4.0/)

YOVA-FFY 1 Sig ySU 5Ll
YYAY-AYA5 : gle sLLS



https://creativecommons.org/licenses/by-nc/4.0/
https://portal.issn.org/resource/ISSN/2538-4430
https://portal.issn.org/resource/ISSN/2382-9796
https://karafan.tvu.ac.ir/
https://www.doi.org/10.48301/KSSA.2023.357227.2251
https://orcid.org/0000-0001-7929-1303
https://orcid.org/0000-0002-6016-0298

FRI-TEY O oylad ((VF+Y) Vo (31,05 oke aolibiad 93 i Juloxi e BERT 5 s i3 Joto

dodile

e o JSas 1) Glpl o (Su) slagidu (e 51 (S (B9 SLS 5 (Riys bl (el o
oblgb s, Llos il e Sl Ghlad b (s plaS o g (225 Ly (JLigd abox 5l (25555 slaejs>
Ol oz i g (o) e laglhy 4 (2559 55T C8b 0 (ladyb Cold) (e (st o o5 )9 chlize glags
Sl I3 35 o B gy 0550 om0 2310 5 839 g 45l (5350 5l (Fod 5 gm0y 5 %
S 05 583 f50 15 (5 0 @l Wi oo el 039 (8555 gt bl 2 O] Bjgel oS aadS S Joe S
Al Bl ol yon 4 sages (b slade 4

el 00l (amb slagly A3y Blas 5l )l 33 mte yare o & Jood p2 I 50 Sy s
(SIS oz 2 (Sl03l5 31 00l b s 5 g g0 0018 T 5l ez 2 (1900 (sloools (55 2 Vsane o Jas (]
& [Y] BERT ale [V] (o p otie (st (sl Joo g oo (330 s ¢ ooles Jilawo o ooliciud g oy
ol e S 1) (6 oKt Slaaiye wdil o o0les s ¢ sles Bl (sl T 585 pulas aS o Lo
sloJas aloz 51 [0-Y] sl oas 1)) (g s Loy sl o1 31 o 5 (oS Slgima sl ol o (S5 Joto
95 2 Shoied Ghisel b G5 slodae cul 0,5 o)l [F] XLM-R 5 [YI MBERT &, (g5 o0 a0 S iz
(S5 sladse nl bawgi 5 (o)l (b gt oe aiSle @lie K03 9 Ly (Sug 5l 485 il slalhy (gt
5 B Ok )0 el A S 18 ) 0590 (g ko SWe o S5 sla e ol QLIS 09 e Sty
o3oe Sk Jow Ky gie 4 [VI ParsBERT ales 3l el ool &l 1, BERT i e b sla o «¥lis
Sy gaass 8y Sy Jae o olgie 4 [A] SINABERT

3K o il 05 (Y5 5 e (310 1oyl 05 5 el (glools asgame s92g pas s &
SINABERT ol b o Sy 359> (oaass Sbj Joo qoyls (b ,0 oo &l saass Sb; sgame slo oo
8597 1 b Joo 9939 pas sl o soliiul Sy saass g 5l SINABERT &l 3550 (sl il oo
Loy ool &l (g lexs 5l oolail b e cpl jo all oo guw)ld b5 0 Jow iz ol ol 65,550 (08359
Slyme ool G5 Joo oal 805 (sl sl o )l (59 (slyime b (paas Sl Jo S BERT
oo (pl Sl 4 azgs bt oud plonl (75 slacle (2255 (A%u b g (8555 slaculs Sl ead gl Fa
5o 4o PersianSpontBERT  Jb; Jow 5 eslicul 1wl ParSBERT aSs (g9, » Loyl &alol ¢ S
G315 Jlaws 51 (o 53 48 090 ol Sl azeats (e Ltaan Lol sl dy ISl (g 6 (5 sl
<y a5 ParsBERT by Jaw (ol 32 5k Jove 0l 955 )18 03liinl 3590 (25559 (95 8592 53 (b b5
asgazs S| iz Gt 0B (slaez 0old asgaze Sl ookl b wilbice ()8 (b ) (o30s S S
5397 3 Aoz (gekee YO g s (yeben YV Julis 0ls dsgazmo (i so (bjgl (o) (15 (o35 sloejo
boe ) SR Gl by Jae cnl sl Jolpe adloe (o559 g%

oS G590l Sz iy e Silw odlel -

aox jl yre wlie 51 BETR L 4 ParsBERT Jaw) oo oass ijgel i 5l Joo cdlys =

Huggingface
0 Gy degorme b Al sume jsel Sz Sl 3y sl el iy —

! Natural language processing
2 Pre-training
3 Fine-tuning

A\RA



0335 o (5 ol (ol g 0083w Ogls FEI-FEY ) o ylosd c(1F+Y) Yo (481,15 ol doliliad

Az b gy iz 5l wolitl 0550 38 Covs g a5 Sloglats & ey an T ) &b el 2l -
(325 walg> Job atin

HuggingFace colu ;o 538 ,L L 535 5l eolatal b les Joo ow jlael  —

S5 Joe @byl i 4 e a0 Dles Jro 55,54 —

Joad 58k (slaolys s alor Sl grb (sl B3I )0 ke i e 5 (S Je cal (o)
Slools acgazme 51 5L pli o bl anl B all Caa il oad aloxl T I e 05 S olulas] Lo
by sledse b Jaw ol ohl5 Coles jo ol ouds oolannl oje 5l plaS™ j2 10 0als (6105 ey o003 59
ol 48,58 (guy 0 3590 (o) 0L Sl 0929

