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Domain adaptation-based method for improving
generalization of hate speech detection models

Seyedeh Fatemeh Nourollahi®, Razieh Baradaran and Hossein Amirkhani
Department of Computer Engineering and Information Technology,
Technical and Engineering Faculty, Qom University, Qom, Iran

Abstract

Today, with the growth of activity in social media, we see an increase in hate speech online and for this
reason, the issue of recognizing hate in cyberspace is important. Also, domain adaptation is one of the
important challenges in this task and in general in the field of natural language processing. In many
issues, while changing the domain, we face a drop in performance, which is also true in the task hate
speech. In this research, we try to increase the generalizability of hate detection models by using domain
adaptation methods. For this purpose, we use Transformer-based methods, including domain
adversarial training and mixture of experts, and we also use multi-source training. Experiments are
conducted using four datasets in the domain of hate. At first, we evaluate the models in an in-domain
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and single-source manner. In the next step, by adding other domains to the education section, we see a
drop in results and a negative transfer. Then we perform the out-of-domain tests first as a single source
with the DistiBERT model, which significantly reduces the results by changing the domain. In order to
increase the power of domain adaptation of the model in the out-of-domain part, we perform the
training on several sources, leads to improve the results in about half of the cases, which is not
significant. In the following, we try to increase the domain adaptation power of the models, using
transformer-based methods including domain adversarial training and the mixture of experts, which
leads to increase in performance in 87% of multi-source out-of-domain tests. Of course, these methods
are also effective in the performance of in-domain tests. An important issue that sometimes causes a
significant drop in results is datasets. The similarity of the data and the similarity of the distribution of
some domains increase the power of domain adaptation of the model and on the contrary.

Keywords: hate speech, classification, transformer, domain adaptation, generalization

ozl loaSit slasSs | slosilit jsboar poye T

Sygoa) I A @S S50 0 (B e e
Jolss 4z 51 S o oolizul el (5,81 sl o, ’ T

S 090 Egdge (nl g Ol 3gzy (b>ggp b by
5 oSl 5 B> olelis,lS LalKals
P &5 Splige A5 Jgemajgbay sl ab S
g wleas  wloaxie sloopSl gl RSl i

SlollSe @y yomie Wlgicoe pyatly cnl 5o Gl om
- ebdy YVl Ly slep,anly ol Wliil b
uljle 5 seelomy by el sl 6xS
)‘).S eél.n..m‘;sm Syg0 u).o.; » @Mﬁ GLEWJL:.B
e 5l oo e JYo a4 S0 (g 3l P Y] wilazs 5
Ot (S)lgho Dy g Sglae Ggde oM o (s
e Jems Jlo o atus silme sLad (sl Cadgase

B (25 L et 4 Sl sl
35 g0 I ol 80y joai by (ABly S15 glo S
Dy vl
b a5 o)l vgry s b Sy
L o sele oy ool 1y IS ) (shoo i
Sl L5 by Ss b VAl was e olis 0,5
Gy )3 e F3gaome e Wiodod ] piliae a5
Y Wl 5Slo,a M aS ole ! adYe
S5 b i sbas &5 Sbj (Sl €Sl
5o bl 05,5 ade comr sl b rom Cigis

Ivol
‘l.bujjm J.AL...; ..\.:\5;‘5@ L::}).g ).».ish_:).o; la)lf A¥]
A a5 S0I 8 oMy e y0 a5 ek 2B YV sl Salie sleoged 5 ooy Sl wdlaal

C e | TR R . N

QR (Sl ol (P P g0 S,90 ) eyl S92 6“”3{ .\_\.»SU_A LQJ‘ " oS |) U_;LWS uLe)m s.:l.‘)}‘

)’S O)A.:Dj?s).lagd (and S ﬁfq"l) » 0 | -5 uljih) Ry 6][} o sMLWSA
Sglae Goiw AW oluls glp o sl

5 Sglae Ggdwe WS o sly B0 sles S5, OBl b oS Sopes |y e ebal oBans Jlss

2 A5 dgbiee £, 2lgs ganalb 5 SH L o

ol 4 sleizl slaasil olp)l5 g Sl 958055,
Sd sy 3 U g Wl slealeas (ol
Ly S i oIS Lasil o 5yt gl pily) bawys
o polde jsbay a5 Cuul 008 oy guiaer LS
WS oo Ml 4]y (phegh daslr o g oIS Clw

Gadds s polie S [YF] wes 18 Baa | o>

Jyiedr sie Ky ) I80S b o ol kesk o

(sl a5, 4z ST ATV s € | 55 5 o3
T3] ceol oo soltul 55 awdlS i

NLP) (oo 0b5 (3l (spslid damgs L

PN JBag> pansis 3)50 50 ol slagiagh

IP0] ol oas alowl ol ela Jlo yo e 55l i

[£5] SemEval-2019 . Jlos ;i) ysguive dislucs S

[fY] GermEval-2018 .[fal SemEval-2020

Elgl 5l aS Tl g i Al (Cogdd o Jw ol
IV0] W5 oo Cgmime 1SSl a5 @IS Calisee

ool 3 apludl gl sl 3010588 WIS (g4l
L BIS a5 ! odz By S SOl a8 WIS s
oSS Sby sl g cosl o ye leog )5 (e Ll
IFol s

