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Abstract

Subtle and indirect hate speech remains an underexplored challenge in online safety research, particularly when
harmful intent is embedded within misleading or manipulative narratives. Existing hate speech datasets primarily
capture overt toxicity, underrepresenting the nuanced ways misinformation can incite or normalize hate. To address
this gap, we present HateMirage, a novel dataset of Faux Hate comments designed to advance reasoning and
explainability research on hate emerging from fake or distorted narratives. The dataset was constructed by identifying
widely debunked misinformation claims from fact-checking sources and tracing related YouTube discussions, resulting
in 4,530 user comments. Each comment is annotated along three interpretable dimensions: Target (who is affected),
Intent (the underlying motivation or goal behind the comment), and Implication (its potential social impact). Unlike
prior explainability datasets such as HateXplain and HARE, which offer token-level or single-dimensional reasoning,
HateMirage introduces a multi-dimensional explanation framework that captures the interplay between misinformation,
harm, and social consequence. We benchmark multiple open-source language models on HateMirage using
ROUGE-L F1 and Sentence-BERT similarity to assess explanation coherence. Results suggest that explanation
quality may depend more on pretraining diversity and reasoning-oriented data rather than on model scale alone. By
coupling misinformation reasoning with harm attribution, HateMirage establishes a new benchmark for interpretable
hate detection and responsible Al research.

Keywords: Faux Hate; Hate Speech; Misinformation; Explainable NLP; Social Media Safety; Benchmark
Dataset

1. Introduction its model interpretability and fails to capture forms
of hate that are manufactured, fueled, or triggered

This paper contains examples of faux hate com- by misinformation.
ments, included solely for research purposes.
Some readers may find the content offensive or
distressing. Reader discretion is advised.
Online platforms such as YouTube, Facebook, and
X (formerly Twitter) have become central spaces
for communication and opinion exchange but also
amplify harmful content, including hate speech and
misinformation (Schmidt and Wiegand, 2017; For-
tuna and Nunes, 2018). Despite advances in mod-
eration, subtle and indirect hate, where hostility is
masked through humor, irony, or fabricated narra-
tives, remains difficult to detect. Such content often
avoids explicit slurs or profanity, making it ambigu-
ous even for human annotators and challenging for
automated systems.

Existing hate speech datasets, including Hat-
eXplain (Mathew et al., 2021), Hostility Detection
(Bhardwaj et al., 2020), studies on geographic and
cultural bias (Tonneau et al., 2024), and SemEval
series corpora (Zampieri et al., 2020; Premjith et al., Prior work (Biradar et al., 2024, 2025) mainly
2024), have enabled progress in classification and  focused on the classification of Faux Hate, leav-
target identification. However, they largely focus on  ing the task of explaining its reasoning and poten-
overt hate and surface-level toxicity cues. This lim-  tial harm largely unexplored. This limitation hin-
ders a deeper understanding of how misinforma-
*Work done at FLaMe.nlp Lab, IlIT Delhi. tion shapes and triggers hate. To address this gap,

Building on the challenges of detecting subtle,
context-dependent harm, recent work has identified
Faux Hate (Biradar et al., 2025): hate speech ex-
pressed indirectly through misinformation or decep-
tive narratives. Unlike traditional hate, which uses
overt hostility, Faux Hate embeds prejudice within
misleading claims, making its harmful intent im-
plicit. For example, a comment may falsely accuse
a community of spreading disease, conveying re-
sentment while hiding the premise’s falsity. Detect-
ing such content requires contextual reasoning and
background knowledge, which makes automated
detection difficult. For instance, Table 1 contrasts
traditional hatespeeches, which relies on direct at-
tacks, with Faux Hate, which embeds prejudice in
misleading or fabricated narratives, highlighting the
need for contextual reasoning to interpret it effec-
tively.
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Typical Hateful Comment

— | dislike the skin colour of people from <country>.
— <country> is dishonest toward everyone; we
should boycott it.

— <group/religion> people are ruining our soci-
ety; they should leave.

Faux Hate Comments

— <country> is spreading COVID on purpose to
harm the world.

— It's not love, it's a plan; <group/religion> use
relationships to change people.

— The virus came from <country> labs; they engi-
neered it to destroy us.

Table 1: lllustrative examples comparing Traditional
Hate comments with Faux Hate comments. Place-
holders such as COUNTRY and GROUP/RELIGION
denote target entities abstractly.

we introduce HateMirage', a dataset for reasoning
and explainability in misinformation-driven hate. It
contains 4,530 comments collected using a two-
step process: we first gathered widely debunked
claims from fact-checking websites (e.g., AltNews?,
FactChecker?), then identified YouTube videos re-
lated to these claims and extracted associated com-
ments. Each comment is annotated with Target,
Intent, and Implication, capturing the reasoning that
links deceptive narratives to harm.