(Sadly oo cnlar (orlo Slacby (31052 8392 Bl 51 (6l ¢S sl ke Congame (il 4 a5 b
b7 SIS e b Jow 5 ales 51 IV wlosls &l)) STS mbaws 5o glo o «liios 3 (5 los S log
SIS adaw glaidsg i Joe 5l (6,500 ot 50 el oad &l [A] 00 a3l eae slaasis 5l ealia
D] e oas oolil "e S5 5 2l oISt 88, gz Sy Slegdse gl

s ) sl ansls gl e Wl ge il g 1 aalS e aS Al ol e Sby il e
SN was e (25w cal ot o e 5" (o 5053 (6l IS e, TLaShe M35, b slaote
VLSTM (slaaSets p (siian 93 1 45 idgs 039> ol 0 oad B yme sla o [VF] ULMFIT 3 ELMo [VY
,bgs il o 5 ELMO oS J> o 8 poe o2 &Y wix LSTM oSt 5 5l ULMFIT Lo Vo
Iy (oattin Sant ¢ 559, 53 o S o olatwl SlalS 5l Slallis j5 gam 5 (L8 SlalS iy i <> LSTM
IV] ssls 1)) (o slaply 331 0392 55 ke Jilaws 5

loosls o bls )l (anseis 4 ol Lol as g a5 [V aites Uil glo Jow ¢ oo 5 slaJoe (1 1500 diges
Jxe ol 50 el a8 K )18 oolatl 050 128 5b Al g <o oplpd LSTM (5 5y .l 39,5 5 (69559
ol LTy cdlys 1) lacssg g g5 3850, 398 cn oolinl LS e, 5 1S (sl 4 Cusgzge 90
Sb Je iz 09l o0 i LaS 5, Lasgi (29,5 (I o 4 ol )3 Sl cnl S (o IS VL Slal L
55 o)Ll [Y] BERT 4 [V#] GPT & i oo 45 wiloas = ke 95T  JUil slo o ol »

Casl 00 g hae 43)b Sy g0 4 Joe ol il 4l el Jlgte 6LiS 5, VY ) slaxsy (ol ls GPT
SlalS BERT Ko GByb 5l 0,05 o )13 sy 9550 955 (L8 SlalS 4y Cod g5 aalS 12 a5 Lo (opl &

! Named-entity recognition

2 Sentiment analysis

3 Text infilling

4 Character-level model

5 Recurrent neural network

6 Qut-of-vocabulary
"Encoder-decoder language models
8 Sequence autoencoders

9 Sequence-to-sequence models
101 ong short-term memory

11 Encoder

2 Decoder

YFA



FRI-TEY O oylad ((VF+Y) Vo (31,05 oke aolibiad 93 i Juloxi e BERT 5 s i3 Joto

4 o)l 50, 5l (glatdy Jf rizeed WS (00 A3l0 5 00l Sle b Joe Sy iy i b ] aelS o sl am 5 S
80 b ol oags gl e 5l a8l 90 Gaee & 5l Slaged by, ol b S oo oolainl LaS 5o,y aiiy of o
ROBERTA [\V] XLNet (slaasos ale Js! » e b lislo Gubal ol 5 ool ond (B yme YU
& Plao 10 o ol (Kot a5 el 00 Byxe 95T [YV] ALBERT 4 [v-] To [Yal XLM 1Al
ool aS all o JS! 5 e Joo G &bly 10 BERT b Jaw wilosls &1 ks (slacyby Goslo 59,
b Je nl Ghjgel Al ye S (o 2L 0 |y gl (bj90] cgam Aoz pareis g 0ad Sule (Jbj slase

Sl sl VS o

/usp Mask LM Mask LM \
* @ *

BERT
E|cL5] E| | l EN || E[SEP[ || EI, | | EMr |
=l LT L1 L1 [

mm m mEr] || Toki | m
I—I—I \_I_l

Masked Sentence A Masked Sentence B

* /
\ Unlabeled Sentence A and B Pair

I¥]I BERT b Jowe N S

il P s ;o oolid Cqz aSid el sly BERT 3o oola oS &gl (350! 51 mg
255 0 )l B ol 590 gl Sl

SCIBERT o (glp .l 00l ooliiu 990 iz 0 o656 BERT bj Jow ¢ gaass g 859> 50
b slaosls paass 539> 4o [YY] FINBERT ( cguas h9n g cole Olegoge cmass 555> 40 [YY]
(SeinkS saazs 85> ,0 [YO] ClNiCAlBERT « Sip Cuns; canss 859> ,0 [YF] BioBERT
- Ggi> eaass 559> o [V#] LegalBERT

Sl ELMO el oty ail)) (Sl 128 slalh sl 0555 B s0by ladowe skl 3,50 by (ogas 5
&'y [YV] BERTje 58 b BERT aSicis 5l ooliciasl b puizmons anol o il [VE] SldT g oly o Jis 0 b
ool sy 6,508 slaJae g oye b sl [YAT AraBERT « oUWkl ob; sl [YAl AIBERTO ( saila b5
ool 00l i)l 505 (slaply (B g (J 5 5 (sg) s

el oa ) by nl 31 Slataa b e iz 095 6 BERT (Sl Jue sloslinal b (o) (b5 839> 5o
859 4l oS Canl oy b 3 Sl b b sla e sl alex 51 [#] XLM-ROBERTA § mBERT
Oizpe o sm )l (5 sl uto ,540 3l et ()8 by sl) i slools asgazms 831l 5 (570 caass
YA 5 G b a5 aib oo (ooges 8595 50 (omyl8 S Jde o (Jow ol 0,5 o,Lsl [V PARSBERT 4 olgi oo

¥4



0335 o (5 ol (ol g 0083w Ogls FEI-FEY ) o ylosd c(1F+Y) Yo (481,15 ol doliliad

[A] SINABERT w0ty il ;S5 Joo ool oss (30l Loy 9,8 (sloolSiig 3 slaodls 5 )Ll dis (ygnleo
s PARSBERT Juw 5l eolasl b Jow (ol sl ools &bl [ 1) 095 Joo (Sispy cygi0 caasss 859> 0 a5 ol o
Joe 0555 B (o)lb (saass slaojer Suo 55 e ondonss (isel (S (saasS i (gelee YA Sl i b
O (109 Opiew (izred g ceslie (Slosls degezms 39z pac Wilgi o o hYs aF el caid &Il g0

