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Hate speech detection based on pre-trained models

LIN Yuan', ZHANG Ya', YU Meng', XU Kan®" , LIN Hongfei’
(1. School of Public Administration and Policy, Dalian University of Technology, Dalian 116024, Liaoning, China; 2. Faculty of

Electronic Information and Electrical Engineering, Dalian University of Technology, Dalian 116024, Liaoning, China)

Abstract: To accurately detect and identify hate speech, the dataset samples are expanded and balanced by fine-tuning the large
language model. The RoBERTa-Attention-GRU-TextCNN model is constructed based on the pre-training model RoBERTa,
leveraging the powerful feature capture and extraction capabilities of deep learning for the analysis and mining of text sequence data.
Firstly, the RoBERTa model is used to extract features from the text data; then, the self-attention mechanism is used to obtain the
dependencies between words; finally, the acquired feature matrix is input into the GRU-TextCNN layer to capture deeper semantic
information and local features. Two publicly available datasets provided by TweetEval are used to evaluate the model effect, and the
experimental results show that the model has a better detection effect compared to the traditional hate speech detection model.

Key words: large language model; hate detection; RoBERTa; pre-trained model; RoBERTa-Attention-GRU-TextCNN
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Hr, M2 I 285 14 58 DR RE T 4 ZRSCAS AR VR A B R BRI | e 2SBS0 2 o (EAR GE R SCAR [l i A
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1.1 LIRS e B R

PURF RIS — I EEA Y, Tl TP R X+ 28 W 46 & LA Ui A k17 B 3R 5 o
BT, AR AT LS o R R AU B O 28 B35 | T ELA A At S il Aa e S R B E A IE LR SE B, 5 mith
MR ISR 3= A AL 2% 2% > AR v 324 ) 5 AL (support vector machine, SVM) | # # [1] 15 (logistic
regre-ssion, LR) £NZE U141 (naive Bayes, NB) 25l an 2 ) B0 12 N o TR 27 S AR Y PR HC AR AR 7R ]
R R NS5 s AR 5 T B9 O B, & 8 9 T UIR 5 18 K I 98 o, HE P 4G 26 i 42 ) 4% (recurrent neural
network , RNN) 7EAL I SCA A i BAT MUREOC 34, I R BN RAFvERe, LAz B TRERIDGE, B4k, A
= JIHLH] ( self-attention mechanism ) # 12¢ 4 v FH 2] F #8175 75 Ab # ( natural language processing, NLP) T{EHT,
BARIRIREGE TE 5 N IAOT T2 E R SOCER Rl SR AT AR B TR H v 1RSI
1.2 ERSFEFRRIK
1.2.1 A THE ST e ik T A n a5

IR S IR IT S5 1 5, G P A 2 2] 7 sk e i A N 9l 32 W . Ting %6173 it WEKA FiAh
Z DL X Facebook HHUMUIR F 18 HEATA I . Mehdad 45 32 BUCAS 9 N-gram | 749 2 50 RV EASAE
FHEFH SVM XHUIR F 1A 7K . Del Vigna %5 440 —F b 9 B R] (14 17 SR AE VR £ ZL4FAE , T FH SVM
I LSTM Bk H b — ) 25 8 THUR 518 . Rodriguez 25! )\ Facebook 47 T — MR 518 B9 Bl
B T HE AL A T 1 S ) B B0 TR 2 1 A5 7E P B I SRR AE B A . Briliani 2510 (] K 340 43 20y G
Instagram P68 FAIPUIR S8, MERAR A $) T 98.13% ., Das %7 43 5{#i F§ LR \NB .KNN DT .RF il SVM &
Pkt Twitter ERIPUR SR AR, SCH0 45 R KR , SVM DT 1 RF BRI T Ho A ir A #5018
1.2.2 A TRAES I MR T BT R