We benchmarked several open-source language
models ranging from 1B to 8B parameters for
the structured explanation generation task. The
HateMirage dataset serves as a unified testbed,
providing a consistent setup to evaluate model
reasoning across the Target, Intent, and Implica-
tion dimensions. Each model was evaluated in
two settings: zero-shot and RAG-based. Perfor-
mance was measured using Sentence-BERT sim-
ilarity and ROUGE-L F1 to assess semantic and
lexical coherence. The analysis highlights varia-
tions across model architectures and settings, re-
flecting the complexity of reasoning required for
multi-dimensional explanation generation.

HateMirage thus makes implicit harm explicit,
supporting research on interpretable NLP, expla-
nation generation, and context-aware moderation
(Mathew et al., 2021; Yang et al., 2023). By expos-
ing the logic connecting misinformation to prejudice,
it enables models and analysts to justify predictions,
which is critical for trustworthy content moderation.

'"The term reflects the illusory nature of Faux Hate,
where hateful expression appears genuine but is in fact
shaped or amplified by fake narratives.

2https://www.altnews.in/

Shttps://www.factchecker.in/

Contributions: The key contributions of this work
are summarized as follows:

» HateMirage Dataset: We present HateMirage, a
dataset of 4,530 Faux Hate comments, annotated
with multi-dimensional explanations across Tar-
get, Intent, and Implication. These annotations
capture the implicit narratives and reasoning un-
derlying misinformation-driven hate speech, en-
abling interpretable analysis beyond surface-level
classification.

* Model Benchmarking: We evaluate a range
of small and large language models on the task
of explanation generation for Faux Hate, estab-
lishing initial baselines and highlighting the chal-
lenges of structured reasoning in this domain.

* Research Testbed for Explainable NLP: By ex-
plicitly linking misinformation cues to hateful dis-
course, HateMirage provides a valuable resource
for studying reasoning, interpretability, and re-
sponsible Al in online communities.

Reproducibility: Prompt templates, anno-
tation guidelines, RAG configuration, source
code, and supporting fabricated claims are
publicly available at https://github.com/
Sai-Kartheek—-Reddy/HateMirage. The
HateMirage dataset is available for academic and
research purposes only upon acceptance of the
data usage agreement (link).

2. Literature Review

Current literature on online harmful content has
largely treated hate speech and misinformation as
separate domains, focusing on developing models
and resources to detect either hate or fake content
individually. However, the intersection of these two
phenomena, where users propagate hateful com-
ments in the context of widely debunked claims,
remains largely underexplored (Biradar et al., 2025;
Mosleh et al., 2024). Understanding this intersec-
tion is crucial, as it captures nuanced forms of social
media manipulation and the complex interplay be-
tween intent, target, and potential consequences.
The HateMirage dataset is designed to address
this gap by providing multi-dimensional annotations
that reflect both hate and misinformation in a unified
framework.

Hate Speech: While several prior datasets have
contributed significantly to hate speech and misin-
formation research, they remain limited in scope
with respect to structured explanatory annotations
as shown in Table 2. HateXplain (Mathew et al.,
2021) focuses purely on hate speech and includes
token-level rationales highlighting which parts of a
comment are hateful, yet it does not explain why
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Dataset

HateXplain (Mathew et al., 2021)
HatEval (Basile et al., 2019)
Implicit Hate (ElSherief et al., 2021)

Hate Fake Explanation Interdisciplinary

HARE (Yang et al., 2023)

CoAID (Cui and Lee, 2020)

FNVE (Chen et al., 2025)

Hostile (Bhardwaj et al., 2020)
Deceptive Humor (Kasu et al., 2025)

AN NI N N NN
S NSNS % % % %
AN R N N N R
SN > % % % % % X

HateMirage (Proposed)

Table 2: Comparison of existing datasets
across four key dimensions: hate speech label-
ing, fake/misinformation labeling, structured/multi-
dimensional explanatory annotations, and interdis-
ciplinary scope. The interdisciplinary attribute de-
notes the integration of two distinct domains within a
single dataset, allowing their interaction to be stud-
ied rather than treated separately. v indicates the
presence of a feature, while X indicates its absence.
Unlike prior resources, HateMirage incorporates all
four dimensions, supporting richer analysis and in-
terpretability.

such comments are made or what intent and impli-
cation they convey. HatEval (Basile et al., 2019),
another benchmark dataset, provides hate labels
for multilingual data but lacks any explanatory or
interpretive layer, restricting analysis to surface-
level classification. Implicit Hate (EISherief et al.,
2021) advances the field by capturing latent and
indirect hate through contextual reasoning, but it
still does not link hate expression to misinformation
cues or structured components like target or intent.
Similarly, HARE (Yang et al., 2023) offers explana-
tory information for hate categories but remains
confined to hateful content without incorporating
misinformation or interdisciplinary context.