23k BERT 3590l ol ye slasisls

i po Sbj o
el 0o ool Sl b, s i oo Slaiin 1) o) by &5 Zykae Gl Joe ¥l i ol yo
(o3os Oy90d asl Jow g [V] parsBERT , [#] xIm-roberta-base [¥] MBERT ;| usLe oo ol
Lol 00 asd (o )l8 () Sz P Dj50 i pges Joho Lol 0S oo Slaiiy 5 | s @) slacl; Sl sk
b e 5l (S el asie aily iz sl 57 51 g ks (sl a5 Lo #okae U5 V- F 5l Slecs, LMBERT
Salugg 5l malie 0ol dsgazme ( 3bj Jow (nl (isel sl ol 00,5 (Byme |y ity 0)50 0 Gstien L
&2 Adl o0 DMz (g5l g b (e D g0 4 ool 050 00ls degesme .l 418 T )8 oolail 590 by Sog
b Joe ol ol 0 ploril o0l acgormo ol g9yt oo Lamsgi by b sl bagh s (5,05 w5 4658
22,3 V0 MLM o el 08 3501 (NSP) g0 dlo> i s (MLM) ouis Sole Sbj Jawe 5l ealaza
) ool chtee SlalS b a5 ¢ ybgel il )0 .l ool it o ol Ojgo 4 (639,5 dlex o SlalS
45 hne o bl oo DDez 58 g 50 Dypo & 4Sed hisel (b sladae 3l g5 ol 50 el i
Sy duplym A8 56 alen planl DllS 50 Az BT OlelS (gam DlolS p ale adgl SlalS LU 5 odle
ey gl (2l alez 50l S e 28l (53959 5l Hlojar Djgod | ez 90 4 5 NSP Jas 5o
O3l P b Sl e 0l 55 o ey (L3l g gl (alS g il oo o8 e Caly alo 90 ¢ o8l
5l Slaciis b 35 XIm-roberta-base € .23 b axil o2 yw ot dlos 50 sl o cdlos 90 ol LT ams auseis
s ol o s e S 8 S 3 55 e bl 5 V.0 35 b 3y o5 el 5 oy )
@ ol 5l P oo o b e 389 0uas 5| e el 0033 3590 (MLM) st ke Gbj Jow 51 eoliia b 5
Sy e (pl oS eolail .. g ol (6,108l slaolys (aweis wolulaa! o (s (guaiws lgic
ol & % BBy (sl ol 385 i 5 T J aslin 5 exd sJ35, HuggingFace s ) S5l
B b sl aS T axgi b as ol o BERT 5l aas b Jow G 5 PArSBERT Lot o s Sl
20y e b oad plosl b sl 51 sl 5 5 003 00d 5B (clako §1 S s el o0 a3
Joe ol gl g5 ool o0y ooliiw] BERT (Base) b s o losdass 51 Sbj Jow ol (590! (sl ol aiils
oliiul 0,50 a5 90l (sl gyl Moz a4 sl 039y a5 el (Slsime 50 Ly a2z BERT Jas
5 oo plsl b3l 5o il oo ealaisl NSP g MLM g 90 o 5l aSts ol (o590l (sl i a8 5 13
5 on 6 )iSeb slaoly Lt wilolan! low ol xeabs slacly (35l 5o gokae o3 aw o [V]
&S sl 00ly plaisl 0g5 4 by Joe Koo b awolin jo 1) mls o g PASBERT Jbj Jaw (ysie (gomaiws

bon by Joo ol 53 oslital )50 (b5 (39 (aaS wad &) s Gl o el L
g Wl p) oy 4 e nl an glagi
(o2 09 (o) 0b) & (55559 Gge 5 o JSKaS e slodls degacme lbml - —

1 Bidirectional

Yo



FRI-TEY O oylad ((VF+Y) Vo (31,05 oke aolibiad 93 i Juloxi e BERT 5 s i3 Joto

D (glosls acgaze 3l oolitwl b PAISBERT sase jbj90]
b ol Sl (paasS 9dse an b (359 Sbj Joe (2L
Sl 25l 855 (saass Culug 53 039 (al 58 Gan Dlakod 5 eoliinl Sz 2l Sbj Joe Lad
al a3l |3 huggingface' ol

Je (ol g
Ol 3 Gt ool 6)5]@? o daw Jolis oS Cewl 0ol = yhae ool 850 Joo swlids g, ¢ iou cpl o
Db o Iz (5 jlweslel g laosls

odld g )Jéoq

ol 00gs (g0l (53555 (Sliome 595 3 IS e ol 0l A1 o b (5 (55, 2 45 S5 slaone ples
s g5 ol 3l (sarmaite 00l dsgazme gon Ll o)l 9g2g Las i Sjso 4 (5 ks (5355 Slgme AT 0] g5 L
T e Vlio dsgozme §f (2359 8315 asgazme Sy o)l (b5 ) (555 S e S Gsel sl I 0l 9
drg b aidladlioo (21 g (B (o2559 839> lo S Jald (igke nl el 0sd 45 baSp (B39 g% 9
5ok o w0 St Jligh (559 @ Slaeaddle |, Ll (Sl 5 (559 )13 i ST &
g5 @b 5l a8 il co dis (arkin YV ol acgazme il J1 3 0505 cpl )0 5 00l (55 ez 00ls degezne
el 00l (555 oz

03 S sloluys  —

B sl S s e~

9 Slyzme w5 b ool —

el AL D925 Ll 5l e b1 s Sl 4T u s j0 L5559 CYlhe degeme  —

s BB g b (28559 glaclsT —

by s slagesl —

AL (0))5 S U 5 ooy S (Fn

el 02l Y 93,0 PEISIANSPOItCOrPUS ol b )59 Slegoge b sbl Slgly ooy

! https://huggingface.co/montazeri/bert-base-persian-sport-bert-uncased

Yo



0013 Sl oo (5 yol ol 9 0395w Dl YRV-Y2Y O o)l c(1F+Y) Vo (81,5 ode aolilad

asriran.com
snn.ir

2 entekhab.ir
aftabnews.ir
.9%.
A% o
Jjamejamonline.ir
varzesh3.ir
' tabnak.ir

mehmews.com

- other refrences

tarafdari.com tasnimnews.com

-b

farsnews.ir

(339 g% b Sbewl (55l o 53 @alio Jlgl,d .Y JSCi

Wools 0318 3 (gns

ol oads (g5LaSly olS &0 4 39390 (sladign g HTML (slacSs i b sy (5,1 o slin
b ol (s3lwoslel ol pe .l 089 e (65LaSh 0 lgo 15 5 e g a8l (gla 2SS i ¢ oo )lb dy oy By >
D9 oo ploxl ;K00 slaailulS 5 9 Hazm! ailsulis 5l solil