22 MR JBE 2 2] RERUTE SCACE B BT AR5 Th © 40z o O B 3 i 9 R (HR IR B 2 ST 1
TS BT RS (1% 2R 3 e 5 AR T I 4 5CHim 7 o e RS L vl I i o 5 A PR A 5 A A1 A S B A
REAAERI LA ), o IS 45 14 o AR e B PR R, AR A1 5 I A TIN5 A . Vaswani 25
P& Transformer 58 32458 AU At FH 1 22 0 AL AN 22 Sk i = 0 AL, RE 6% T g M i 92 7 91 Z (R A OC &R
Devlin %" #:F Transformer % 1Y) Encoder %843, 3 1 BERT #% Z R AE NLP 19 2 WAL 45 h # R 90
{6, Liu %5 $2 H3EF BERT HBGHEFE Y RoBERTa , 12245 15 3R Fi B 2 () I 2R 85 3 K it 2 R/ N A KR
KB YN ZRRsta] , 2% P2 m A PR RE

B RER F KI5 b A I R E BB B 00N, Zhang 251" i 1 —Fh 454 CNN
F1 GRU AR EE M 22 I8 A i BRI R 2% ) S S i SRR 2R, I SE X Twitter ERIPLIR T8 A
314325, Kshirsagar 55" $7 H—Ff ] 28 e i el i AR RS 20580 n] o — MO AR DUIR 7 18 00474028 4 ) 2
FEFE 2 SORME BB 18 43 2807 ThEAT T4 PR RE . Watanabe 25 48t —Fiii T unigrams Fla) i FEAE
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KA Twitter PR F MG PEF R B 7%, IF7E 0 28 =0 B85 4 L 4T 7 99k, Patihullah
U et Word2vee $RIURFE , SR J5 (4 F GRU #EAUSIAG I BB & 78 015 h A AR 5 38, 52 30 e A vl
ik 92.96% , Tekirogli 5" FHE— AN RMUASEIRSE , 3t B AR SUN PR 5 18 MR b fff FH 1001 250 5 4
B GPT-2, Mozafari 45"/ {ifi ff BERT FIA R Ai A JZ ML A R - AT PUIR AN e v 35 38 K I, BB T R4
AR . Albadi 287 20 Bl FHOLIR 581 i AF AR AT BERT BB BRI BEA T AR F 18 A0, IF teig T 3
FAPERE , 30 UE OGRS R e LR 8 AT 55 L A %k . Azhari %61 fifi il RoBERTa Jy 46 I Ef) & J& vl
W2 Instagram Wi P8 X FIPUIR F e, 1 B 2 Tiab B A 4= flgb B Fp 7 5 . SCgnsh SRR, 3R
S TRUAL P SF- X MER 5 5 T 4 AL B, RoBERTa £ AN FH 4 WAk B B HLA AR 4 i I 1 R e, FIRER
SR — b 3 T TR IR R 0 SCHUIR IR A I 72, 8 3 N-gram $ BT 1) {2 700, X636 R 3
TR # e, ffi F§ RoBERTa-wmm-ext 1521 UEFHELASE R F I8 AT 45, XB RS 255 K&
R0 25 1) Z2 RS DR o PR O 12, 76 2 AN B T i R %43 138 51 76.03% F173.9% L T BLA 1) SOTA
TR

1.3 HEXEAR

1.3.1 RoBERTa #:#!

RoBERTa A& 7E BERT 5 RY () LAt b 347 ket i SO Zeibi Y | B AE 4R T8 5 2R 1Y Joa i FIAR Y 1) 65
#E1E, 24T BERT,RoBERTa [AJFEFET £ 2 Transformer 4 #4244 i (4 1 75 1 AL S5 R 15 4o 28 9 45
{H RoBERTa 7E F Il 2k S Ad B Be A 7 17 T elcadk AL b s B v g . 76 Al Il 2k i Bt , RoBERTa >k HI BT K1)
b /N A P SI BE  A B TR A b 2% > 5 F 09 B R SCfF B, [FRIEF RoBERTa >k H gl A £
A BIFERRUGEARH BEH LB 53 token , 17 [5] 4 0 i i% 2 7 B 1Y) MASK token, {45 54 BB A% 51 i1 2 1% Hh 34!
fESCARI LR SUFE . BEAk RoBERTa 38 FI H B 2 (I 258504 5 50 K 9 BN 2R 4, iE — 20 G s A R (1) 32
fEPERE 518 F RAERES
132 RiESTHRAZLBAT &

