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Multi-language Embedding Graph Convolutional Network for Hate Speech Detection

ZHAO Hongyi. LI Zhiyuan and BU Fanliang

School of Information Network Security,People’s Public Security University of China,Beijing 100045, China
Abstract With the widespread use of social media,the issue of the spread of online hate speech has become increasingly severe,
especially under the cover of anonymity on the Internet,allowing hate speech to spread rapidly, posing a serious challenge to the
detection of hate speech. In order to effectively address this issue, this paper proposes a cross-lingual hate speech detection me-
thod based on Multi-language Embedding Graph Convolutional Network(MEGCN). This method fully integrates the advantages
of sequence modeling and graph modeling, and uses multi-language pre-trained models for feature extraction, thus being able to
handle complex relationships between different languages. At the same time, this paper proposes a joint training method based on
interpolation prediction to improve the accuracy and robustness of the model. Experiments on four public datasets show that
MEGCN achieves better performance than all existing comparative models in the task of cross-lingual hate speech detection. This
method not only maintains a high sequence modeling accuracy,but also effectively captures the structural relationships between
texts,thereby improving the performance of the model in multi-language environments,especially in terms of semantic correspon-
dence between different languages.
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Fig. 1 Difference between the two types of hate speech detection

modeling
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Fig. 2 Framework of MEGCN model
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FH T8 RO () A58 70 25 1 A0 TR 5 9 U R . B IR R
HAYEE T OB, XLM-R BB 52 ) B 000+ & 0 515 5
N LA 2 F S O AR 55 TR U TR S R M, DT A Ak B
AN TFIE B Y SCA BT A A AR AR 55 i R 3T SR Y R

4)SS-GAN-mBERT"" ; SS-GAN-mBERT %5 & 4 i % 4t
I 2% (GANs) I 25 1 7 B AL (PLMs) , A 1L Il 45 9 PLM
R & BIA T GAN 2 UBAT A W B 2 30 . i ad X bt 2k
LA ) ) #5 D BE A SRR IR T AR, ERIEE .
FREARPEE S MRE T IS 5h BRI W3 0 &G,

WAL, Sy kA 2 B a X S IR 4 SR RS R, AR ST R T
XLM-R+CNN #l XLM-R+BiLSTM fE  %f He R AL, 3 5 4
BERITE XLM-R BYEAL E 53 5088 1 B B0 2 k) 26 (CNIND F
X K S AT AZ ™ 2% (BILSTM) %5 Ky o LLER 5% A ) 1 25 I 4%
S5 K X A R BE G R L 3 o 6 B S T LA o A b T A
A R 28 0 26 76 A SORE AL b i) BT K
4.1.3 M

FEASC Y, BT A P R I Al 3% T ME R % (Accuracy,
Acc) Fl F1 {H (Fl-score) {F N 3 B My f An if

D HERRFE CAce) « 5 28 J2 98 55 7 3500 1F 4 (9 B A< 4005
MEEAR G, HitE SR .

- TP+TN
CCUracy = TP ¥ TN+ FPFEN

o, TP(True Positive) 7~ E IE ] 44, TN (True Negative)
FoRm B AL, FP (False Positive) 3 7R {8 1E 11 8, FN (False
Negative) 7R {2 11 B 4% .

(2)F1 {f (Fl-score) : F1 {2 K5 & (Precision) 15 4 [o]
(Recall) 1% 8 #1722 8, & — B 2555 75 18 40 2 150 A0 e 14 45
pro R R a2 — X A0 PR .

)Flﬂ .

1D

TP
Preczszon—Tip_._FP (12)
TP
RecalliTP‘FFN (13)
o Precision X Recall
Fl_bwreiszrecision+Recall v

HoHp A 1 8 (Precision) 3 7n T A 81 47 38 0 IE LY REA o, 52
R A 1E 208 B 5 73 01 3R (Recall) /R T A B 520 IE S AU REAR
o BRI RR NS IR0 4 SN IE A L) . O B DR AN 45 SR i R

241200023-5



Com puter Science TTHHLEIS  Vol. 52,No. 11A,Nov. 2025

FEVER AT SR AR SCHEAT T 5 WM SE S8 (il 10 £ 28 L5
TED o I % A U 52 36 A 445 SR BT 908, B A7 37 Al 48 A7 (Ace FI
FLAE RIS R 4 fL/hEL,
4.1.4 EHIHR

