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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
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(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
Adv-3 Multi Source 386 625 550 542
+.019 +011 +.009 +.022
341 623 548 536
MoE-Avg +.009 +.009 +.007 +.007
362 603 550 559
MoE-Att +.017 +.006 +.016 +.012

wetis e (V) | Je J)jlaol.o.m e Al S e
uf‘}y’" S g, om 3l ey, bals den ol
aS Cowl ails 0429 laasie oS 5 g aals Lleas

o

@

ol 00l dlo d,....‘a.: s_;)..XS u»-"ﬁ‘ (e

2l oyl VP Lo

O e Mz GiSu 0 aSepl jslatea

o, Slas Q&LA (R fab;?l Glaslie alizee slo g,

LS 020,5 dwlbxe |) Oglate slayiolesl jo asls 1o
Lol odolie LB (V) S5 40

F oAb Sleas gl Glassg, I SO e

S5y S eSlbe by, b plaakie oSy

w)aquMLwl&A)o‘pyL}meM


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

[ Downloaded from jsdp.rcisp.ac.ir on 2025-07-04 ]

[ DOI: 10.61186/jsdp.21.1.125 ]

Offe | 0430 0/408
HS 0442 0/488
Toxic 0/604 | 0/579
HS 0/583 0/582
Cag 0/421 0/427
Oag 0/514 0/532
Aggr 0/39 0/41
Sex 0/543 0/539
Race 0/609 ' 0/607
HS 0/567 0/571
Basic Adv-6 [

Adv-3

ows osss
- - Davidson
. L
- - Stormfront
o o
N s |
T
_ws s
D (e | v
st o

MoE-Avg MoE-Att

w99y = yo Macro F1 )l b slasloyg p calizo g yiulojl 50 vasold gubs (yufSleo (V- JSCi)
(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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