Misinformation: On the misinformation side,
CoAID (Cui and Lee, 2020) and FNVE (Chen et al.,
2025) provide extensive fake news data, with the lat-
ter including multimodal evidence and explanatory
text for fact-checking. However, both lack any rep-
resentation of hate or harmful intent, making them
unsuitable for studying hate arising from false nar-
ratives. Hostile (Bhardwaj et al., 2020) combines
hate and fake content but treats them as indepen-
dent categories; the hate content is not causally
derived from misinformation and vice versa. Decep-
tive Humor (Kasu et al., 2025), though conceptually
closer to Faux Hate, presents misinformation veiled
as humor, which complicates detection and ampli-
fies misinformation propagation along with harmful
reactions, yet it too omits structured explanatory
dimensions.

In contrast, HateMirage deals with faux hate
comments (i.e, fake = 1 and hate = 1) with multi-
dimensional structured explanations spanning tar-
get, intent, and implication. This comprehensive
design enables deeper analysis of how misinforma-

tion shapes hateful discourse and supports inter-
pretability across social, psychological, and linguis-
tic perspectives.

3. Dataset Overview

In this section, we present a comprehensive
overview of the HateMirage dataset. We describe
the process of collecting widely debunked fake
claims from reputable fact-checking websites, fol-
lowed by scraping user comments from interna-
tional English news channels. We explain the auto-
mated labeling procedure for identifying fake and
hate comments, and detail the generation of struc-
tured explanations capturing the multi-dimensional
aspects of each comment, including target, intent,
and implication. Finally, we provide quantitative
statistics and representative examples to illustrate
the linguistic complexity and diversity of the dataset.

3.1.

The foundation of the HateMirage dataset is a cu-
rated set of widely debunked fake claims. These
claims were sourced from reputable fact-checking
websites such as AltNews* and FactCheckers®,
which maintain comprehensive repositories of mis-
information that has been verified and refuted. We
focused on claims that were widely circulated on
social media to ensure the dataset captures con-
tent that is both impactful and relevant. Each claim
was carefully reviewed to confirm its status as false
or misleading, ensuring that subsequent data col-
lection and analysis are grounded in verified infor-
mation. This curated set of claims serves as the
starting point for gathering user comments and gen-
erating structured explanations, providing a reliable
basis for studying the intersection of misinformation
and hate speech.

Collection of Debunked Fake Claims

3.2. Data Collection and Labeling

We collect user comments from the YouTube sec-
tions of reputable international English news chan-
nels, capturing both purely English comments and
code-mixed Hindi-English comments to reflect the
linguistic diversity of social media discourse. In-
ternational channels were chosen to reduce po-
tential bias that may arise from local news cover-
age favoring one side. Each comment is labeled
with two binary annotations: Hate (0/1) and Fake
(0/1). The labeling process is automated using
a GPT-4 model (Achiam et al., 2023), which is
augmented with Retrieval-Augmented Generation
(RAG) (Lewis et al., 2020) to provide additional
grounded context for more accurate predictions. To

4https://www.altnews.in/
Shttps://www.factchecker.in/
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maintain high data quality, we incorporate a human-
in-the-loop validation stage even in the presence
of RAG. While retrieval provides supporting con-
text, model outputs can still suffer from hallucina-
tions, cultural misinterpretations, or sensitivity to
code-mixed language. Therefore, randomly sam-
pled annotations are manually reviewed by human
evaluators to verify label correctness, resolve am-
biguous cases, and detect systematic biases. This
process acts as a quality control mechanism, in-
creasing confidence in the reliability of the automat-
ically generated labels and ensuring that errors do
not propagate into the final dataset.

3.3. Structured Explanation Generation

To better understand the underlying dynamics of
fake and hateful comments, we first curated only
the Faux Hate instances, i.e., comments labeled
as both fake = 1 and hate = 1. These instances
were drawn from both the existing FEUD dataset
(Biradar et al., 2025), previously collected from Twit-
ter and YouTube, as well as additional comments
newly collected from YouTube channels. The col-
lected Hindi-English code-mixed comments were
then translated into English using the GPT-4 model,
leveraging its extensive pre-trained multilingual un-
derstanding. We intentionally avoided text pre-
processing operations such as punctuation or spe-
cial character removal to preserve the raw linguistic
style and contextual essence typical of social media
discourse. English translation was preferred since
most LLMs demonstrate stronger performance and
broader support for English text, ensuring consis-
tency in downstream processing and evaluation.

Building on this curated dataset, we aim to move
beyond binary classification and delve into the
underlying mechanisms of hate expression. To
achieve this, we generate structured explanations
that capture three key dimensions: the Target of
the comment, the Intent behind it, and its potential
Implications on social discourse. These explana-
tions offer a multi-dimensional understanding of
faux hate behavior, enabling a richer analysis of
user motivations, the nature of attacks, and their
societal impact.