Mo (5w ookl
20,8 18 s 0 la8s aes o g b des pais 4 b as 0 BERT (s04,9 lsle 4 a5 L
YO ol CollS O pom b cite 1 G wolys [0 050 0 00ls J18 JIB Las G 55 calisee slewl yle

ol 00 0L BERT Joe b uu”.oT g ol (5)51(:4? sl )‘ aloz (ygukie

PersianSportBERT 590/

@ 5k iieel @lp Jae cpl sl o BERTbase Joo &L 5 PersianSportBERT i3, Jb; Jaw
RTX Y- - S35 00530 0 b puieann 5l o0liial b b5 Joke ol (jgel 0l jial)ls cyaakes VY ¢ a0 20 l0de
BERTbase , e Sbj Jae ParSBERT a5 )] 4 a5 b sl oas ploxil o) Jga (sl el )b wlesl » \YGB
Joe (il 05z 90 Ja 51 PersianSPOMBERT g0l (sl it oo (suu b (5 50 (so30e sliioma b oy (3j06l 5
a8,5  Jae ol 51 e (g 00 ples g 5l ags (sl el b el 0o solazd HuggingFace colus jo b
SLas ¥ S 5o il oo BERT (Base) (g)los 5l 48,5 5 45 aSis b590] g ooliisl 5590 Joo sl 00
0ols s 4 (69959 Ol 4 [MASK] S5 03Kl 5 aelS S Bi b (8359 (o)l Ao el 00s o0l
S g ey | 0 g 40l IS oo r LA g 913 55 055 gl Pl jolaie 4 4SS 5 298 e
el oo o3l iled [MASK] (555 i 3Sols Jlois! o i b slaelS lgie & «CSpalb aalS ¥ S5 5o

! https://github.com/sobhe/hazm

2 back-propagation

Yay



FRI-TEY O oylad ((VF+Y) Vo (31,05 oke aolibiad 93 i Juloxi e BERT 5 s i3 Joto

1 ) 1 t t

Classification Layer

oo | [eetay | [otns | [ | [ s | [ e
t
1

Multi-Head
Attention

Paositional b
Encoding

r t Lt T 1

o | [ e, oeset | [masa ] [, | [ e

BERT (glomo 31 48,5 (o359 g0 b3 o Shjgal uger ooliiu] 890 A5 ¥ JSb

2 9 o dlax (i Alies 59 b BERT adsl (el s lsie BERT (8500 (250 0 &5 jsbilan
o Ao o i LBERT [ijeel [¥e] [0 ons alosl clidios 4y amg5 b Lol 5 pdy oo plosl JB sl 0,5
s 35 (o) (o559 S 50 W 39 g0 100 Jluws Ty 0ms Sojgel Joe (ol 2l 4 jomte coles 5o
SlalS 30,0 10 el o 00wl 50 Yoads ke by Joe S g, ol o go oolaiwl J sl 0,5 5 s,
T g 50 Bolas S5 L7 e [MASK] (S5 b /A« wlass ol 5l agi so olesl Bolas &0 4 o 12
AR 09...0‘5& g0 M’bﬁ L}"' «A)Lo) u’.o.uuw.u ‘) 0 ‘50.’2'.4 KINLY "'\"SL_‘?" e 5J.4l54.1.o.‘> u.,él.i)o lJ sme)A)
i Ghjgel 8t el galee

Ay g0l 40 eolisuwl 3590 (5l yielyl N Jgus

oSy s le Sladie  higel gl yell e

Hidden layers VY Steps ‘M
Attention heads VY Batch size 4
Hidden size YEA Dropout I

Sequence Length YA learning rate \e-o

1 masked language modelling

Yay



0335 o (5 ol (ol g 0083w Ogls FEI-FEY ) o ylosd c(1F+Y) Yo (481,15 ol doliliad

L33

239750 Sb) Slade & S (b lagly (A3l 53 Alias 4w L BERT (o)lb b (2559 Joe
Sl o5 alar 33 J sl 55,5 5 51 el Sl o (ol el 65,5 5 ) 3,50 4 05
allics 95 (6l (o B 5l )0 (o959 500 Ganz 001> degazme 3929 pas o 4 ol (5,130 sleoly aseis
959 Joe byl sly Wosls acgazme (pl 5l aS ol onds s s (6108 i b aya ools acgazns e
4 azrgi b oS sl ad S 13 byl ojee nj sladoe b Sy Joe Blews ool 51 alS 5o 5o el 0al oolazd
sl 00ls alei |y 6y @l 5 (2L (o9 Sy S dogbjlsales 10 Jso (ol Gogr (oaass

Al o o) aloz l Galizee by Ve F Jolis a8 BERT Jaw Jbj sz ass mBERT -

Al e )8 by abaz 5l by Ve el 55 :XLM-ROBERTa  —

il o (5,9 00ld dcgaze b Li)yg Jde )sel slp al Jow a5 ParsBERT  —

Wloays [5jeel sages HalS Sl b Vb 5 oad o)Ll glo oo ales  —

Jae opl 3T oo o lil dllae 90 30 o1 o3yl sl cus ojeel PersianSPortBERT Jowe aSST i s
lico j0 Lol s ylo St 380 oudais b dazee (jgel @ Lo cisS o <8 ,8 oLl 0 a5 sl Joe oles g
o ol o il oz B (sl it ol ol Jan ST s & (I sl 505 2 )
Ay 8 sy sl 53 Ghigel (e cnl sl Sl 950 sl el 00 a5z Sy Jae 50 (6 ek et 4
ol 00l 428 ,5

JE el oo n

050 Ol i)l S & (blase 5 (Ko el 0 (cw)lo b (o859 (e 50 Joe &5 (Bjeel 4 4z L
Sy SlalS 5l S Sedse Lo Uiy ol 5 dlise SDlez o I slr 50,5 e a8,5 1 ooli
55 8 ales JB sl o 51 a8 ced Sl 50,5 o o bl ol ol B il ey o alex
1 el 0l ploxil EMaz o > gl asis L BERT u";)’,{l &8ly o el oo Jad> o s lixe
degozme jskiie cnl gl 0,5 eolitl 35 S5 Jae o (hieel Cmo i lp byl Gbsy ol 5l Ol s
51 i 5l ool b ool degosme (ol el 48,5 1,8 ool 8,50 adgl i5gal 00ld dcgazmo 5l (glailElas ools
PersianSPortBERT _b; Jow obj,) g el ooy slowl guwyl8 o359 molio 5l oo angs  Solas alax FO - +
2 0dds ke sloJoe 5 PersianSPontBERT Jbj Jow 5l el ool saske SlolS oo 0 V0 ez 2 100
3 C.«JIJ E9 A 0l hdve Ly SR 50 el 00 solawl ool s NLY PRSIy sl ‘(5..1;“)')1 S
a0 esbyy ol il g L ol el 5 S8 BB ey ol SIS aly w0l Lozl oy g0 Juto
O 53 lodls 3 oy 350 0 e Sl S &y i 41, 55 e 5 o SIS 5 S G iy
Ol 5l o g ails 7 Jgd BB 5 "o SalS™ b5l 55 99 50 1y (LS VL (o)l (59 Jhe (o)
¥ sz 5o laid S 15 o0 Jae 90 15l e g 90 A5 50 (segee Sbj Jae S olyie 4 PARSBERT
il go odnlive BB LUl ol mls

ol JB gl 0,5y WWlans 5 (uyl8 (25559 Jbo (23] Amis ¥ Joo

[WCR}

Sy Jse e . - R .
Jod M6 Sy o Sl S iy

XLM-RoBERTa At AN YY/YY

Yof



FRI-TEY O oylad ((VF+Y) Vo (31,05 oke aolibiad 93 i Juloxi e BERT 5 s i3 Joto

b3 Joo — =
Jod JB S g Yl (S i
ParsBERT 0.V ANEZN
MBERT foyy YEIYA
PersianSportBERT VAR £Y