Slp e Jooly 8L Glp 1) il sleolag,
. e Sl s . . ! Hate Speech
Q.ﬂ 5o ...\_»‘oo; )l)’S).g )..S.u‘u).tu ra)lf )l505.> RS 2) S50 msgho sl AGUIESSION.Cosl b s 3 (

0% 2le ) 5l VP JLe

&


http://dx.doi.org/10.61186/jsdp.21.1.125
http://jsdp.rcisp.ac.ir/article-1-1341-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-16 ]

[ DOI: 10.61186/jsdp.21.1.125 ]

Aold Gauas pa (ine JaSilns pis M5 Joudtiss S eaasi )38 Seug

5 Dolite slaarels (59, dasie slaJue (b))l L

o,8les A 0ad oo attie i o)l ddlas
lao ;o b oo LialS aaials plo 4 pposs [0 b Jow
sools § LSy auje8 slyls Ban dals b aisl yoige!
ool L b el 5La Jdo e 40 aill YU calls b
o Joe dals Guday 508 20158l 0 e oo g,
Slr " orgaed i p s sosis) 5l ol ol I
3 e 105 leS pwyp |y et bl Songe
i G i
oo slphll )5 mealys @l laslsgs

5 slaslogys slegtles]
Dypods mB g (eSS Djgoh b 1) (slatslogyg)s
4 Bas dls glaosls 1 Lidy 9,548lal) xie i
Slasloggn (i 3 mepdse planl (50l dsgarme
Ohl8l g aels Wiz 59y GBisel b lo S 50 5
O s D8 At e Joe dals Gt o508
ok yosginssyi g on Gl (slahg, ) eslisd b
Jolis 45 % laaiiie oS 5 5 Miels Blaas a0l
Vazg s ealSganailb oghn @S eSle
Obb yo ey puales by Jow o, Sles Sgupy (o2 o]
peleiioe ALl ) e gonaer 5
Glp als a5l colanul ol pales lis
JEsl el conl San glaialoyg o idu o byl
Ssees dga> 5o laelaggn (i 5o 5 05h M bt
Sgd oo akeldy Budat a8 (ol cow bl
PRIt P Nt RC BLE I

Sl 50 ately gaday o Slos Sgugo

by sla,5 =¥
o Ad A 4y IS jgboay aials godai sleo S,
Gl g, ciiud L yiwd [0 Bus Towe el PRy
Sl Gas duly glpy bawsp 5l (S5 dcgeme
ATATATA ‘()] U)Ua.: O ‘_gLa:o)Si” uJLQ‘) P9 b}.w‘sa
55 o dels gl slocus 5 ks o o a5 YA

o] 00

)‘ ‘) Aj)).w u.ul...o.a Lv @Lﬁoé‘édsgw u‘;wbj)—‘ 5L».MJ‘)
ol 0 kg 4 a5 wles,S (6 glaes damie milie
@ orpes Slalllae cpl 16k S (o0 SeS aie
oz 5 el by paim o 5Slo,E
5 Ol g oyl b asle) edle (6 250k sl b,
ool jo ale) sunaib slapi oKl g (5, hiaes
sl Foaglels  ae AL T S ew S
Guos 6)-.5‘-\‘1-.’. LSL‘%S)L"-'-“ ‘fQAAoU;—QAAA;.lg
B (s lajeyghad 3l abil 5o IS5, aledil
caeES Gl e p (e 5093 0 S0, Casgase
wiajls & 48,5 15 anl 0,90 00508 jsboas sl IS
IYOL col aie cpl y0 ool slaiags

S50l Gl ;651 51 gk )0 (B B S
bl 5 (Bl lrasgaze o sl (nl (ile
L lease opl a5 oo aiwe splie aje8 llo
w9 oo Axlge oolddacgazs o bl cillas oo
P aals st Glsiear b by Gl po a5 VP
slrosls 5 Ban disls e pl jo 090 0 0L o
wlie @iy S 5l g wites Sglite Toe 25j9e]
Bas (g9, O,Nles @l 0 Kleadd (6,00 pdigal
Glss )0 e lp b Jaw oblgy a5 ol oo ials
53k E5o90 S L aials ket WS o carai |y adlg
02 ol g oyl bl oedle S0l )0 155 (ol
ol (5901 @is8 51 318 s

bodols godad el aels Godad 55, 2 18
bl iz 0 Y Al sl S e ol
ooly 5l o Jlade oyl b &by Gaday SIS
3 G kie Jade b oolen o shls Goa dls
Gl o ywd 0 iz gl Toe diols sloosls
Ll dguzme glrosls @ azgy b aS el opl aiis
Gl g Gudnio ol CBan Al @ Toe BUPERT
O Do sleosls 51 g, Fol b lgs o Ui a0y dilo
B g e &els 53 10 (sl Jporaysbts oS iz
I¥V] o5 o asels

" Transformer

8 Domain Adversarial Training
9 Mixture of Experts

0 Attention

' Negative Transfer

0% 2o ) o)l VY Lo

@

! Naive Bayes

2 Linear Regression

3 Convolutional Neural Network (CNN)

4 Long Short-Term Memory (LSTM)

5 Bidirectional Encoder Representations from Transformers
(BERT)

® Domain Shift


http://dx.doi.org/10.61186/jsdp.21.1.125
http://jsdp.rcisp.ac.ir/article-1-1341-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-16 ]

[ DOI: 10.61186/jsdp.21.1.125 ]