BEAE NLP s b Sl 2R B 1Y & J , CiF 7 A8 (large language model, LLM) FESLH sLBPERE . A<
SCAd FH BT E 25 B & 38 ST 1) KB S AR 22 81 FR Y Qwen-1_8B-Chat?! JF R KA AL, Bl — 285 KA
Bn W 2R F R B SRR B ARG B GE ), RE S AL A A I SOAS B BT DL R A
P AGURAE . [R1AY, Qwen-1_8B-Chat # A1 HLAS SCACA: (A BE 7, 7T LA s A5 R AR B I 2R 250808 RUAs — 3
THPIZSBAR REAS , NI R A 30 S 8508 4R T P2 AR AR Z R PR 4R L AT B, I AF Qwen-1_8B-Chat BRI 3 #F
FIEPROR , SRRl AR A BT SR R B S8 RS AR A BRI IR T A BB i P RE R, K
AR Z2 AU PR e LB (H R T B BB SR AR (G A R AR AR S X AR SCAS (A SR AN AT A T
B, PR, R RIS S AR Y 72 5 P Ecs 52 , iyl 25/ N B PLAR 75 1S R AL 7Y | o 2 S B SCAR 43 2R A AT
VED

B F R B TO)E T 35 W (supervised fine tuning, SFT) 1L F A S S mt i 55 Ak 27 > A
(reinforcement learning with human feedback, RLHF) %, A< SCHr i A9 Chat AR A 75 Base £  JL Atk |-
3 T RS B ) AR T B SR AETTAL A B oM RE B I 2 R A R i, DR AR SR FHAA W SO A
Bio WO AT LR — RIS Y 1 35 N R 5 ST I 2545 3 1Y Base BRI BT A S8, SR, Xt
TREGEFEAM S, B ITA S80I ORI , 5L R WX — i #2 J0 75 (GHE i 511> GPU 581
BEAR, 58 AT 5 BT S0 e K, WA 23 ) i g SR i 2508 n . PRI AR SR — P IR Bk B 3 1 3k
LoRA (low-rank adaptation, LoRA)"*' LS 880 OBl . AHEE T 76 JEL LA KR T 5 R A | 7S 3 Hic 28 19 7
21 FE A BT 2R A M SRR AR R Y LoRA Jy ke T IR I #0722 AT
DB I DL R AR A SR ) B %) 00 25 A AR (R, 36 ot AR R R0R IR 2 80 22 4k, LoRA KR 2
T SO BROR I 0 BRI T R BT AT BRI AR SO B R A AE A GPU L S8 A, T A AR B AR
RO SRAL T AT B

LoRA MBEAFIRANE 1 FrRs . X T K/NHK dxk B)—AFEBE , FHR/ NG5k dxr Bl rxk 1Y 2 456 FEAH SR
MIERE R . BT ri/NT d Fl k, BRIUICAEARX 2 AN B BT T 23 )8 /N T B I R B s 25 T, 7ESE
Jiti LoRA TR S m i, HLARBAE R AR 4 280 g | A—A 55 450, aniEl 1 iR, 76K A LoRA #4740Vl
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i LoRA i Qwen-1_8B-Chat SZ LA 4E 199"
Fo5 - fliy, 3 F 79I 25 B A RoBERTa #4 i RoBERTa-
Attention-GRU-TextCNN ( RAGT) % 3¢ /LR 35 18 46 I 455 710
G 3 2 4y BRI A 0] i RR 2 O UE B R ERZ

h=W, x+ AW =W x+BAx

Base
Weights
WER*

r << min(d, k)

K1 LoRA s
Fig.1 LoRA principle

G )Z . B 56l g RoBERTa AR A5G B Rt £ vh A1) 1 G 4 18 SCRFE 7, SR 5 AT B 1 T HLR) FR R
B A] ARG 2R A 2o F R AL AL B B 4RAE AR B i A 2 GRU-TextCNN 4145 J2 LATR ASZ 3 BORg
AT SAF R AR , 5 J5 8 1] Softmax 732845 X PSR HEAT 15 B0 26, FIWT HOR 7 s T IR F 18,
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Fig.2 RAGT overall model
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architecture