)5 )13 dnnlio )90 (Sbj Ja ¥ (nl o )0 45 (559 e 51T 0 e ony 0 0590 M98 (B ¥ Jgu 5o
(ks st |y [MASK] 50 aalS sl b Jae & Jgoo <Dz 50) 109 oo olien al

S5 e bgi SlelS by oo JuoS5 (a8l Mo diges ¥ Jgur

Of kil 3 b3 Jae oz (i i3y
Sidwes I s,
ot
ParsBERT b
mBERT Wiiid o s S Jlto b 95 [MASK] yonr
xIm-roBERTa-base o o Canslod yg ylieyl 4 ol (sl 1) el
PersianSportBERT oolils, '
ParsBERT RPNt ° 2 i s sl b 5155 (slodiae o
mMBERT ol Ol 45 39 00 sl 0AS S 90 9 .
xIm-roBERTa-base vy s [MASK] Gaugs 5 el ol 4 apogs
PersianSportBERT =5 oo RO 4
ParsBERT olns '
xlm-r::EEF?'I;-base @:ﬂﬁ : ol cler S U5 B [MASK] oy r
PersianSportBERT sl oo
ParsBERT Ol °
MBERT Obwie> ° S48 olKi3,9 10 bl i gyl 9 s 90 .
xIm-roBERTa-base A oo a8, oo Clae 4 [MASK]
PersianSportBERT RS oo
ParsBERT o leis :
mBERT b o 5 o 95 [MASK] oigs Sgs sy \
xIm-roBERTa-base L o el oz s 2 oo
PersianSportBERT Sl oo
Loyl ealy 1 2
Jod JE sz @

GMSLAK@»L..

Yoo



0013 Sl oo (5 yol ol 9 0395w Dl YRV-Y2Y O o)l c(1F+Y) Vo (81,5 ode aolilad

(NER) ouis SISl golys (i

4> oo SlalS aas askis wlgn a5 ol dlex .l (e 0 aelS p Cugr 0,5 g alis opl s
Joo sl Wgte ool aloz jo Jlie lgie 4y .5l e olBeisl ol ¢yl ¢ Jome aloz JINER (slo WS L i
PSS 5l €eallo g (S (WS 5145 € L0 B Jol oles 005 (00 )18 (plalid 990 oz jlolis g0 <
3509 8357 5 oz ol dsgazme Sy il (8555 by S Sl 5 GBS (9ol (sln s alelis
aloz YEAY Jolis (slools acgamee ArMaN .ol oals solael ArMaN ools dcgaze 10 3950 (sl wMS b alic
A 50l acgazms pb el 0n (6 Sz T S 45 3g7ge S Lolul 5 o clooly o5
dcgerma 3 1aE) (5s Oste 3l 0ads il wols dcgesme (pl il o dlaz FYYY I JSiie 4 pErSportNer
oS S5 e p ol 55k 0 plosl IOB b oll 1 5 @ & 45 51 ()8 oy 5 0392 (Lol o0l
Hledr SlalS 3L 5 "B" L aties Cusgzge S slnl a5 SldS MO" g5 5l aites NER cysgz g0 S 55>
S DS x555 Wloads b Cugzge 5 5l pY,aT LB ol gg g0 0 g 0 5,055 " b Coogzge
4 Solal O g0 4 degerme LA wals 53 (glosls dsgarma 50 2 5|l sl TS ;0 wyax (slesls dcgeze
ol 00 oolitanl i )Liiel (lgie 4 LV ¢ g yge3l laie 4 L) ¢ Lbjgel (slaosls lgie

& 5 J & >

O o )
o o & ¥
D LAY [9) QO
(9)
S of@ ] ]S
o

Q)A Q‘bc’%

-PErSPortNer slias sus (5,185 camz 3 slodls ac goxo (gla WIS Slgl,s . IS

aloz 5 2bj)l 0590 Joe ¥ 5l ool b iy (6,108 p sloodls (59, oyl (oj90l g 4K 3uBo eulass

)3 BERT oo (29, 50 | s s Y 6 jsbhie ol sly 09 o alxil PersianSportBERT
[¥] 5l a8 55 1, NER 013 0 JSé wled (o o)l alex o olalS 1y 1) I0B slace » b 8,8
oo 5 65,5 )3 Ao o ShE 5 555 () OIS (55 oymd 4 el (S () 55 a5 s e
s D9 o0 48,5 1155 )3 (609)9 Dlgie 4 (39 ga 00l & 4 B S Babo ASL (5399 gk 4 bjga]
aS oy S (999,5 dlez lanls” 2 b bl BERT asiils j0) 99 0 00ls Joo 4 (689,5 lalS™ Jolaw o
b 058 oo )18 Al eoliil )50 cial odel Cawsdy Sl iiael oy y0 g b e aedS (] S0S aog
(€IS 32 4)aslS jo (WIS aSis 380 palas 3 s (Cenol o 00l toled Jubaitns S W L O IS 10 5550
I8 59 Jle Glyie 4 09800 435 a5 )0 4SS (295 Glyie 4 Blios (5399 40lS 2 L JBLe asTIET )

L Linear prediction layer

Yar



FRI-TEY O oylad ((VF+Y) Vo (31,05 oke aolibiad 93 i Juloxi e BERT 5 s i3 Joto

oS sl ke ol alS cpl a5 Lire ol 4 sl oo B_ORG (55,9 aloz ;0 W3 aalS' b Ll IS
SIS e et |, (Organization) lejls g 5 Cusgzge S

o B_ORG ORG 0
s 4 s "
G ) G ) ome )
n T T T
C ) () 02 ()37 ) [ On
- . T . A’
T~ e S B "t

