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● Many hate speech
datasets are highly explicit and overt

● Little is known about implicit hate
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% Expletives in Hate Class

#j*ws & #n****** destroy 
& pervert everything

From Mexico? People 
come here cuz you can’t 
build it there.

Explicit Hate Implicit Hate

Mexicans Mexicans are 
incompetent.

2. Taxonomy

3. Data Annotation + Expansion

White Grievance Incitement to 
Violence Inferiority

Stereotypes + 
Misinfo

Threatening + 
Intimidation

GPT-2 Beam:
Max BLEU: 83.9 

GPT-2 Beam:
Max BLEU: 75.3 

Target Implied Statement

white revolution is the only solution
non-white people  non-white people are inferior

white people white people are superior
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Model P R F1
HateSonar 39.9 48.6 43.8

Perspective API 50.1 61.3 55.2

Linear SVM 61.4 67.7 64.4

BERT + Augmentation 67.8 72.3 70.4

Deciphering

Bias 
Mitigation

Reasoning

Sarcasm 
Detection

Norm. + Stand.

Ex
pl

ic
it Figurative 

Lang. 
Detection

Im
pl

ic
it

Tr
ai

ni
ng

Testing on
 Implicit Hate
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933 explicit | 6,346 implicit | 13,291 not hate
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