{8 LoRA 73] Qwen-1_8B-Chat, 1 5t B A4 H SR B s 4 | 45 SR FH L a6 B5cE 48 10 I 25 4 A X 1oz i
TR SE TR S N 2 b A SRR 28 R i AL, K XTI P 80 SCSCAS A Sy HR AL, SO £ i 42

RS =il 3 i,

"id" "< ZREAE id>",
"conversations": [

{

"from":"user","value":"

2
{

<PREEHA>"

"from":"assistant","value":" <3 A% i >"

}

}

K3 ks ol

Fig.3 Example of fine-tuning the dataset format
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T B AE A B 18 LoRA 21804 Qwen-1_8B-Chat 578 AR FEI (88 K i 0 U0 43 51 Hy

Orneanea =arg min . £ (f,(x) , (text)) , (1)
Dirain
Qwen_Output=f,  ((labels)), (2)

Horr. 0 WBTISHL D, N IR IR BRI ZREE 5 € J B 2R bR Ctext) i SUARAE B 5 05 nea T I O AR TRY
S ; (labels) A EBRZEAF B 5 £, () ABEH 8 TN AF, B2 A B4 SCAS U 25 Qwen_Output A 34 J5 19 A%
LT
22 #WmAEERTE

W SCA B e A 31 RoBERTa 57 /| 1 RoOBERTa X SCASRFAE AT L , 3RAG4) F L 1918 SUERE IR
ARSI ] Huggingface H ) RoBERTa-Base e SCHUYI Zribi Rl | & ] LIS SCAREUH 5 1k i 75 22 i ) B 5K, 2L
RS RN 4 B

i 2 [[101,146,1209,---,145]]

X¥ [ Transformer
Yt 2

_______________

SCAHKIA | Are you not concerned by beatlemania

K14 RoBERTa il [l it fk
Fig.4 RoBERTa word vectorization
i1l 4 RTAT, i id B A4 3 AR50, RISCAK A dnfi 2 A th )2 o X T — 28 AL LS 1Y SCA TR M E =
{e ey, e, |, Bl HTEA] E 1) input_ids A attention_mask , 1 47 roberta-base 17U (1% A | 15 21| 7 2%
SRR e T=1{ T, ,T,, -, T,} ;5X)5 , GtS)Z 1) 24~ %] Transform 25 45 X 4 45 SCANIE A EA T St | 0E
— PR IUR) TR SURRIE 5 S 2K St I A B 3] [ i AT DR 45 B TEA) E TR R AR RS R, , I8 HAE
RRHEH PR A B — 2, mlaPHE T
R, . =T,®T,D---OT,, (3)
Horpr, @ Ry s PHEEE AT s m R HSEA) R, i TIRHEE B 2 SO A SCR & m 2 6050
i ) i B 4ERE , R RoBERTa-Base H5 f11i] [n] i 4 54 768 , T LA n HUAE A 768,
23 EBEXERRNE
M\ roberta-base #HIFG Bl AFEFE R, J5 B H P 0 BEAS ] B4 AR B R ALE A B EE L
Tl AL B3] (] A MR O 28 AT B 2 26 OB B iR 3R 1) &,
BEAPLHRIRZSH A 5 Fis .,
FI R LR 2 58 38 A 1] 2 ) A B O O R | T iE
A RCE BTSRRI RE I, BN, 724 BB 1Y R [n] & X, I, T,
WS A I T, T, T, U AR, 985 R AL
SRA AR ) a X, BT R T .