P:;r_sian.S-pgrtBéRT -

|7 L \ S ———
. - . - ‘7
Embedding 1 1 I f T
[cls] w2 (w3 ) wi wn
. . ‘
f
[cls] w2 w3 wA wn

Single Sentences

o (55Kl gaoles st Alums (gl oo 1,1 Joo Jlis b . JSb

O 4 g Lol oass ojeel Jow ¥ (59, » PErSPONEN ools acgame yg05] idw calive (pl 2bj,) sy
e saelie JB ¥ Jyio s ot fono olpie & FL sl il

ouud yko Sy g (g g o0l (610Kl (gl i (bl gt F Jgu

Jue F1
perSportNer
XLM-RoBERTa A-I¥
ParsBERT av
mBERT AY/\
PersianSportBERT B/

Cemd 6 5 @l o) (53555 O30 595 2 DPisel oo o Sl S 0950 ovalin a5 ok lan
XLM- ¢ mBERT _Jb; wiz sl Jae sl 00,5 S PASBERT  pgas 4 Jb; sloas S0 &
ol 0 1 el e omly e (et ()8 0y 9y 2 of Bisel lyime &S0T S & ROBERTa
Glgme Jolis o] (oigel 5 (pidu a5 wylB (L) seges Jow olgie & PArSBERT .uiles S S b))
092y NER o3 jo Slgl8 (gulS SlalS o 555 g 5o sl 18,5 118 050 &) 50 ansl 00y 5 (o9
ParsBERT Jow 5 o359 Joo jlobine gl A 0925 0000 (ylsie et 4y Sl (\San (cag0e (950 Jangs aS o lo
aSbos s cpl 4

Yayv



03135l o (5 yuol (ol g 0395 2910 FEI-VEY ) 0)les c(1FY) Vo (3,5 sole anbibiasd

luolus! Judoxs

SFeald) Ol s o559 b pd SO L Las po Cumdg Baamdlis Voens ()5 slauls )0 olp)l5 Sl
Db o il glacslu ;3 ol )5 Slulus! Llss PersianSPontBERT (slas 15 51 S5 ol oo ] 0 Slas
Slools acgazms 3929 pac s 4y .ail o Ll (Slgizme ol 5 ol a5 Aoz 5l ygie (g adbs i (pl Buo
asgazme (ol .l 0o (5,910 5 VArZesh3 colu <l s 51 glools acgazee ¢ camylb b 30 (5,9 859> (5l Jiiane
d Oygo & bl o ¥ 0550 Col 10 zdke JLS pgas o L YYO. Lol perSportSent sba ools
S50 & 03l dsgerme (ul el a8 S I ool 3)00 (23555 (s Joo i)l s Sisel Sl 5 S
691555 005 degarme Sl MS Sl 5 el 00 (6 T ez (Byb g 5 oo eiurie) aillor s oty LS
il o oanlie JBF S 10 0ad

negetive  neutral positive

-PErSportSent osls ac goze 15 ouui (55138 cawzz y3 Lo WIS Silglyd .5 S

LY Sl 5590 00l acgazme 3l oolanwl b ol o oolitl 5550 sla S (j9el § 3B mulas s

I e 8 (69959 lsie @ g w35 8 alaz jo (slal yo (S5 0 CIS (S5 (2o 50 (b i

sl Joe (b5ge] g oolinl 8550 Lo V S 0 5 oo )8« b)) 0,90 slaJow 5| (09 oo 00l a4y ¥
RIS ESTS

YoA



FEI-TEY ) oyl ((1FeY) Yo (31,5 ole aoliliad 93 i Juloxi e BERT 5 s i3 Joto

[)()\"IV"
’

o) | 01 o2 ) (03 On
= - = ? = = - = = - ~ h - =
T~ =N l 7S i
A % persianSportBERT “"_: 8

NP — |
s 3 3 4 3
Embedding [ T { 1 i i ]
( [els] ) w2 ) [ w3 w4 | wn
- - - -
[cls] w2 w3 w4 wn
' |

Single Sentences

b Sl e g1y 00 1,1 Joso sl ¥ S5

Lo 7o (slo Jow plad duglin O Jouz .ol oy oolasl Macro-F1 jLes 3l 55 o3, 00! byl sy
23 e sinles |, PEISPOISENt ools acgozme 3l oslazl

ou ko (b (e gl Slwlwe! Judod' b5y s O Jgu

Jue MACRO-F1
XLM-RoBERTa JARR
ParsBERT AY¥Y
MBERT YO.NY
PersianSportBERT ARYY

Sl 4 azg b ol 03 b Jaw b 40 gl o e glyls PersianSportBERT Jaw ¢ aliws oyl 5o
5 ParSBERT Jue g0 (loe glds oy so plool PErSPOSENt &5 s ools dacgaze (59, » oles b))
Lol aine e ys £ 09> L PersianSportBERT

& 5 2o
»BERT b sbaJae ailioe (3555 (saass 59> 0 BERT b Jow i (s3lwosly ondsl dllie
5 ParsBERT ouy0 (90! Jowo 5l eolital b (23559 (Sbj Joe dilosss oigal 00 S (slaosls dcgeze (53,
ool g 5 e Alies ¥ sl ool b Joro cpl el oals solel (o359 diw yaakin TV loslainl b o) suzee (5590l
B sladoe (olod 5l Jaw tal (58559 gt 8397 4o b pakin 9S85 I8 bl 90j5e (xeb slagl;

Yo4



0335 o (5 ol (ol g 0083w Ogls FEI-FEY ) o ylosd c(1F+Y) Yo (481,15 ol doliliad

AAXY lade L PersianSportBERT colulus! Jdog (ise o Cool 005 oald 1) 65V )5 ooy
S sl 505 n Gie 4 bl ple e Gy el 005 63, |y (65 i Koo sla Jas (Macro-F1)
SRS 50 sam Joae (5 p 4 Sl (60250 7l Gy gl b g0z (Sl Je 457035 o 5b (08559 (g
Al ol ails ol jod s ) aoeis o i SU5 Sl i 00l (6,106 slroly aseis isw o el a8 )
S )0 35 eges Dygo d Wi Jae PASBERT suls saus (o590l Joe 5l eoliial Lo & ol 53 LB
g0 Ll a5 jsbolan o gy Juo (ol Ggel olad Al o (05 (paas 4 azrgi b Ll ol oolil BB (50
Sl 00 B35 (o559 (yghe 50 4t (e

ol ol aBlboe JLS8 (3559 Loas 50 (0559 seslig) 9 )L el w2 (o855 (e DS I (S
2 Oladsb agzrg s s ol il iy (6508 (g0l (b S )0 Sl 4 L1559 500 5 se el
Slwl Jlo (e o 0 pduien D)go JL358 Ao 50 (25555 LB 656N (e &5 Ly Wil e aezrg BB 555
Jolos slp (Sbj sladas (gaats ©jpo 4 Geizmen 5 lah))g sled 50 S5 slaie oS S L (slosls dcgecne
bl 55 e S S o ool psle g alar 1 S sloej>

