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Addressing harmful speech is vital because socio-linguistic discrimination inflicts severe
psychological damage, reinforces systemic power imbalances, and silences marginalized groups.

0.75 Here P is the reference distribution.
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Representational Harm: Language that promotes
negative stereotypes, unequal portrayals, or erases
socio-historical context of marginalized groups [34:

To measure the divergence of Q1, Q2 are two different texts and they are the target distribution.

information content in each text with
respect to a reference text, we apply
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Representational Harm Score (R)

The problems with current NLP systems are Kullback-Leibler divergence. D(P|| Q1) =) P(x)(log(P(x)) — log(Q1(x)))
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Conclusion and Discussion point

r:;The proposed Socio-Linguistic Harm (SLH) framework moves beyond monolithic "hate vs. non-hate" labels by

modeling linguistic harm as a continuous, two-dimensional geometric latent construct.

e

|. Can Socio-Linguistic Harm be modeled as a multidimensional latent construct composed of
representational and expressive dimensions!?

Translation: “These interlopers, who came as refugees, have illegally settled in our historically significant lands. In addition to desecrating their
sanctity, they pose a major threat to the peace of the country; they should be immediately beaten and driven out from here”.

Computing Expressive Harm: Computing Representational Harm: Socio-Linguistic Harm:
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