9 5l Ghmmey b I e 0l il
Waseem WE&H 555 oo ool (alizes soloac gases
Wul3 5 Wul2 Wull Kaggle Gao Kol TRAC
Szt oslsacgaze dan ez bl 51 kS
Ok €y Geelomes ol «cnto
a5 Cewlize olay ol sl ool SUgs (ol cpurgs e
S0 Jelodgusm gl 5 Lol slaaiws o les
oy bz b ganaid 5 Ll 51 S e la S
Ol oy edle 355000 (et 3l 05800 ealimisd
3G e (59, laml Unigram-Count sla Joe L
5 (S0zme canz o L) Qigd o o0ld ui,)'yﬂ oslode gozo
5l e 398 oo Ginlej] K0 Solbacgeme a0
PP ESPUUNS SN OWRRY VPP~ SRR & & | RN S PN A\
Slp &5 0,5 oo i JBany 0gd o colaiul
WBun soolodegeme (gamdads o L o Sles
slosls S Blas ( bjsel  gleesls  pils
b Je ol cal e Hlan Gl 550 Boldac gasms
Bk YAl 5 L (gpfams cpl &5 clbls axg
Slogas il 5 Vo ddbs 4w e
lacals g dolodc gasme (gumadds ;o |, oslsac gasms
Slee oL 9 Waseem ol by aisS o ob3)]
51 yeel, Davidson  solbacgess a5 oS
OBl 1y el oo gonan b WEH soloacgesns
5 @Yk as s (gol> Davidson sslsacgesrs ;o S4>90
Gl 5 ol i B S0 sel (sas (oS L5
5o Sglas aS Sl (pl VY] rogh (0,8 Cenl 5 Ken
3 Glaels g bolbacgeme  (gumatl o, Sles
Om Salas Jdods K0 Bolsacgame 4 (glosldac gase
el oolodegeme B3lail 5 colddacgeme  (sladiws
g ool gg a5 gl o JYamwl [V o piomes
G BLI) Joo 4 Cod 005 iz slolne
L oas ogd e ool slas [¥Al o (Jpplh aiyls
Joae o olgs oo [V -] BERT asile (glass i sla Jow
A Wy peetd A o> U aS ol e 4 s
aS jsbolen o)l hjgel slaools a0l (S
sabaxd 5 L o slaoslsacgame sldarws (YA (V)]
€ g Guolopdgs) «Cuior S &iws g0 0 |,
hop az Sl S e ool (edle b uelirengi )
) el e b5 £95 G eoliznl 0550 (slaosloac gosmo
Hpeed 5 4

Slal w)la (e Anels Glas sln @) 0%, S
5 Tawe sloosls o mjes jks 0 a5 Cal oo oledsb
L onl @ees oSl Gl s pdilpes Sae
aid i 5l ookl b assls Slewas igel 5k 5l led oo
sals ool las VO] ol plol Y Lol usSae ol
piw&&loww)o%ywlﬁwl
aly wloiil ool slabg, lo IYF] aiS o S
5 e (sla Sy m mllsS il Jla 4y Jols
255 ol S Sl 5l eolaul 5 [YA] Gun
San Sy s Bas slaShy 5 Tl gl
Dal col gleas

Olaasin oS, aS oads ools lis yuizes
50 diged gl el Hige los wim Al ol gl
sbwmoin w55 slp axg gl 1YY
o VAL o g cenl sas soliiwl als T laass
S B4 parin glaaials ;5 & plaaiie oS 5 x50k
el 00 dlgidan wilodss yo3ge!

e Sl gasge a4 Olllas 5l golass
2 el ol samaib flee 5o b
Je olgeas ailaisls M glasalo g p dolodc gamo?
WEH oy soldacgeme 4w (59, » [FV 0
Waseem 45" ol sads isle;] Davidson 5 Waseem
a5 s oo i Bais g el WEH 51 aislasnngs
el ol glacals yg o Boloac gasne (guaiil o Slace
590 soldacgama I bjgal slaools (] sgpe slp
Cloolbacgozmo b a5 Sygo pl 4wl Lo 0440
&35 3 ondodls (el sl ue b i plesl calize
sosls Jasl 6,500 51 colaiw! b ooldacgoxe S
3,80es VY] o cpiomen g ouas 50 boloac goxe
lrosloacgomme o 1, (lacals gy boloacsome ard
Dgdoe oS bt cialey] wledas Lo s
e Yz g (b Ggew S 5 QB Mg
s &lolay Clojly,e oSl axly SasTls
o e &l 58 ki 5 LSTM (dylgls oo
# 0 weloms o s Gl Tk
Zhang 4 Wul2 Davidson W&H (slecslsacgeze
s o o ,Slas a5 wids oo lid g QS o ool
alive soldasgorme o (59, &5 wlee Cews 4 Gloj

! Gradient Reversal

2 Experts

% Cross-Dataset

4 Character-Based Multilayer Perceptron

5 Gated Recurrent Unit (GRU)

® Universal Language Model Fine-Tuning (ULMFiT)

0% 2le ) 5l VP JLe


http://dx.doi.org/10.61186/jsdp.21.1.125
http://jsdp.rcisp.ac.ir/article-1-1341-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-16 ]

[ DOI: 10.61186/jsdp.21.1.125 ]