References

[1] Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, L.,
& Polosukhin, I. (2017, December 4-9). Attention is all you need. 31st Conference
on Neural Information Processing System, Long Beach, California, USA. https://doi
.0rg/10.48550/arxiv.1706.03762

[2] Devlin, J., Chang, M-W., Lee, K., & Toutanova, K. (2018). Bert: Pre-training of deep
bidirectional transformers for language understanding. Computation and Language,
1-16. https://doi.org/10.48550/arXiv.1810.04805

[3] Agerri, R., Vicente, I. S., Campos, J. A., Barrena, A., Saralegi, X., Soroa, A., & Agirre,
E. (2020, May 11-16). Give your text representation models some love: the case for
basque. Proceedings of the 12th Conference on Language Resources and Evaluation,
Marseille, France. https://doi.org/10.48550/arXiv.2004.00033

[4] Martin, L., Muller, B., Suérez, P. J. O., Dupont, Y., Romary, L., de La Clergerie, E. V.,
Seddah, D., & Sagot, B. (2019, July 5-10). CamemBERT: a tasty French language
model. Proceedings of the 58th Annual Meeting of the Association for Computational
Linguistics, Seattle, Washington. http://dx.doi.org/10.18653/v1/2020.acl-main.645

[5] Virtanen, A., Kanerva, J., llo, R., Luoma, J., Luotolahti, J., Salakoski, T., Ginter, F., &
Pyysalo, S. (2019). Multilingual is not enough: BERT for Finnish. Computation and
Language, 1-14. https://doi.org/10.48550/arXiv.1912.07076

[6] Conneau, A., Khandelwal, K., Goyal, N., Chaudhary, V., Wenzek, G., Guzman, F., Grave,
E., Ott, M., Zettlemoyer, L., & Stoyanov, V. (2019, July 5-10). Unsupervised cross-
lingual representation learning at scale. The 58th Annual Meeting of the Association
for Computational Linguistics, Seattle, Washington. https://doi.org/10.48550/arXiv.191
1.02116

[7] Farahani, M., Gharachorloo, M., Farahani, M., & Manthouri, M. (2021). ParsBERT:
Transformer-based Model for Persian Language Understanding. Neural Processing
Letters, 53(6), 3831-3847. https://doi.org/10.1007/s11063-021-10528-4

[8] Taghizadeh, N., Doostmohammadi, E., Seifossadat, E., Rabiee, H. R., & Tahaei, M. S.
(2021). SINA-BERT: a pre-trained language model for analysis of medical texts in
Persian. Computation and Language, 1-9. https://doi.org/10.48550/arXiv.2104.076 13

Y5


https://doi.org/10.48550/arxiv.1706.03762
https://doi.org/10.48550/arxiv.1706.03762
https://doi.org/10.48550/arXiv.1810.04805
https://doi.org/10.48550/arXiv.2004.00033
http://dx.doi.org/10.18653/v1/2020.acl-main.645
https://doi.org/10.48550/arXiv.1912.07076
https://doi.org/10.48550/arXiv.1911.02116
https://doi.org/10.48550/arXiv.1911.02116
https://doi.org/10.1007/s11063-021-10528-4
https://doi.org/10.48550/arXiv.2104.07613

FRI-TEY O oylad ((VF+Y) Vo (31,05 oke aolibiad 93 i Juloxi e BERT 5 s i3 Joto

[9] Huang, G., & Hu, H. (2019). c-RNN: A Fine-Grained Language Model for Image Captioning.
Neural Processing Letters, 49(2), 683-691. https://doi.org/10.1007/s11063-018-9836-2

[10] Niu, J., Yang, Y., Zhang, S., Sun, Z., & Zhang, W. (2019). Multi-task Character-Level
Attentional Networks for Medical Concept Normalization. Neural Processing Letters,
49(3), 1239-1256. https://doi.org/10.1007/s11063-018-9873-x

[11] Dai, A. M., & Le, Q. V. (2015, December 7-12). Semi-supervised sequence learning. Annual
Conference on Neural Information Processing Systems 2015, Montreal, Quebec,
Canada. https://proceedings.neurips.cc/paper_files/paper/2015/hash/7137debd45ae4d0
ab9aa953017286b20-Abstract.html

[12] Ramachandran, P., Liu, P.J., & Le, Q. V. (2017, September 7-11). Unsupervised pretraining
for sequence to sequence learning. Conference on Empirical Methods in Natural Language
Processing 2017, Denmark. https://doi.org/10.48550/arXiv.1611.02683

[13] Sutskever, 1., Vinyals, O., & Le, Q. V. (2014, December 8-13). Sequence to sequence
learning with neural networks 28th Annual Conference on Neural Information Processing
Systems 2014, Montreal, Canada. https://proceedings.neurips.cc/paper_files/paper/20
14/hash/al4acb5a4f27472c5d894eclc3c743d2-Abstract.html

[14] Howard, J., & Ruder, S. (2018, July 15-20). Universal language model fine-tuning for
text classification. Proceedings of the 56th Annual Meeting of the Association for
Computational Linguistics, Melbourne, Australia. https://doi.org/10.18653/v1/P18-1031

[15] Graves, A. (2012). Long Short-Term Memory. In A. Graves (Ed.), Supervised Sequence
Labelling with Recurrent Neural Networks. Springer Berlin Heidelberg. https://doi.
0rg/10.1007/978-3-642-24797-2_4

[16] Radford, A., Narasimhan, K., Salimans, T., & Sutskever, 1. (2018). Improving language
understanding by generative pre-training. University of British Columbia, 12, 1-12.
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=dOad5
HoAAAAJ&citation_for view=dOad5HoAAAAJ:W7OEmMFMy1HYC