ASETE Windows 10 #:4F R g8 b 9E 47, 0 4 7 5 40 45
Intel Core i7 4bBEEF , RTX 3090 GPU (24 GB), 7E Python 3.
8,PyTorch 1. 18 By ¥ &5 F #5 ad 45 &1, IF F| il Transformers,
NumPy, scikit-learn 5022, JIZRd 2, S 3 2 GCN,
A2k 1Y epoch B H A 10, batch size SN 64, 1 fb B B 1k #¢

AdamW , 23 5y 5 X 107", BUE I A H0CH 0. 01, 76 T
MBS E A RSN 0.7, T 74 B #4557 51 @84
B, ARSI T XLM-R 1E N ix ABAL, 808 T &5 28009 )
G5 55 i M Al I HL T 2 ERUAG XeF BAE R Ay g MR TS ) 4% 445
558 EBITEHR,
4.2 ¥pb:mg

ACHE 4 A TFBE % COLDOE) \SE(FiE) . FHSS
G5 SEFEPE 15 b 347 58 45 (1 % b S5 56, 55 46 25 5
#1573,

F 1 ATTEUUIR F B0 I 45 5 Lt B
Table 1  Comparison of hate speech detection results of each method

. COLD(X &) SE(¥ ) FHSSC#% %) SE(H ¥ % i%)
ik Acc F1-score Acc F1-score Acc F1-score Acc F1-score
mBERT 0.7915 0.7808 0.496 6 0.6175 0.9250 0.9192 0.7710 0.7246
XLM 0.7649 0.7641 0.5150 0.6192 0.9311 0.9248 0.7773 0.7324
XLM-R 0.7894 0.7796 0.5397 0.6282 0.9373 0.9317 0.7807 0.7450
XLM-R+CNN 0.8113 0.8083 0.5226 0.6296 0.9357 0.9294 0.7813 0.7469
XLM-R+Bi-LSTM 0.8197 0.7995 0.5341 0.6325 0.9380 0.9333 0.7863 0.7489
SS-GAN-mBERT 0.8132 0.7938 0.5136 0.6175 0.9314 0.9227 0.7880 0.7369
MEGCN < (ours) 0.8235 0.7983 0.5793 0.6242 0.946 6 0.9373 0.7902 0.7553

o LUF #] MEGCN J5 i £ 218 5 SCAR 47 2841 55 e 3t
o E L R R AE 4 FPE S SR AR LR T A AL,
WG A I 1E 5K #% , MEGCN TE 18 SCH 450 R85 44 ¢ & 4l
RZEEHT BBCFM S IET AR PRAT®RKNEZ
fbhE f1. 76 SCHCHE £ COLD |-, MEGCN 1Y Acc ik
0.8235, Fl-score 4 0. 798 3, I & {fi T HL £& A A XLM-R
0. 7894 F1 0. 7796) LA B 45 & ¥ 48 N 4% 119 ot #E BB XLM-R
+BILSTM(0. 8197 F1 0.7995) . Ui W T H: 7€ = ¥ I8 i & 1T
G5 VR A0 RL B T S A SRR . 7E AR B R OE R BOHE 4 SE
I MEGCN 5 [le 7 %% 5 ke 1 B2 A o B % 38 31 0. 5793,
Fl-score J90. 624 2,41 It XLLM(0. 5150 F1 0. 6192) F XLM-R
(0.5397 F1 0. 628 2) ¥4 B i #& F, % H] MEGCN 7£ 1% %% I
EETE WS T ARG SRR MG WEIE. 7825 E
(FHSS) F1 V4 BE F i (SE) 45 4 . MEGCN #Y 3% BHL [7] K
j, HE FHSS S04 46 EAYMER R IK 5] 0. 946 6, Fl-score 4
0.9373,0 % T XLM-R+ BiLSTM (0. 943 5 il 0. 933 3); 7E
VO HE i B ESEd, HofE R F H0.7902, F1-score iy
0. 7553, 0T B A *f LU,