Aold Gauas pa (ine JaSilns pis M5 Joudtiss S eaasi )38 Seug

oz o lod iz Sl (G 0I5 b (S LAen)
L oslsasgorms oS wbioe (Rl Sloj S o
Jas sy Ko slols l 5.Slom oM sl Jle
2 s Ll [A] sgi e Davidson skeosloas gaze
&lp < /0F 1aid osel caws 4 F1 5Ll oo 5,90 o0
S Lae pl a4l 3SIoa oIS 05
S Ll e e Jeaie sbroslbacgass
J> 1 slabsygn ssldcgerme hns gundib

CoblBB poade o] Gos a5 5,50 3] dalhas
Al 40 g a0 e Sgusme e
JYasl (Baiss [TY] ol &l 0 oslsac game
Sy 2 oad el el glajas a5 anS o
by e o5l ead gpslaenr slaosloasgazs
o Ol & Gk b & 08 (2 (s
Glaialoygp s 3l ooldacgamme S g wiloads Sguze
Sl S o e 1) oo Sy iy S pdyenens
IV Csdg 5l eadsglans Boldacsame Ll
ooletwl [A] joe o [V Reddit ([Y-] Loy o
o 90,0 ladiges [V VY] o il jobay oS o
Pesl SIS, 8) bt 5 GSIDE) e oIS
O S y) gl (o )sSl adiz e 090 o0
3 TXGBOOSst «ylaciiy o cpdile ool o oS
TF- wlds @8) b Shs bl ((amas sloass
s, » Wl <S5 9 BERT Word2Vec FIDF
don g XGB0OSt L .aigh oo Jlos! S slaaius
Sl AT FL e sl suie dalShs
Calodls

3590 50 b8 Sldllas da Jow 5l oolaswl 550 0
L oganail glajoe 5l (ormy ik Joo e
oy slegile 51 Bl gl @l o)l
A8 oo oolitul adsl gliw Glarear in oletiy
aS oo oolaiwl Baes 6,500 5l o S [VA Y]
2 e sl 3 oAy 3l oy 11V]
0,8es a5 S o oolaiwl BERT wile ye,g0udys
I¥aXY] wes oo @l ) (6 e

o 9, - ¥
556> 4 [FY] jo caldsl)] sla by, wll » b Joe
Gk pSlo,E W Al 4 Sloles!  Julss

2 eXtreme Gradient Boosting
3 Term Frequency—Inverse Document Frequency

0% 2o ) o)l VY Lo

sl boldacgemes > 0 BERT (slo o
Jle! (Founta 4 Offenseval .Davidson W&H)
P e o ST S aS oo ple ot g Wsd o
Syg0 gloooly and iy a5 0ad eolaiwl Hlaosls
N O P o T T JT S T O
sl 0038 5901 FOUNLA s0lodc gomo (59, » 45  Joo
ool Offenseval alis solsacgome (g9, 45  olKin
bl 5 sl s s Sles (Sl 5 Spdee
5 09z g leains plas L ol Joe [YA] wllas
oo yo |y Ll os awsle Offenseval solsacgoss
ol i0,S Lialeyl s 500 solddcgerme dw (gladiis
on slaglises Gl (S pasis
WS o S |y oaband 3§ L5 s slaosloac gases

olsacgomme G 5l 8, s [¥A] o pimen
5 SzsS bl degerme o4 Sin Sjeel
L oglas ol ab coslie o,Slee cdl (uSall
ol 00l plosl VY] dawgs a5 Col (6,50 (S ams
Code sladigad 5l s wo o b glecslsacgaze a5
bles 7S cutta sladiges b (oloosloac gozs a4y Cons
sy 0 a8 K ohsd W)l G e &
Jie lp aigd oo sinlesl Oglite slaosloac gosms
soldacgerms (g9, p  oddools  ybigel  (sldJow
Al ! salipapss olge ol 1,251 a5 Davidson
Sl 5t a5 Founta soloasgeme (53, p Liole)!
IS o et (095 el sl e 890

AS o dwl B g YAl (6,500 dalllas o
G b gleeslsasgeme g5, n &S (Jae &S
gl Wlgs go el oy (B30l Wonyay 5l (g 00
Ol 2 85 60)lse a4 Cad i |y seelimmgs by Koo
0By e el Sl odus hjgal
s Offenseval Hateval W&H  slrosloacgoxs
"oldsS S b s ol ey eile L (Golbeck
b Jpll asS oo oolaiwl Jaw lgieas LSTM
ain L) Giolojl ol )0 pwend CuiS a5 Cily axgs
sl L dnids (+/00 F1 jLoal

Sydse )l ) (Ll (Shy SO V] )0 eizeen
slacals g p doloacgarma gamdads dio) ;o Wb 4
Slaws ol a5 ogn as S o Slo,a WIS
Gl 0olodcgome S 0 0ad a8 T Llaoe o g
slosloacgame Coungas Jumily a5 aims oo oylis Ll
PSSl leedy lislesly a5 Waseem o

! Bag-of-Words


http://dx.doi.org/10.61186/jsdp.21.1.125
http://jsdp.rcisp.ac.ir/article-1-1341-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-16 ]

[ DOI: 10.61186/jsdp.21.1.125 ]