We employ GPT-4 to generate structured ex-
planations due to its extensive pretrained world
knowledge, strong reasoning abilities, and robust
language understanding. Faux hate comments of-
ten embed misinformation implicitly and rely on nu-
anced socio-political or cultural references, which
makes simple pattern matching or smaller mod-
els insufficient. GPT-4 can effectively infer un-
stated targets, identify underlying intent, and ar-
ticulate broader implications without task-specific
fine-tuning. To ensure factual grounding, we adopt
a RAG approach that supplements GPT-4 with rel-
evant fact-checked evidence during generation.

Quality Validation (Human-in-the-Loop): The
explanation generation process includes a human-
in-the-loop component, where sampled outputs are
continuously monitored and verified during genera-
tion to maintain quality, reliability, and consistency.
Quality is evaluated across three objective dimen-
sions: factual consistency, ensuring that each ex-
planation aligns with verified evidence without intro-
ducing unsupported claims; semantic coherence,
requiring logical alignment between the comment
and its Target, Intent, and Implication fields; and
linguistic clarity, emphasizing grammatical correct-
ness, conciseness, and interpretability. We discard
the samples that do not meet the above quality
criteria.

To operationalize this workflow, two reviewers
(one PhD scholar specializing in hate speech and
one graduate student) participated in validation.
As the dataset was generated in batches, we ran-
domly sampled 10—15% of instances from each
batch for manual inspection. Reviewers assessed
explanations for factual consistency, semantic co-
herence, and linguistic clarity against the retrieved
evidence. When inconsistencies were identified,
we refined the retrieval pool and regenerated the
outputs. Disagreements were resolved through
discussion, and explanations were manually con-
solidated when necessary. All reviewers provided
informed consent. This iterative auditing process
helped prevent systematic errors and improved re-
trieval coverage and explanation reliability.

3.4. Representative Examples

The representative examples in Table 3 illustrate
the multi-dimensional reasoning framework under-
lying HateMirage explanations. Each comment is
deconstructed along three critical axes: Target, In-
tent, and Implication, which together delineate not
just who is attacked, but why and with what so-
cial consequence. ldentifying the Target demands
recognizing both explicit mentions and implicit as-
sociations embedded within misinformation. In-
ferring the Intent requires discerning the author’s
underlying motive, whether to vilify, delegitimize, or
polarize, often veiled beneath seemingly informa-
tional or conspiratorial tones. Finally, articulating
the Implication captures the downstream effects
on collective perception, social cohesion, or inter-
group trust, bridging linguistic form and societal im-
pact. Capturing these dimensions is inherently chal-
lenging, as they often co-occur in subtle, context-
dependent ways, requiring interpretive reasoning
beyond surface-level toxicity cues. Together, these
structured explanations provide a granular view of
how deceptive narratives operationalize hate, ad-
vancing both interpretability and accountability in
computational social science.
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Intent

Implication

To link [Political Party] and
[Country] to a conspiracy
theory about COVID-19.

Could fuel public anger
against [Political Party] and
[Country].

To accuse [Political Party],

[Person], and [Religious

Group] of intentionally wors-

ening the pandemic.

Could stir up communal
tensions and increase dis-
trustin political and religious
groups.

Comment Fake Claim Base Target
The coronavirus is justa "[Country] is Using Covid [Political
scam planned by [Politi- as a Biological Weapon" Party],
cal Party] and [Country] [Country]
to fool us all.

[Religious Group] and "[Religious Group] and [Political
[Political Party], with [Per- [Political Party] collabo- Party],
son] in the mix, spread rated to spread COVID- [Person],
COVID to ruin [City] and  19." [Religious
harm [Country]. Group]
[Religious Group] men "Love Jihad: [Religious [Religious
are trapping innocent Group] men are sys- Group]

[Community] women in
fake love to convert them.
This is how [Country] is

tematically luring women
from other communities
to convert them."

To portray [Religious Group]

as deceptive and predatory,

reinforcing the fabricated
‘Love Jihad’ narrative.

Could deepen mistrust be-
tween communities, normal-
ize religious profiling, and
justify hostility toward [Re-
ligious Group].

being taken over slowly.

Table 3: Representative examples of Faux Hate comments illustrating how explanations are derived from
comments rooted in fake or manipulative narratives. Each example decomposes the comment into its
underlying fake claim base, the entities targeted, inferred author intent, and the broader social or emotional

implications.