=W, X+b 4
Q ¢ e ( ) Tl Tz T3
K=W,X+b, (5) N

) 5 AR BLRZE
V=W,X+b,, (6) Fig.5 Structure of self-attention mechanism

A ion(Q,K,V)= Soff [QKTJV (7)
ttention( Q ,K, V) = Softmax ,
Jdg
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Horb, Q MM, K SR, V AR, d, A i m 2 B ok, S0 H 5045 200 i R E A B
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W A AU AP S S EH AR S R, 2R SEE A B GRU-TextCNN JZ | YEFT 4 Ry RRAE AR5
FRAEFEEL, 3T GRU BRI B 1018 SUE B, T 2 R AR ESE L, FRERERE R, 40T GRU A5
P 9B ARRF AE 5 1 — 25 B B 298 B IR 2 R B8 SE B R RR AR Y, o [ SHRREE R,
FH TextCNN #ERISiE— B FRARAE , 130 i R H 2 B E BRSO I R R e . AR SCEERE TR 11 R/
G350 3.4.5 19 3 FORTRL RS9 6 BUZ, R RG4S B 100 4, B FURAEIS VH ReLU 3406 R, [R] B R
F R 45/ NFIE S BUE RS , O B 0 RR T Rt A 5 PR o] B AT PR . & BREAE)R , 2B
OB RIS Z
24 BREGTEE

TG AZ R 440 GRU-TextCNN #AVREI 1Y 2 MEEFFE Y, M Z,,, 1 7P0H% 3850 Softmax 432Xt
PARFICHATRINFISE, SRR Bz AL AR 1 T IR 3G B4, 51 A Dropout J2 LABEHLIESEM: b5 ik —
S LB PR ZET0 , AR SO B KE BEHL Z WA E Ry 0.5, SR G i 2 AN 2 R 1) S 4 13, J5 S W 17 SRR A )
S F 532 Softmax HYARYE IS — b5 A EDRIBTR B M , BBz 0 Fom 2R F IR i mT ietEioR .,

P RG220 DFE S 159 2 (10 45 A ) 5 1 5 Softmax /32K E8H5L1E M) E 7815 B 25 v i R 15 i 0 =
[0,,0,] , BRI KAE ITAR TR 1 bR 2 1 o fe 2 1 ) 1 AR 28 . Softmax 43 ZS 8RB0 ] 1 (956 7 0%
b IR

ei
Qe
Horp K WAE IR IS RIEL AR SCOR FH 1) A 36 S A R A T AR Ak, T BT 45 2 W 45 AN EE S 40, e 4%
B S A BR AL, FEI SRt R rh 850 T2 U I R R AR, THREE R R
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i=1 j=1
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31 HIE&E
i 2N TF A HERF R 42 Trony detection' ™’ il Hate speech detection ™ X % SCHUAR 75 1S A IR R R4 731 5
SUAE, AR SRR AR S B LA 1, X 2 DN EARAEAR LA 2 S0 , BIHERFITAE SCAR (text) R
FHR PR 25 (label ) , T Hcd 4 IE SRR A HE B2 A, DRI AR SCS2 06 1 2 18 FH )8 B0 4 % Qwen-1_8B-Chat
HEAT RO, A AR T s AREARUNE 6 T
£ 1 IR R AR S L)

Table 1 Sample size and proportion of the original dataset

YIS IEREACEL FAEA KL IEfEEA L

Irony detection 2212 2 389 0.926

Hate speech detection 5462 7 500 0.728
o2

id "identity 2"
@ conversations [] 2items

oo
from “"user”
value "positive"

ail
from "assistant"
value "@user @user real talk do you have eyes or were they gouged out by a rapefugee?”

K6 IR AREA R B

Fig.6 Example of a large model input sample
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At AR I B R 5 R R B SRR A AT 8 AR DR A 53 B O A RO 0 , AR SCRE R SE R A IE R
TP GREA Y TERME , 2351958 2 DRI EEE 5 . A Sl 5250 A BRI J5 9 AR R S REAS A1 1
WIREE R R B REAS | 28 2 2k iU S N R EEFEA UM 8 AN W] IOREAS . AR SCA X M F oL T RIE S
BRANTE R s i TR 2R B 28 5803 TN 25 , 3 AN ] KU A RE AR 1T RE AR 15T DR o 5 A B A o) 1) L)1 e i
B

it PR i 0 KB FE 5 A 2 U AS AN IE] 7 P . % SR BIRE AR E 2 ()R B 70 )5 IR A 5

RS G IR BENLSE— 0 A IE URE A A i 78 5 P 5 OB 17 78 5 s B B S ke
AE S B ER 2, 3R 2 AL, 7SS RO BOE A IE AREAR 2% 50% , Kicdha 2R B IE SRR A IR B 1R AR
&L T BT IS S, SR R S A S R 2 RS T0% A 2R 30% A1 S
AR TR 2 5 174

@user Lol I'm scared.

| can't believe | forgot to clear my browser cache #so-sorry

@user @user so we all just shut down when some people call Obama an evil genocide rat, except that's not how freedom works!!
The holiday season can be tiring so here's something to cheer you up #Thanksgiving2015

Love these rainy days 88x

@user when is the next one in Sydney? #xbbtasymptom

@user . @user | just want to be happy, blessed and healthy..