ToecSs dials gardas sl 1) LPX qoond Cenl o
[V7] iz sgupo

e sl e sl gleil 6ol sl
sabodls hjgel sla olesib a5 8gb oo ools jb3gel
olasl oo L1, f, duls saS ganailb Sl
e Min-mMax Gas g b 5l el ol 86,5
Se O sl 5 Oy Al ganail slayulily
Y Iy Ban )lg5 oo L 509—&':@ pll fg BASEY
$Y] o5 oy 5
Ly = maxy, miny; —d log fa(f /(X)) M

S dkeld cpend 0 caiS ganadds SUlgy sgge o
Gk b aS oo Bgid |y Jow a5 Jl> o ol diges
s olail iSlhe (e gl guile, JElas o
Joe Soy9el b el cpl o Jas o a8 sl |, EVE SRRV S
el Tolailinl ablite og,061 Ay b 5l eolaxul b
el @ azg Ll Uas o Lol 5 Ll g o

[FY] 35 e osSine B Jo

Olaasin oS ) sla g, -Y-Y
Jaie @m0 4 Sz sladss I g)ke ;o b,y
el b ol byl i o add adgs 0 g Al
5 WS oo gl 1) b Shy ol Sl slaay
Wsdss Sy b Shy of bl sly plaase
1OV (Wgs oo

Iy alive sLad [0F] laaxie cuS 5 b Joe
o5zl Hlaasis 4y § GuS o e £ ,9 (slad Wiz 4
s Gl ls )0 Wgh saads Lady; » 0 L
L ook o b o)l sl olidte b (2o e
basly ol (Jl ool b LAY 87 DY s5le co San
ol posdle 1l 55 a3 ga pwhie sloacs , Boee
bl diges o el 5 | Glaasie Wl 5 e
LOA] aiS’ oo

bl ol ploie oblie sl Glaasis oS 5
ol 1) syiggie sla)ld, b oo oo ojll a4
b,y 1) S e 5l oo 5 wilyi oo laase aad

4 Standard Cross Entropy Loss

Bas &l 5 S Toe dials K boasals sloss oo laass
Shls looslsasgame Jolis Toe glodals e T
3 lads s dly g awa D, SE {1, .., K}
ol Gua ] ouds LSS Uy canz 0 g slosls
ooliiwl b Lads b ol o590l F 80S gomails a5 ol
okl loosls 3 S 3l 0ulod) cawzyp laools
Lol ol peosd T 03 T3l ez 9
a5 o9l oo a8 lai s f 7 €S U{g} Lol A
S e aSll SO L oaaly ol Al SO bgsse
sledoe 5l oolainl b f o leasls ol el Sk
ohat dewsgiesl i Sl Son pesheds

IP¥] wigd so (s5llel, DistilBERT

DistilBERT -)-Y

5 slodae Sl Ssl b nSlp L
NLP o S, whie  ,0 odobjgel s
)S@b 3 Olawbre 5 gilwomsd slacuogase
3 S sS o jshaiednn Sby Jaw ol LFV] o)l Pl
as \.\.»SGA 43‘)‘ A_JP v))il&-c L> 6&55) so.\.‘{o&jsﬁi u«o.».i
gonaib) by ple pbxl slp Wlg o un
B9 pebas 294 (9 SQUAD  olulesl
be plen 55, 2 Giigeliter (> 5o OIS ok
Silail o Sy sl aow slo g, 51 BERT
Jols o yogy oyl aisS oo Lras 1) o Slae 51 (6 L
ol 5 was AlFaw Loss b S« uils yudads
ol galbole g adyl p0jlade (g )lere el
[oY]

wold dilowas i jg0l Y-V
5o ool 5 VO] o a5 S 50 (T 59, (29
o2 g " o sleaSlh o op 4 Cawl ouds eols lis
sleols Goilon Jlee Jo 5o T 255l laasis o
ol 35ab S cplil AV OA] Wlesgs 5o ands
su_v‘)a05)l.c w‘ LPX LSLQJ..\.A :LH.A) )o AJJLEA LS‘)"

! Large Pretrained Transformer (LPX)
2 Convolutional Networks
% Recurrent Networks

0% 2le ) 5l VP JLe


http://dx.doi.org/10.61186/jsdp.21.1.125
http://jsdp.rcisp.ac.ir/article-1-1341-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-16 ]

[ DOI: 10.61186/jsdp.21.1.125 ]

Aold Gauas pa (ine JaSilns pis M5 Joudtiss S eaasi )38 Seug

SIS 2 5l szgmn &l SO plgeay Sl S e
A—S‘SQ OQLD...M:‘ ua.w LSLQJ..\.A
5Tk ERY Jop U f ) S i Jae S e Senla

J o oo 5

INCLRPPRRWINE I R¢ Sop K dls jpaxie o
S Wl Cas 4 Jueo o saiSsanail ol
)15 ol enas |, p,, KE {0, ..., K-1} 4 p, sl

Cawddy py gl fos Gk 5l ay azg jlop e

q=9Q" ™)
T1

k=| - %)
Tk
Ty

ay = softmax(qkT) o)

)‘b).g I8 ared Q € RdXK 9 K € RdXd UT ).) 45
LAt o 084 amin la Jui 4 @y Axg
[FY] oS 0 a9 Sl S pidee Joko g atals

172 k

Pl B = Tuckp, ()« @l + b0+ (0
*)

o glgeas Joe e a5l el (lp
Ohgy o el sasd higel Lol Al o aasie
Sy go ool V] b aslic G;))’}AT