3.5. Quantitative Analysis

Table 4 presents a quantitative summary of the
HateMirage dataset across all fields: Comments,
Target, Intent, and Implication. The dataset con-
tains linguistically diverse user comments, ranging
from short statements to lengthy posts (up to 800
tokens). The table reports key metrics for each
field: Avg Tokens (average number of tokens per
text), Median Tokens (median number of tokens
per text), Min/Max Tokens (minimum and maxi-
mum tokens per text), Avg Sentence Length (av-
erage number of tokens per sentence), Max Sen-
tence Length (longest sentence in tokens), Multi-
Sentence % (percentage of texts containing more
than one sentence), and Total Tokens (overall to-
ken count across all texts). Structured explanations
are concise, with most Target annotations consist-
ing of one or two tokens, while Intent and Implica-
tion texts typically span 14-15 tokens on average.
Over 75% of Comments contain multiple sentences,
highlighting the linguistic complexity present in user-
generated content. These statistics illustrate the
richness and diversity of the dataset, supporting
both hate/fake classification and multi-dimensional
explanatory analysis.

4. Benchmarking, Experimental
Results and Analysis

We evaluate a diverse set of language models,
ranging from small to large, to assess their ability
to generate structured explanations for faux hate
comments. For small language models (SLMs),
we include LLaMA variants (Grattafiori et al., 2024)
such as LLaMA-3.2-1B, LLaMA-3.2-3B, Qwen vari-
ants (Yang et al., 2025) such as Qwen-2.5-1.5B,
Qwen-2.5-3B, and Microsoft Phi model (Abdin et al.,

2024) such as Phi-3-128k-3B. For large language
models (LLMs), we consider Mistral-v0.3-7B (Jiang
et al., 2023) and LLaMA-3.1-8B-Instruct. These
models were chosen to represent diverse architec-
tures, parameter scales, and training paradigms,
allowing a systematic comparison of their reason-
ing and explanation generation capabilities.

The task is formulated as a structured expla-
nation generation problem, where the model is
prompted to extract and articulate the Target, In-
tent, and Implication fields for a given comment.
In the zero-shot setting, models are provided only
with the comment and a clear instruction describing
each field’s meaning and expected format. No fine-
tuning or supervised adaptation is performed. We
use greedy decoding for all generations to ensure
deterministic and reproducible outputs, avoiding
variability introduced by sampling-based methods.

We evaluate models in two complementary set-
tings. In the zero-shot setting, we examine the mod-
els’ internal reasoning abilities by relying solely on
their pretrained knowledge and instructions, with-
out any external context. In the RAG setting, we in-
corporate additional grounded knowledge, as faux
hate often involves specific misinformation narra-
tives that require external verification. We con-
structed a vector database using FAISS, populated
with documents sourced from fact-checking plat-
forms. All documents were preprocessed to re-
move noise and split into passage-level chunks
suitable for retrieval.

For each comment, we performed a semantic
search using cosine similarity to retrieve the top
five most relevant evidence documents. These
retrieved documents were prepended as context
in the input prompt, allowing the models to gener-
ate explanations of Target, Intent, and Implication
grounded in verified factual information. To ensure
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Field Avg Tokens Median Tokens

Min Tokens Max Tokens Avg Sent Max Sent Len

Multi-Sent(%) Total Tokens

Comments 30.56 29 3 800 2.82 240 76.49 110741

) Target 1.48 1 1 27 1.00 12 0.30 5338
Train (3,624 samples) .oy 14.66 14 5 39 1.02 34 1.41 53101
Implication 15.16 15 6 48 1.01 38 0.86 54878

Comments 30.28 27 4 316 2.84 78 73.18 27438

Target 1.51 1 1 44 1.01 24 0.44 1371

Test (306 samples) Intent 14.57 14 5 40 1.02 33 1.43 13204
Implication 15.14 14 5 40 1.01 40 0.66 13706

Comments 30.50 28 3 800 2.82 240 75.83 138179

Target 1.48 1 1 44 1.00 24 0.33 6709

Overall (4,530 samples) | 1465 14 5 40 1.02 34 1.41 66305
Implication 15.15 15 5 48 1.01 40 0.82 68584

Table 4: Quantitative summary of the HateMirage dataset, reporting key statistics for the complete dataset
and its train and test splits. Metrics include text length, sentence structure, and multi-sentence prevalence,
providing an overview of the linguistic complexity and scale of the dataset.

fully deterministic and reproducible outputs across
all benchmarked models, we used greedy decod-
ing with temperature = 0 and do_sample = False
for all inference tasks. This setup guarantees that
results can be replicated consistently, supporting
reproducibility and benchmarking across different
model configurations.

For evaluation, we compare the generated Tar-
get, Intent, and Implication explanations against
the gold annotations using multiple complemen-
tary metrics: Sentence-BERT similarity (Reimers
and Gurevych, 2019) and ROUGE-L F1 (Lin, 2004).
Sentence-BERT similarity captures semantic align-
ment, while ROUGE-L F1 measures lexical and
structural overlap. Together, this combination pro-
vides a balanced assessment of both meaning and
surface form across all explanation fields.