M5, MEGCN 16418 5 80 4 B ULy —Bobk I8 T 1
B30 1 33— T XM (58 K 3 KR BE ) 4E o Sk
it o 38 2o [ 45 U £ CGOND il B2 SCA ] & 1Y 454 6 & L T
3 3 478 1L SR W 20 75 181 %5 T 30 4 1) BTk e ) X R T BE 4R T
TSR X R )BT SURRAE B U URRAR T R SR
W R I T AR R B AR TR (Y = R . A
5 B0 18 i 22 P25 45K Cin CNIN AT BILSTMD 19 75 20 AH 1
MEGCN RE#% 5547 W V- A 8 A5 B 545 X R il HAE R
TBE S AR R RS,

4.3 AERE KRB MR

Sy 58 TIE AN [ 18 S s et A R R A B L A SCBETT T —
FONVHMSCE XA LT 4 Mg . D BEHL P B 1L
A ] 0 5 2) N AR ik AR T B I I 55 3) I ik AR
RIS R 45 S BT B A RO S5 4 0T i A K8 28 S5 o P 466 18
BeA YIS . A SCR B FHSS Bodls & 017 R 506, e e

gk 2 iy,

SRR L BEHLA) AR Ak %A T S (0 45 Y 36 B8 de 25 T Af %
(Acc) VR 0.8776,F1 1843h 0. 7826, FHIKEHL 1] 4h 1k B =
JENE I 1E AR B, 5 BB R XE LU B DA 55 A0 56 1
fE. ML ZTF AR g AR T B 4 1A I 25 19 SR w1 g
HFTETE, Ace k%] 0. 8983, F1 427 & 0. 8354, 1X Ui B Hi Il
YRtk AR RRAE 2 S 3R T — @ RS B R R T2 A
55 AH AR L A BB FE 40 RO o YR SR TR0 A A TR
J5UREE S B0 AT B A FRI S 00 SR W S 35 R T R R e
Acc METPIFI IS B A2 0.9 KIEHEE = 0.9295,F1 Mk H]
0. 9078, WA TIA J5 1Y i A A 76 AT 55 $ 4l 1 i R BT AL,
AR T RGN 45 00 SO BT . SR . S 28 SR A 1 6
A YNt AR5 ] 4 U RY Y 3R M S T AR ROR  Ace
BE— B TFE 0.9466,F1 ik 0. 9373, B I e 4L 04T 45 3&
BLHET) .

F 2 RIR B S mE X Ace I Fl-score 5

Table 2 Effects of different fine-tuning strategies on Acc

and Fl-score

R SR
ECED H AL & R 1 1
gt HAEE HAEE BRel%
Acc 0.8776 0.8983 0.9295 0.9466
Fl-score  0.7826 0.8354 0.9078 0.9373

L5 b A AH 6 A U SR OR G R MER ZRORT FL AR 4 38
8 e A T 9 3k 2 B LR A R 0% 3 A5 45 B i ABTEL S R
FEURE IR f) 5 AE , 38 B8 48 70 40 R FH P 35 0 B A 3 . 3K b ik
6 A [R5 AE 2 R B9 B[R] 1k b B (0, Sy kb A 2% R O
AL TSR F1 AR .
4.4 HHEMESW

D UNE 3 7 o 475 {8 56 W& Hh 1 2 550 A Xof 455 700 RE 5 i) il
2 BEE A O 1B 0. 7, B R R E LR T A=
0.7 Bt 3K B % B {8 0. 946 6., R I I AT XLM Al GCN [ 39 il 45
R GHME LB T & ANME, 20 0.7 I, R
TF 46 T 3 0 BB R R A AR e T O XML A 1900 285 21 L 55
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Fig. 3

2DMFE 3 P A LUF L 7E GON ZEry sz s, 28N 1
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GCN Wi ERECh 3. e ERF S 2R E B R G Z RIS
SR SHR T

2 QORI RTESIE A

Effect of A on accuracy

%3
Table 3

GOCN J2 B0t v 5 2R 1 5% i)

Effect of GCN layers on accuracy

ACC
0.7342
0.8626
0.9466
0
0

GCN E #

. 9275
L9087

G w oo

3)batch size B VA 2 52565 R B (L3R 4), 24 batch size Ky
32 F 64 B AR 230 58 BT AL 09 9 6 32, b batch size
64 I AERN R IR N 0,946 6. X LI /NI batch size g
PRI B T A0 B 1 L A B T AR AR A e SRR . T Y
batch size 3§ K % 128 1§ 512 B, ffE#1 %A B F K. X £ W&
KM batch size B T BB Ay 2% 2 53R . %§ I+, batch size h
64 JEMERE SR SCRE R BT,