Eaxy g Bl -F
Olondiss —V-¥F
sleal 4 oolbacgome Sz 5l bbbl den lp L
s [¥4] TRAC [¥A] Stormfront 4] Davidson
@liee slaganaiws a5 oS o colaiul [6-] W&H
Soslaaz s wiz il 5 wespe g |y (ST i
Slazla (V) Jgaz 0 boslsas gasre Slastive diloas
el 00 ool oyl

Gl bgad  ialdgyd RS o
2 ebol g el i 4 beslsasgens
W&H o Stormfront [Davidson  sleeslsasgeze
slasi 4 TRAC Sslsasgaze ,o 5 LY +=/V+ &jgoa
Ll LY =LA S ygods 0410 (5 55eS slaosls

ey 5l e gl o0y5lcasn sl
Sly og, 5 walite slaosldacgaza ;o b Jow pposs
3 V] canl oo eolaiwl o gosatws (g5kes laslinl

0% 2o ) o)l VY Lo

@

S 4 Sy Gl sl S b leasls 5 anS
waaste iz bl wl H5 Jb j0 aSlll oS LK
S seS Sl a4y s 5,5 AL S o aiien i
erae el a5 sbpleas o)l Gl Gl a8
L ooy I eoby lagl,> wisghe Hoduzn
WS e Shl 1 greee slael 5 axbse
a o oplplo ol walys Ll Glaaxie eSS sla o
W (oo SIS plaatie oS5 Sl (SSy S50
Loyl

ey Al o Gl aaste oS5 g
Sax azg Bgile g ool (65 eSle gl oo
Syl [¥] jepgis s Sle p a2y (e
aisls Hlaaste oS 5l eolaiul 4 vas o las L3
Sfkes Sgnp 4 e She sloosiiS ik
IYF a4] S oo I.\M by paiz a s yed LT
LI a5 0gdico (omyp dlsl )0 wilge pl 4 azgi L
LPX sl Jae 3l eoluwl sKe laaxe oSy
ez b3l glo s

LPX il Jow K K dals b Sledas gl p
Sl oad pulats atals o b bles f, k€ {1, ..., K}
Joe Sy blize £ LT LPX Jow Sy ppizpan
oo (nl (295 Gt 2 297y Sl S e
as el 5l el P, s D s €{l, ..., K} cspa
3 polie cnleiins (29990 (Gunainb Jlais s Pl
Oleca 2l 2o Jo! a0, 1) soguowm
dsls jaatin sl Jlis! l slacges 3l 39 cuS
3ogd o dilbne Gl S s Jow Jizl g K €S
LEY] 05 o0 oolainl 59 dlxs sl os, Jz

S35 (Sl -
ot ool (6,5 Sl SO sy by,

L5Y] Jowe ol

p,x, K) = l,—(lﬁ Lrerp, () + p,(0)
()

azgi Jowo -

Nz Bl gyl axg Joe So ol o
axgi wlde p (Sle dxgi by, S oo ax gl il
sljae o a5 cuwl S5 whide a4 oad oy

Jae ool pe a5 [F0] ssiie Jlsl pepsini


http://dx.doi.org/10.61186/jsdp.21.1.125
http://jsdp.rcisp.ac.ir/article-1-1341-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-16 ]

[ DOI: 10.61186/jsdp.21.1.125 ]

Olsiear ooloasgaze jo 5l O S lale] e 4o
Olseas LS (8l g 0o Dbl Cute WS
At &dlyys Wghge adS Ll o Al S
Sly cwsl Macro F1 50 ol L cccl audlSge
g mloo S LSS b aw 1) Glel e iy oliebl
Gl (oSb)ly) s as)s oo & ) @S S0ke
oS (0
G50l 59 T aius g3l 5l e ulesl dan o
0,90 dus 3 L iales] &S o el ouds oolizul Ye-0
bl Slelas ) aSlyl @ az s b wloays ijsel
2l s b bl wias bl sl glacgsgame

R ‘n.) ‘j

Hate sl WS nogdle Davidson  sslsacgesxs
O, was (WIS S (Normal 4 Offense Speech
30 sbools dan (gol> 4 sl ouls adlsl Toxicity sl
solsacgao ,o .Cwwl Offense 4 Hate Speech M5
Convert Aggression sl WM 5 ogde w2 TRAC
b4 ) Normal 4 Overt Aggression
90 sooly slas Jolds a5 el ool adlsl Aggression
<l Overt Aggression 4 Convert Aggression oM
Sexism slasl 4 WM 4w 50 WEH solsac gass
pba Ko was (WIS S g 0,1 [Normal 4 Racism
losls ggeme a5 el suls adlsl 1 4 Hate Speech
Sed o Jols |, Racism 5 Sexism DM 4o
Hate Speech IS ¢0 ol Stormfront solsac gosxe

oS oo 8Ll T a4y 6 550 (WIS 5 el Normal

oslsac gosxo Wlasiw (V- Jgus)
(Table-1): Specifications of the datasets

Name Category Size (Post Based) | Source
Offense ('Offe") 19190
Hate Speech ('HS") 1430

Davidson (‘David’) Twitter
Toxicity (Offense or Hate Speech) (‘Toxic") 20620
Normal 4163
Hate Speech ('HS") 1197

Stormfront ('Storm’) Stormfront
Normal 9720
Convert Aggression ('Cag’) 5297
Overt Aggression (‘Oag’) 3418