From Table 5, it is evident that model perfor-
mance varies significantly across model size, ar-
chitecture, and grounding strategy. In the Zero-
Shot setting, the Phi-3-128k-3B-Instruct model
clearly dominates in Target identification, achiev-
ing the highest SBERT Similarity (65.55%) and
ROUGE-L F1 (50.36%). For the Intent component,
Phi-3 again performs competitively, securing the
second-best SBERT Similarity (61.11%) and the
best ROUGE-L F1 (29.52%), indicating strong ca-
pability in capturing the author’s underlying motive.
The Implication dimension, being the most abstract
and context-dependent, is best handled by Mistral-
v0.3-7B-Instruct, which leads both metrics (SBERT
= 55.64%, ROUGE-L F1 = 17.39%). These ob-
servations suggest that while larger models exhibit
stronger inferential reasoning, smaller models like
Phi-3 demonstrate exceptional generalization in
identifying factual and role-focused elements of
faux hate explanations.

Under the RAG-based setting, performance
trends remain consistent, with notable improve-
ments in grounding-sensitive components. The
Phi-3-128k-3B-Instruct model retains strong perfor-
mance, achieving the second-best Target results
(SBERT = 63.65%, ROUGE-L F1 = 47.81%), the
highest Intent similarity (SBERT = 62.03%), and the

second-best Intent ROUGE-L (26.90%). For Impli-
cation, Mistral-v0.3-7B-Instruct again performs ro-
bustly (SBERT = 53.68%, ROUGE-L F1 = 16.17%),
reflecting its capacity to reason about broader soci-
etal effects when supported by retrieval context.

Overall, while other models such as Qwen-2.5
and LLaMA-3 variants exhibit moderate yet bal-
anced results, the Phi-3 model consistently shows
strong performance across multiple dimensions.
One possible explanation is that its training mix-
ture includes substantial synthetic and reasoning-
focused data, which may encourage structured and
instruction-aligned outputs that resemble the format
of our references.

At the same time, similarity to GPT-4 may also
play a role. Prior documentation for the Phi family
indicates influence from GPT-4 class teacher sys-
tems, and because our reference explanations are
themselves generated by GPT-4, automatic met-
rics such as ROUGE-L can partly reward overlap
in phrasing or discourse style in addition to the
underlying quality of reasoning. Therefore, the ob-
served advantage should be interpreted carefully.
The results may reflect a combination of genuine
interpretive capability and stylistic alignment with
the reference generator.

All experiments are conducted using open-
source models, with inference run on a cluster of
four NVIDIA GPUs, each with 15GB of memory, to-
taling 60GB. Both small and large language models
are evaluated under identical experimental condi-
tions to ensure a fair comparison.

4.1. Error Analysis

To better understand the limitations of the bench-
marked models in the Faux Hate Explanation task,
we conducted a qualitative error analysis on se-
lected examples across the three explanation di-
mensions: Target, Intent, and Implication (see Ta-
ble 6). For Target prediction, qualitative inspection
suggests that in several instances the system relies
on surface-level cues such as prominent nouns or
early-mentioned entities, which can lead to miss-
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Model Target Intent Implication
SBERT R-L(F1) SBERT R-L(F1) SBERT R-L (F1)

LLaMA-3.2-1B-Instruct 50.19 30.91 57.99 26.25 47.04 12.79
LLaMA-3.2-3B-Instruct 53.43 34.62 57.67 26.81 47.76 16.36
LLaMA-3.1-8B-Instruct 48.29 21.39 56.68 27.95 51.24 15.62
Qwen-2.5-1.5B Zero-shot  53.57 35.93 57.86 25.56 43.41 14.45
Qwen-2.5-3B-Instruct 52.91 36.13 59.96 19.06 53.09 13.75
Phi-3-128k-3b-Instruct 65.55 50.36 61.11f 29.52 50.39 17.27F
Mistral-v0.3-7B-Instruct 59.81 40.38 60.75 27.74 55.64 17.39
LLaMA-3.2-1B-Instruct 52.43 30.92 57.77 25.14 47.38 13.20
LLaMA-3.2-3B-Instruct 49.55 28.50 55.98 25.80 48.74 16.42
LLaMA-3.1-8B-Instruct 40.37 14.80 59.00 26.70 52.17 14.67
Qwen-2.5-1.5B RAG 62.18 47.33 55.58 21.82 44.31 13.71
Qwen-2.5-3B-Instruct 53.86 37.97 61.03 18.15 51.31 12.82
Phi-3-128k-3b-Instruct 63.657  47.81f 62.03  26.90f 51.20 16.25
Mistral-v0.3-7B-Instruct 63.06 44.27 60.03 26.38 53.681 16.17

Table 5: Comparison of LLM performance across Zero-Shot and RAG-based settings. Highest results are
highlighted in bold, and second-best results are marked with . (Metrics reported in %)

ing the true focus of the comment. For example,
in sarcastic or indirect messages, the model may
assign the label <organization> even when the
criticism is directed toward a journalist or media
actor.