When people you care about act like you're important to them but are in fact not that important at all.

@user @user @user you know how little the libs really know about math right?

Look! It's raining cats and dogs! #UHARINOTHURST #SnowSnowSnow

@user @user He's number one...and I'm #16....| should be wearing that for my birthday tomorrow...gosh where do | put it?
a#good 2 have a dance with your n Fast food, expensive... but fun!

BT i R R i A 7 4]

Fig.7 Example of a fine-tuned sample output from a large model

K2 YR B R A KR e )

Table 2 Example of a fine-tuned sample output from a large model

EEIIE S IEREA /A TREA L A IESREAS
Irony detection 2500 2500 1
Hate speech detection 7350 7350 1

32 ZBRE

WA T SEBRTRT 2R, AR SCHE B i 75 A 780 Sk W] B 2 FF & A3 SC T [R) IR K1 5 R 8 Qwen-1_8B-
Chat, Bl 25 18 /1) Chat BUFERL | STEGFE B4 RTX 4090 GPU LIl A5y | S oA 37 75 A5 78 11 fafc i 2R
Lt ss A AdamW ffbs .

Xt RAGT fURKIMARAY | i AR [ b A R 25 b R A7 45 a8t SC0 i FH A #8/E 2 45 4 Windows10, Python
JAShy 3.9.7  FEBCIREE S S HELL Pytorch, MiiA hy 2.1.2, {fi F1#Y CUDA A< Ky 12.1, J#FHFFiiAE X Huggingface
H#) RoBERTa-Base FiY | #EPE AdamW HLfb#s , {8 FH A SO 2% pR B, 38 15 A EE 320 weigh_decay S84 il
2 B BN ZRAT: 55 AN i i U AR BT B 1R A . IZRFE YR num_epoch B4 10, YIZREEHL UK /)N train_
batch_size &~ 32, MEREEHL IR K/)N test_batch_size B4 32, 2% 2 1% K 1e-05, P75 1F W) T A4 A 5 5 08 S48
weight_decay %4 0.01, FE#LIIE dropout HEZ 1 0.5, Fdl SEAE A A 3] RoBERTa-Base £ 75 H SCAS [ £
KA FE max_length %4 60,

33 XBWERRKSH
33.1 sk

ARSGEHL 4 AL RAGT BAYHEA T LG , SR FHAS [R] At a] ) 7 v Rl 3 R BB EA T4, 6T LA AN TS

1) GloVe-LSTM A ST 11012 I 28 10 FH 3 SCA 53 284155 v, 3l 3k GloVe #5888 A= BUREAN 1% g 1Y)
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Table 3 Comparison of model experimental results A %
Hm Irony detection Hate speech detection
Acc Pre Fl1 Acc Pre Fl1

GloVe-LSTM 63.43 67.92 65.52 69.25 74.67 72.04
GloVe-GRU 63.58 66.38 65.63 69.93 72.66 71.75
BERT 64.64 64.94 58.69 74.71 72.98 69.50
RoBERTa 70.41 69.83 69.30 75.75 75.36 68.94
RAGT 73.02 76.71 73.73 80.43 80.67 81.23
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4) RoBERTa-Attention: $% GRU F TextCNN %Y H{f ] RoBERTa Hl [ i & J1ALHI , 769 78 5 V-
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Table 4 Ablation test results AT %

iR Acc Pre F1

RAGT-NL 79.24 78.18 77.23
RoBERTa-GRU 79.46 75.04 79.63
RoBERTa-TextCNN 79.16 76.13 78.15
RoBERTa-Attention 78.95 76.48 80.03
RoBERTa-GRU-TextCNN 79.48 78.54 79.94
RAGT 80.43 80.67 81.23

XV RS B 45 R ) AT R
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