TRAC Facebook
Aggression (Convert or Overt Aggression) (‘Aggr’) 8715
Normal 6284
Sexism ('Sex’) 3430
Racism (‘Race’) 1976

W&H Twitter
Hate Speech (Sexism or Racism) ("HS') 5406
Normal 11501
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(Table 2): Average results of in-domain tests along with variance with Macro F1 measure (In section results related to single-
domain in-domain tests, Mix section results related to multi-domain tests along with training on a part of the target domain)

Method Davidson-tox Stormfront-hs TRAC-aggr W&H-hs
In Mix In Mix In Mix In Mix
Basic .935 .923 .785 711 748 725 .844 .828
+.001 +.004 +.000 +.007 +.004 +.000 +.007 +.001
Adv-6 .935 .924 774 .701 754 719 .847 .828
+.001 +.002 +.006 +.005 +.003 +.002 +.003 +.002
Adv-3 .937 .922 124 .702 .748 .720 .846 .830
+.002 +.002 +.045 +.004 +.003 +.001 +.001 +.001
MOE-Av .938 .927 784 .700 752 734 .852 .827
9 +.001 +.002 +.007 +.006 +.001 +.004 +.001 +.001
MOE-Att .935 .922 .781 .703 751 716 .852 .829
+.001 +.004 +.010 +.006 +.003 +.004 +.003 +.000
Method Davidson-tox Stormfront-hs TRAC-cag W&H-sex
In Mix In Mix In Mix In Mix
Basic .935 .925 .785 .687 .621 .593 .878 .858
+.001 +.001 +.000 +.024 +.001 +.002 +.001 +.001
Adv-6 .935 .928 774 .696 .626 .576 .874 .857
+.001 +.003 +.006 +.010 +.004 +.005 +.003 +.005
Adv-3 .937 .924 124 .704 .625 .585 .873 .850
+.002 +.004 +.045 +.003 +.019 +.003 +.001 +.017
MOoE-Av .938 .925 784 .682 .602 .584 .882 .845
9 +.001 +.001 +.007 +.002 +.020 +.004 +.001 +.004
MOE-Att .935 .923 .781 .698 .613 573 .874 .856
+.001 +.005 +.010 +.012 +.004 +.003 +.012 +.002
Method Davidson-offe Stormfront-hs TRAC-0ag W&H-sex
In Mix In Mix In Mix In Mix
Basic .887 .874 .785 .656 .700 .649 .878 .859
+.000 +.001 +.000 +.052 +.004 +.024 +.001 +.009
Adv-6 .881 .872 774 .676 .699 .691 .874 .851
+.003 +.003 +.006 +.032 +.006 +.010 +.003 +.018
Adv-3 .885 .875 724 .679 707 .645 .873 .853
+.002 +.000 +.045 +.046 +.009 +.025 +.001 +.016
MOoE-Av .887 .879 784 .695 715 .678 .882 .853
9 +.003 +.002 +.007 +.007 +.003 +.002 +.001 +.005
MOoE-Att .886 .878 .781 .678 .706 .693 .874 .857
+.003 +.002 +.010 +.035 +.010 +.006 +.012 +.010
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(Table 2): Average results of in-domain tests along with variance with Macro F1 measure (In section results related to single-
domain in-domain tests, Mix section results related to multi-domain tests along with training on a part of the target domain)

Davidson-offe Stormfront-hs TRAC-cag W&H-race
Method
In Mix In Mix In Mix In Mix
Basic .887 .875 .785 .675 .621 .584 .872 .843
+.000 +.000 +.000 +.021 +.001 +.006 +.001 +.002
Adv-6 .881 .874 774 .657 .626 .526 .874 .840
+.003 +.001 +.006 +.048 +.004 +.029 +.005 +.002
Adv-3 .885 .876 724 .658 .625 .575 .876 .828
i +.002 +.004 +.045 +.050 +.019 +.011 +.001 +.017
MOoE-Av .887 .880 .784 .662 .602 .590 .873 .848
g +.003 +.000 +.007 +.039 +.020 +.003 +.003 +.004
MOoE-Att .886 871 781 .682 .613 .545 .876 817
+.003 +.002 +.010 +.027 +.004 +.032 +.005 +.026
Davidson-hs Stormfront-hs TRAC-aggr W&H-race
Method
In Mix In Mix In Mix In Mix
Basic .699 .670 .785 .710 .748 715 .872 .849
+.015 +.015 +.000 +.008 +.004 +.009 +.001 +.003
Adv-6 .675 .688 774 .708 754 721 .874 .848
+.017 +.007 +.006 +.009 +.003 +.002 +.005 +.002
Adv-3 .669 .669 724 711 .748 714 .876 .847
+.026 +.013 +.045 +.010 +.003 +.014 +.001 +.001
MOoE-Av .704 .649 .784 .694 752 .730 .873 .862
9 +.011 +.011 +.007 +.004 +.001 +.002 +.003 +.004
MOoE-Att .669 .680 .781 .715 751 .718 .876 .852
+.028 +.025 +.010 +.005 +.003 +.002 +.005 +.004
Davidson-hs Stormfront-hs TRAC-o0ag W&H-hs
Method
In Mix In Mix In Mix In Mix
Basic .699 .652 .785 .699 .700 .676 .844 .823
+.015 +.010 +.000 +.011 +.004 +.014 +.007 +.010
Adv-6 .675 .680 174 .707 .699 .688 .847 .823
+.017 +.001 +.006 +.030 +.006 +.009 +.003 +.005
Adv-3 .669 .667 724 .702 707 .692 .846 .824
+.026 +.004 +.045 +.036 +.009 +.004 +.001 +.010
MOoE-Av .704 .663 .784 .697 715 .683 .852 .828
g +.011 +.014 +.007 +.014 +.003 +.006 +.001 +.001
MOE-Att .669 .670 .781 .690 .706 .663 .852 .824
+.028 +.016 +.010 +.012 +.010 +.024 +.003 +.006
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(Table-3): The average results of out-of-domain tests in single-domain, multi-domain and using adversarial domain training