For Intent, we observe multiple cases where
the model produces generic or templated expla-
nations such as “spreading hateful or fake narra-
tives,” which may overlook more nuanced motives
including sarcasm, racialized mockery, or political
positioning. Implication appears to be the most
challenging dimension. In several reviewed exam-
ples, models generate broad or underspecified out-
comes, for instance “promoting general negativity
or unrest,” while failing to capture more specific
social consequences such as scapegoating, per-
ceived institutional bias, or the reinforcement of
double standards. This observation is consistent
with our human evaluation results, where Implica-
tion also showed comparatively lower agreement
than Target and Intent.

Overall, these patterns indicate a tendency to-
ward overgeneralization and difficulty in captur-
ing pragmatic and context-dependent meaning,
underscoring the inherent complexity of multi-
dimensional reasoning in Faux Hate Explanation.

4.2. Human Evaluation

The HateMirage dataset was generated using the
GPT-4 model augmented with contextual infor-
mation through Retrieval-Augmented Generation
(RAG). To assess the quality of GPT-4-generated
explanations in the HateMirage dataset, we first
compared them against human-written explana-
tions. For this, 500 randomly selected records
were independently annotated by trained human
annotators, who produced their own explanations
for Target, Intent, and Implication. The GPT-4
outputs were then quantitatively evaluated using

SBERT cosine similarity and ROUGE-L F1 scores
against the human-written references as shown
in Table 7. SBERT primarily reflects semantic
agreement, whereas ROUGE-L captures lexical
and phrasal overlap. Because multiple valid ex-
planations can differ in wording while preserving
meaning, it is possible to observe relatively high
SBERT values alongside more moderate ROUGE
scores. Notably, 208 of 500 records surpassed a
90% similarity threshold for Target, only 7 for Intent,
and none for Implication, highlighting that GPT-4 re-
liably identifies entities and general motives, while
reasoning over broader causal consequences and
nuanced implications remains challenging. This
pattern is consistent with our independent human
rating study, where Implication likewise received
lower agreement relative to Target and Intent.

SBERT R-L (F1)
Target 0.7479  0.6293
Intent 0.7020  0.3458
Implication 0.5780  0.2013

Table 7: Human evaluation results comparing GPT-
4 generated explanations with human-written ex-
planations for 500 randomly sampled records.

In addition, we conducted a quantitative human
assessment on 100 randomly selected records
from the dataset, independently annotated by two
human annotators. For each record, annotators
rated the GPT-4-generated explanations for Target,
Intent, and Implication on a scale from 1 (poor) to
5 (excellent). As shown in Figure 1, the majority
of ratings for Target fall between 4 and 5, Intent
is close to 4, and Implication ranges between 3
and 4. These results indicate that while GPT-4
effectively captures entities and general motives,
capturing broader causal consequences and nu-

11236



Comment

Ground Truth

Model Prediction

Target

During the time of Corona, you also actively
spread information about the <organiza-
tion> Have some shame for you were
metaphorically “hit with a shoe on your face.”
Please report the news with a bit of discretion.

Media / journalist

<organization>

Hey Brother, <organization> is spreading
the coronavirus here because you're not paying
attention to it.

<organization>

Brother

Intent

<@user> Were the people from the group in
Markaz there to catch corona?

To question the motives of the <orga-
nization> gathering and imply reck-
less behavior.

The commenter is questioning the inten-
tions of people in Markaz, suggesting
they might be there to spread misinfor-
mation about the COVID-19 pandemic.

| still advocate calling it the “kung-flu”. And
label anyone suspected of being infected as
“Flu Kang’.

To use racially insensitive language to
mock and stigmatize people, especially
Asians, in relation to COVID-19.

To spread hateful and fake narratives
about the flu.

Implication

<@user> Why.. Did they have corona too?
Oh, so you all have been spreading this dis-
ease since then... We've been blaming the
<organization> for no reason... This has
been going on traditionally.

It implies that the criticism directed
toward <organization> was unwar-
ranted and highlights bias or unfair treat-
ment.

The comment could be interpreted as
promoting general negativity or unrest,
possibly encouraging harmful behavior.

If <organization> is responsible, then Na-
maste Trump is more responsible. <person>
had given a warning on February 11 regarding
Corona. He was mocked then. Who will you

This criticism aims to highlight perceived
double standards and questions leader-
ship decisions in handling the COVID-
19 situation.

The comment could be interpreted
as drawing a general comparison be-
tween different parties, possibly imply-
ing blame or criticism.

hold responsible for Namaste Trump? Trump
or our PM? #shameOnRupani

Table 6: Error analysis showing model predictions for Target, Intent, and Implication. Placeholders such
as <organization> and <user> are used to anonymize entities and generalize examples.

anced societal implications remains more difficult,
emphasizing the inherent challenge of reasoning
over downstream effects in faux hate content.