F 4 GON 200 HE T 3R AY 52 1
Table 4 Effect of GCN layers on accuracy

batch size ACC
32 0.9233
64 0.946 6
128 0.9134
512 0.8907

BRIE AR T -METZHEF RA KGR
2 (MEGCND I LR 75 38 A U 75 75, B8 08 5 R0 %) 44 32 1 4
2T VIR F B SCA R PR 1%y R i R 1 b 2
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WL ST SO 5 B 2 [ B A RS SR s R R,
MEGCN S AE PR 7654 14 )5 51 e B2 B 77, 38 i 4l 2 SC A [R)
P45 1 ¢ 3 DL R AN () o 3 M) 0 %0 B D6 R A BRI 20 F L
IRF IR A RE . ER , BT RY 12 J7 vk AR SR & SR s AT A A
s ), 2Rk ¥ R 9% B T BE BL T L 4 J7 12 15 181 45 A IR
Transformer A L4651 , DLt — 25 3 T 450 80 1) 465 00 K% J32 32
1L hE

(1]

2]

(3]

(4]

(6]

[7]

[8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

241200023-7

£ % X

AGOSTINA C, LEONARDO N, NEIL S, et al. Explainability
and Hate Speech: Structured Explanations Make Social Media
Moderators Faster[ C] // Proceedings of the 62nd Annual Mee-
ting of the Association for Computational Linguistics. Associa-
tion for Computational Linguistics,2024 :398-408.

WANG X L,WANG Y H,ZHANG S X, et al. Gender Discrimi-
nation Speech Detection Model Fusing Post Attributes[]]. Com-
puter Science,2024,51(6) :338-345.

CHEN H Y,ZHANG L. Very Short Texts Hierarchical Classifi-
cation Combining Semantic Interpretation and DeBERTal[ ] ].
Computer Science,2024,51(5):250-257.

YAO L,MAO C S,LUO Y. Graph Convolutional Networks for
Text Classification[ C] // Proceedings of the AAAI Conference
on Artificial Intelligence. 2019:7370-7377.

HUANG R, XU J. Text Classification Based on Invariant Graph
Convolutional Neural Networks[ J]. Computer Science, 2024,
51(S1):120-124.

STEPHEN M, EMANUELA B, ANTOINE D, et al. Multilin-
gual Epidemiological Text Classification: A Comparative Study
[C] // International Conference on Computational Linguistics
(COLING). 2020:6172-6183.

SEBASTIAN K,DENNIS M R.STEFFEN H.et al. Discussing
the Value of Automatic Hate Speech Detection in Online De-
bates[ C]// Multikonferenz Wirtschaftsinformatik. 2018.
DEBORA N. Exposing the limits of Zero-shot Cross-lingual
Hate Speech Detection[ C] // Proceedings of the 59th Annual
Meeting of the Association for Computational Linguistics and
the 11th International Joint Conference on Natural Language
Processing. Association for Computational Linguistics, 2021:
907-914.

IRINA B, VIKTOR H, ALEXANDER F. Cross-Lingual Trans-
fer Learning for Hate Speech Detection[ C]// Proceedings of the
First Workshop on Language Technology for Equality, Diversity
and Inclusion, Kyiv. Association for Computational Linguistics,
2021:15-25.

ASHISH V,NOAM S,NIKI P, et al. Attention is All You Need
[J]. Advances in Neural Information Processing Systems, 2017,
30:5998-6008.

WU S H,DREDZE M. Are All Languages Created Equal in
Multilingual BERT? [C]// Proceedings of the 5th Workshop on
Representation Learning for NLP. Association for Computatio-
nal Linguistics,2020:120-130.

LAMPLE G, ALEXIS C. Cross-lingual Language Model Pre-
training[ ]]. arXiv:1901. 07291,2019.

GCONNEAU A.KHANDELWAL K.,GOYAL N.et al. Unsu-
pervised Cross-lingual Representation Learning at Scale[ C] //
Proceedings of the 58th Annual Meeting of the Association for
Computational Linguistics. Association for Computational Lin-
guistics,2020:8440-8451.

TEODOR T,ZUBIAGA A. Cross-lingual Hate Speech Detection
using Transformer Models[]]. arXiv:2111.00981,2021.

