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Abstract: With the rise of social media, detecting implicit hate speech has become challenging due to its indirect and ambiguous nature. Tra-
ditional methods excel at detecting explicit hate speech but struggle with subtle discrimination, especially in modeling the relationship be-
tween topics and text. This paper proposes a teacher—student model (ESTD) that uses T3 as the teacher and RoBERTa as the student, apply-
ing knowledge distillation to improve implicit hate speech detection. The student model extracts aspect—based sentiment analysis (ABSA) fea-
tures with topic information, using DF—Net’ s dual-channel structure to combine global semantics and local sentiment, enhancing feature ex-
traction through cross—channel attention. Experimental results show ESTD outperforms existing methods, with higher robustness and precision
in detecting implicit hate speech. This approach is scalable and can be applied to public opinion monitoring, offering new insights into com-
plex semantic and sentiment modeling.

Key Words: latent hate speech; aspect—based sentiment; teacher—student framework ; knowledge distillation; text topic
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Table 1 Example sentences
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Let those people go back to where they belong. - -
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( Target: Minorities )
Because it's the white thing to do. . .
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(Target: Caucasian)
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Fig.1 ESTD model structure
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Fig. 2 DF-Net model structure
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Table 2 The overall performance of different models on the two data-

sets
F2 AEEBEBNHEE EWBEERR
THC SBIC ToxiGen
Model
Ace F1 Acc F1 Ace F1
BERT 76.98 76.16 87.83 87.73 - 75.30
HateBERT 76.67 75.83 87.21 87.30 - 73.10

ELECTRA  77.46*  75.87%*  87.15% 87.03*  77.50%  77.33%
GPT-2 71.57 76.36 73.62 53.09 77.78 76.67

TS 70.71 62.95 87.55 87.48 - 79.50
TOXCL 78.29*%  76.69*%  87.64* 87.55% 81.55*  80.45*
ESTD 80.91 78.16 89.98 89.96 83.75 82.78

T 7 ORI 3P Y I BRI SE AR RO, , A B A %
FIE SO R AR 4

43 HRESCIG

I3 5% ESTD H i 475 AR AE (w/o SF) | Jy T 175 B4R AIE
(wlo ASF) FIFIRZE 1 (who KL) #BUEAT IS b 2 56 . 754K
TR AL EBR— DO R AR A L, IS4
L AE R [A] B 45 4 (THC  SBIC  ToxiGen) [ 52 . 2 3
JeeoR 1 AN ) Al AL Y HE 3 (ACC) AT F1 345
Table 3 The accuracy (ACC) and F1 scores of the ablation results on

the two datasets

3 BNHEELEMERMACCHFLE

IHC SBIC ToxiGen
Model
Ace F1 Ace F1 Ace F1
ESTD 80.91 78.16 89.98 89.96 83.75 82.78

w/o ASF 78.90 77.20 88.69 88.30 81.67 80.90
w/o SF 78.23 76.54 87.45 87.50 82.56 81.50
w/o KL 79.34 77.59 88.60 88.65 83.10 82.02

i X ESTD KA A7 9 fil S 6, 4630 1155 SRR AR
(Sentiment Feature, SF) . J7 1] 55 B R 1F (Aspect—based Sen-
timent Feature, ASF) F1 %1 - 2% 1% (Knowledge Distillation,
KL) 7E B8R AT 3 5 8 A b iy 2 . S g R R,
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4.4 EHI5H
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TOXCL™ 455 @78 A LB ESTD. ] F “Let those
people go back to where they belong” Fll “Because it’ s the
white thing to do” ¥ A B MEUIR 5 16 (H A 5 2 {d 1]
A BCE P T . BERT A TOXCL #5 5 AE o 5 1l 412 1) 5

F PR ], 11 ESTD 38 ik 75 1 SRR 1 s, B
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Table 4 The prediction results of some representative methods for

the same sentence

F4 —ERRUEFEXNR—ATFHRNER

fIF O @ O EfE%
Let those people go back to where they belong.  x X N i
(Target: Minorities)
Because it's the white thing to do. X X J
PR

(Target: Caucasian)
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R AR R R, HEAh ) 42 o B . IR i A 4 2R (L3R 5
JEWIAT ) Z B, i UL TR) REAS B 1 AT RO A, HET A FLAE
FEAN [) 251 8] BE 04

Table 5 Bias evaluation results

x5 BRITHER

e Targer:non\e r[“arget : olh«?r All :
Acce F1 F1 F1 Ace F1
THC (Zb 3T ) 77.94 76.23 84.70 79.52 80.91 78.16
SBIC(ZLBERT)  89.42 87.41 90.57 90.26 89.98 89.96
THC(ALFRSE ) 79.74 77.90 81.01 78.20 80.91 78.16
SBICUALBE/S ) 89.92 88.59 89.90 89.87 89.98 89.96
5 %
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