I Annotator 1
3 Annotator 2

w »

Average Rating
N

Taréet Intént Impli(':ation

Figure 1: Comparison of average ratings from
two annotators for GPT-4-generated explanations
across Target, Intent, and Implication.

5. Conclusion and Future Work

In this work, we introduced HateMirage, a novel
dataset designed to advance the study of sub-
tle and deceptive forms of harmful online content.
Unlike traditional hate speech or misinformation
corpora, HateMirage focused exclusively on Faux

Hate, the content where hateful narratives emerge
indirectly through misinformation or deceptive fram-
ing. Each comment was annotated with structured,
multi-dimensional explanations capturing Target,
Intent, and Implication, thereby uncovering the im-
plicit layers of meaning that are often missed by
surface-level analysis. By providing these rich ex-
planatory annotations, HateMirage aimed to sup-
port both research and moderation efforts by mak-
ing the underlying harmful reasoning more transpar-
ent and interpretable, even to non-expert users. We
further benchmarked a range of language models
on explanation generation tasks, establishing initial
baselines and revealing key challenges in struc-
tured reasoning over misinformation-driven hate.
These results highlighted significant gaps between
current model capabilities and the complexity of
reasoning required to interpret Faux Hate.

In future work, we plan to extend HateMirage
to the multimodal domain by incorporating memes
and visual narratives, enabling the study of how
text-image interactions shape deceptive hateful dis-
course across different social media platforms. Ad-
ditionally, we aim to explore automated methods
for generating and evaluating multi-dimensional ex-
planations, including explanation faithfulness met-
rics and model-based evaluators that move beyond
lexical similarity to better assess reasoning con-
sistency and grounding, paving the way for more
interpretable and robust moderation systems.
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6. Limitations

While the HateMirage dataset is a unique resource
providing structured, multi-dimensional explana-
tions for Faux Hate comments, certain limitations
must be acknowledged.

The primary limitation lies in the synthetic nature
of the explanations. The annotations were gener-
ated using GPT-4 with RAG. This approach was
deliberately chosen to minimize the exposure of hu-
man annotators to highly distressing and toxic con-
tent, as Faux Hate can be psychologically disturb-
ing; accordingly, human verification was conducted
on a small, random subset of 500 records (approxi-
mately 11% of the total dataset). Despite human-
in-the-loop validation, these model-generated ex-
planations may lack the full subtlety and emotional
variability of purely human interpretations. This is
particularly notable in the abstract Implication field,
which proved most difficult for the model to infer
accurately against human-written gold standards.
Furthermore, the corpus is derived specifically from
YouTube comments on international English news
channels, meaning it may not fully represent the
vernacular and platform-dependent characteristics
of Faux Hate spread across all social media envi-
ronments. Despite these limitations, HateMirage
provides a valuable foundation for studying Faux
Hate and developing reasoning and moderation-
oriented systems.

7. Ethics Statement

The HateMirage dataset is constructed from pub-
licly available YouTube comments posted under
international news videos. Data collection strictly
followed YouTube’s Terms of Service® and Privacy
Policy’. Only publicly accessible comments were
included; no private or restricted data were used.
Given the sensitive nature of the content, strict
anonymization procedures were applied: all per-
sonally identifiable information (Pll), including user-
names, profile links, and timestamps, was not col-
lected, and named entities were masked where ap-
propriate to minimize risks of re-identification and
to avoid amplifying harmful narratives. The dataset
is intended solely for academic research on explain-
able NLP, misinformation, and hate speech. Public
redistribution is strictly prohibited. Access will be
provided under a controlled, research-only license
requiring requesters to agree to responsible-use
terms, and any form of commercial use or gener-
ative model training outside a research setting is
prohibited.

Shttps://www.youtube.com/t/terms
"https://policies.google.com/privacy

Broader Impact: By focusing on explanatory rea-
soning rather than simple classification, this work
aims to enable more transparent and accountable
moderation systems and support research on the
interplay between misinformation and hateful dis-
course. Structured explanations can help modera-
tion teams, fact-checkers, and researchers better
understand why content is harmful, thereby pro-
moting safer online spaces and more interpretable
Al systems. However, potential risks remain: mali-
cious actors could misuse structured explanations
to craft more sophisticated hateful narratives or
target vulnerable groups. To mitigate this, we re-
strict dataset access, anonymize all entities, and
prohibit redistribution or use in generative settings
that could amplify harm. Overall, this work seeks
to advance responsible scientific analysis of nu-
anced online harm while safeguarding user privacy,
minimizing misuse, and reflecting critically on the
societal implications of explainable NLP systems
in sensitive domains.
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