o

methods and combination of experts with variance with Macro F1 measure

Method Train Set David-tox Storm-hs TRAC-aggr W&H-hs
David-tox - iG(? 18 1 i307 22 1 i507 (Zg
Storm-hs iz(iZZ - i3(§3153 1-500230
Basic TRAC-aggr fgfz ;(?326 ; £.5: i93
W&H-hs is(;t27 - ;3:2 J_r'.a(i; -
.619 .614 404 .621
+.025 +.013 +.021 +.015
Adv-6 J_fozs?z; £.5(ffo i‘f‘;fz J_r'.602120
Adv-3 Multi Source iG(;l 189 iS(?(é)l 3 1402 12 0 ie(;lO74
MoE-Avg foz(?s J_r'?olgs J_r.i?ols i?()zgs
MoE-Att 4_l_601307 4_;?(());8 ;(?33 ;01;‘4
Method Train Set David-tox Storm-hs TRAC-cag W&H-sex
David-tox - i6(§) 18 1 i402 f 4 i507290
Basic Storm-hs iz(f Zz - i402(?4 ;:g 1
TRAC-cag il(f g 6 i4(§3 (&)34 i i407 029
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630 481 415
WakH-sex +.007 +.003 +.005 ;
.589 .567 421 .556
+.047 +.017 +.001 +.002
538 560 419 550
Adv-6 +.044 +.005 +.002 +.009
Adv-3 Multi Source 539 565 427 554
+.020 +017 +.010 +.009
606 564 405 550
MoE-Ave +019 +.004 +.002 +.004
596 560 411 558
MoE-Att +018 +.012 +.002 +.008
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(Table-3): The average results of out-of-domain tests in single-domain, multi-domain and using adversarial domain training
methods and combination of experts with variance with Macro F1 measure
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Method Train Set David-offe Storm-hs TRAC-oag W&H-sex
i 524 475 561
David-offe . +.011 +.008 +.031
Storm-he 261 ) 540 443
+.036 +.011 +.001
. 672 634 514
Basic TRAC-oag +.024 +.002 - +.002
669 481 456
Wa&H-sex +.012 +.003 +.003 :
678 547 481 531
+.015 +.006 +.005 +.005
582 563 512 528
Adv-6 +.098 +.018 +.003 +.002
. 645 588 511 530
Adv-3 Multi Source +.055 +.008 +.007 +.003
672 563 472 531
MoE-Avg +.011 +.013 +.006 +.005
701 569 486 545
MoE-Att +.010 +.010 +.008 +.009
Method Train Set David-offe Storm-hs TRAC-cag W&H-race
) 524 403 457
David-offe : +.011 +.005 +.005
261 425 667
Storm-hs +.036 ; +.004 +.015
. 207 488 480
Basic TRAC-cag +.005 +.004 - +.002
183 608 596
W&H-race +.000 +011 +.033 :
201 554 422 490
+.017 +.004 +.006 +.020
235 549 436 474
Adv-6 +.004 +.006 +.002 +.008
. 232 555 428 460
Adv-3 Multi Source 4020 +.013 +.007 +.006
199 546 429 478
MoE-Avg +.006 +.011 +.003 +.011
.210 .549 424 495 d J"
. =
MoE-Att +.023 +.008 +.003 +.005 0
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(Table-3): The average results of out-of-domain tests in single-domain, multi-domain and using adversarial domain training

methods and combination of experts with variance with Macro F1 measure

Method Train Set David-hs Storm-hs TRAC-aggr W&H-race
. .598 .354 710
David-hs ; +.008 +.010 +.045
549 385 667
Storm-hs +.001 - +013 +015
. .202 .502 481
Basic TRAC-ager +.017 +.036 : +.033
510 59 378
W&H-race +.011 +.033 +018 :
542 .596 377 .729
+.002 +.002 +.012 +.007
538 608 373 740
Adv-6 +.006 +010 +011 +.038
. 532 .609 377 .740
Adv-3 Multi Source +.003 +.008 +.007 +.005
539 610 387 754
MoE-Ave +.009 +.003 +.007 +.004
535 592 371 708
MoE-Att +.003 +.010 +.021 +.021
Method Train Set David-hs Storm-hs TRAC-o0ag W&H-hs
) 598 473 486
David-hs : +.008 +.043 +.046
549 540 503
Storm-hs +.001 - +011 +.020
. 321 634 609
Basic TRAC-oag +.022 +.002 - +.007
385 539 544
W&H-hs +.011 +.002 +.003 :
342 623 547 513
+.008 +.003 +.012 +.004
439 628 552 521
Adv-6 +.027 +.004 +.007 +.014
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(Figure-1): The average results of domains in different out-of-domain tests with the Macro F1 criterion in several methods
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