[17] Yang, Z., Dai, Z., Yang, Y., Carbonell, J., Salakhutdinov, R. R., & Le, Q. V. (2019, December
8-14). XInet: Generalized autoregressive pretraining for language understanding.
Advances in neural information processing systems, Vancouver, British Columbia,
Canada. https://proceedings.neurips.cc/paper/2019/hash/dc6a7e655d7e5840e66733e
9ee67cc69-Abstract.html

[18] Liu, Y., Ott, M., Goyal, N., Du, J., Joshi, M., Chen, D., Levy, O., Lewis, M., Zettlemoyer,
L., & Stoyanov, V. (2019). Roberta: A robustly optimized bert pretraining approach.
Computation and Language, 1-13. https://doi.org/10.48550/arXiv.1907.11692

[19] Lample, G., & Conneau, A. (2019, December 13-14). Cross-lingual language model
pretraining. The 33rd Annual Conference on Neural Information Processing Systems,
Vancouver, Canada. https://doi.org/10.48550/arXiv.1901.07291

[20] Raffel, C., Shazeer, N., Roberts, A., Lee, K., Narang, S., Matena, M., Zhou, Y., Li, W.,
& Liu, P. J. (2020). Exploring the limits of transfer learning with a unified text-to-
text transformer. The Journal of Machine Learning Research, 21(1), 5485-5551.
https://arxiv.org/abs/1910.10683

[21] Lan, Z., Chen, M., Goodman, S., Gimpel, K., Sharma, P., & Soricut, R. (2020, April 26-
30). Albert: A lite bert for self-supervised learning of language representations. 8th
International Conference on Learning Representations, Addis Ababa, Ethiopia. http
s://doi.org/10.48550/arXiv.1909.11942

Y&


https://doi.org/10.1007/s11063-018-9836-2
https://doi.org/10.1007/s11063-018-9873-x
https://proceedings.neurips.cc/paper_files/paper/2015/hash/7137debd45ae4d0ab9aa953017286b20-Abstract.html
https://proceedings.neurips.cc/paper_files/paper/2015/hash/7137debd45ae4d0ab9aa953017286b20-Abstract.html
https://doi.org/10.48550/arXiv.1611.02683
https://proceedings.neurips.cc/paper_files/paper/2014/hash/a14ac55a4f27472c5d894ec1c3c743d2-Abstract.html
https://proceedings.neurips.cc/paper_files/paper/2014/hash/a14ac55a4f27472c5d894ec1c3c743d2-Abstract.html
https://doi.org/10.18653/v1/P18-1031
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=dOad5HoAAAAJ&citation_for_view=dOad5HoAAAAJ:W7OEmFMy1HYC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=dOad5HoAAAAJ&citation_for_view=dOad5HoAAAAJ:W7OEmFMy1HYC
https://proceedings.neurips.cc/paper/2019/hash/dc6a7e655d7e5840e66733e9ee67cc69-Abstract.html
https://proceedings.neurips.cc/paper/2019/hash/dc6a7e655d7e5840e66733e9ee67cc69-Abstract.html
https://doi.org/10.48550/arXiv.1907.11692
https://doi.org/10.48550/arXiv.1901.07291
https://arxiv.org/abs/1910.10683
https://doi.org/10.48550/arXiv.1909.11942
https://doi.org/10.48550/arXiv.1909.11942

0335 o (5 ol (ol g 0083w Ogls FEI-FEY ) o ylosd c(1F+Y) Yo (481,15 ol doliliad

[22] Beltagy, I., Lo, K., & Cohan, A. (2019). SciBERT: A pretrained language model for
scientific text. Computation and Language, 1-6. https://doi.org/10.48550/arXiv.190
3.10676

[23] Araci, D. (2019). Finbert: Financial sentiment analysis with pre-trained language models
[Master, Amsterdam]. Netherlands. https://arxiv.org/abs/1908.10063

[24] Lee, J., Yoon, W., Kim, S., Kim, D., Kim, S., So, C. H., & Kang, J. (2019). BioBERT:
a pre-trained biomedical language representation model for biomedical text mining.
Bioinformatics, 36(4), 1234-1240. https://doi.org/10.1093/bioinformatics/btz682

[25] Huang, K., Altosaar, J., & Ranganath, R. (2020, April 2-4). Clinicalbert: Modeling clinical
notes and predicting hospital readmission. Conference on Health, Inference, and Learning
2020, Toronto, Ontario, Canada. https://arxiv.org/abs/1904.05342

[26] Chalkidis, 1., Fergadiotis, M., Malakasiotis, P., Aletras, N., & Androutsopoulos, I. (2020,
November 16-20). LEGAL-BERT: The muppets straight out of law school. The 2020
Conference on Empirical Methods in Natural Language Processing, Punta Cana,
Dominican Republic. https://arxiv.org/abs/2010.02559

[27] De Vries, W., Van Cranenburgh, A., Bisazza, A., Caselli, T., Van Noord, G., & Nissim,
M. (2019). Bertje: A dutch bert model. Computation and Language, 1-6. https://doi.
0rg/10.48550/arXiv.1912.09582

[28] Polignano, M., Basile, P., De Gemmis, M., Semeraro, G., & Basile, V. (2019, November
13-19). Alberto: Italian BERT language understanding model for NLP challenging
tasks based on tweets. 6th Italian Conference on Computational Linguistics,, Bari,
Italy. https://iris.unito.it/handle/2318/1759767

[29] Antoun, W., Baly, F., & Hajj, H. (2020, May 11-16). Arabert: Transformer-based model
for arabic language understanding. Proceedings of the Twelfth International Conference
on Language Resources and Evaluation, Marseille, France. https://doi.org/10.48550/arXiv
.2003.00104

[30] Joshi, M., Chen, D, Liu, Y., Weld, D. S., Zettlemoyer, L., & Levy, O. (2020). SpanBERT:
Improving Pre-training by Representing and Predicting Spans. Transactions of the
Association for Computational Linguistics, 8, 64-77. https://doi.org/10.1162/tacl_a 00300

ey


https://doi.org/10.48550/arXiv.1903.10676
https://doi.org/10.48550/arXiv.1903.10676
https://arxiv.org/abs/1908.10063
https://doi.org/10.1093/bioinformatics/btz682
https://arxiv.org/abs/1904.05342
https://arxiv.org/abs/2010.02559
https://doi.org/10.48550/arXiv.1912.09582
https://doi.org/10.48550/arXiv.1912.09582
https://iris.unito.it/handle/2318/1759767
https://doi.org/10.48550/arXiv.2003.00104
https://doi.org/10.48550/arXiv.2003.00104
https://doi.org/10.1162/tacl_a_00300