YANG Z Q,XU Z H.CUI Y M,et al. CINO: A Chinese Mino-
rity PRE-trained Language Model[ C] // Proceedings of the 29th



Com puter Science

HEHES  Vol. 52,No. 11A, Nov. 2025

[16]

[17]

[18]

[19]

[20]

L21]

[22]

[23]

[24]

[25]

International Conference on Computational Linguistics. Interna-
tional Committee on Computational Linguistics, 2022: 3937-
3949.

SAT S A, BINNY M, PUNYAJOY S, et al. A Deep Dive into
Multilingual Hate Speech Classification[ C] // European Confe-
rence on Machine Learning and Knowledge Discovery in Data-
based. 2021.:423-439.

LIN Y X,MENG Y X,SUN X F,et al. BertGCN: Transductive
Text Classification by Combining GNN and BERT[C] // Find-
ings of the Association for Computational Linguistics. Associa-
tion for Computational Linguistics,2021:1456-1462,

YANG T C, HU L M, SHI C, et al. HGAT: Heterogeneous
Graph Attention Networks for Semi-supervised Short Text
Classification [ J ]. ACM Transactions Information Systems,
2021,39(3):1-29.

WU L,CHEN Y,SHEN K,et al. Graph neural networks for
natural language processing: A survey [ J]. Foundations and
Trends® in Machine Learning,2023,16(2) :119-328.

ZHANG J,ZHANG H,SUN L,et al. Graph-Bert: Only Atten-
tion is Needed for Learning Graph Representations[ ] ]. arXiv:
2001.05140,2020.

SHAKED B, URI A, ERAN Y. How Attentive are Graph At-
tention Networks? [J]. arXiv:2105. 14491,2021.

YAO L,MAO C S,LUO Y. Graph Convolutional Networks for
Text Classification[ C] // Proceedings of the AAAI Conference
on Artificial Intelligence. 2019:7370-7377.

DENG ] W,ZHOU ] Y,SUN H,et al. COLD: A Benchmark for
Chinese Offensive Language Detection[ C] // Proceedings of the
2022 Conference on Empirical Methods in Natural Language
Processing. Association for Computational Linguistics, 2022
11580-11599.

VALERIO B, CRISTINA B,ELISABETTA F,et al. SemEval-
2019 Task 5:Multilingual Detection of Hate Speech Against Im-
migrants and Women in Twitter[ C]// Proceedings of the 13th
International Workshop on Semantic Evaluation. Association for
Computational Linguistics,2019:54-63.

PATRICIA C,VERONIQUE M,FARAH B, et al. An Annota-

[26]

[27]

[28]

[29]

[30]

241200023-8

ted Corpus for Sexism Detection in French Tweets[ C] // Pro-
ceedings of the Twelfth Language Resources and Evaluation
Conference. European Language Resources Association, 2020:
1397-1403.

OUSIDHOUM N, LIN Z Z,ZHANG H M, et al. Multilingual
and Multi-Aspect Hate Speech Analysis[ C] // Proceedings of
the 2019 Conference on Empirical Methods in Natural Language
Processing and the 9th International Joint Conference on Natu-
ral Language Processing. Association for Computational Lin-
guistics,2019:4675-4684.

OLLAGNIER A,CABRIO E,VILLATA S,et al. CyberAgres-
sionAdo-vl: a Dataset of Annotated Online Aggressions in
French Collected through a Role-playing Game[ C] // Language
Resources and Evaluation Conference. 2020.

VANETIK N,MIMOUN E. Detection of Racist Language in
French Tweets[ ] ]. Information,2022,13(7) :318.

KENNEDY, CHRIS J, GEOFF B, et al. Constructing interval
variables via faceted Rasch measurement and multitask deep
learning: a hate speech application[]]. arXiv:2009. 10277,2020.
MNASSRI K,FARAHBAKHSH R,CRESPI N. Multilingual
Hate Speech Detection Using Semi-supervised Generative Ad-
versarial Network[ C] / International Conference on Complex

Networks and Their Applications. 2024 :192-204.

ZHAO Hongyi, born in 2000, postgra-
duate. His main research interests in-
clude natural language psrocessing and

hate speech detection.

BU Fanliang, born in 1965, Ph.D, pro-
fessor, Ph.D supervisor. His main re-
search interests include artificial intelli-

gence and security engineering.



