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Abstract

Research on hate speech detection (HSD) has
centered on modern data, even though offen-
sive language has a much longer history. This
paper presents the first systematic evaluation
of instruction-tuned LLMs on Early Modern
English invectives, compared with a modern
hate-speech benchmark. Our work applies a
modular prompt design to measure the contribu-
tion of definitional richness, contextual ground-
ing, decision rules and few-shot examples. The
results indicate that clearer annotation bound-
aries in the curated historical corpus lead to
higher classification performance compared to
the modern benchmark, despite the disadvan-
tage of linguistic unfamiliarity. Prompt brit-
tleness, however, persists across both domains.
Classification-oriented components (rules, ex-
amples) drive the strongest effects, while defini-
tional or contextual additions matter less. Fine-
tuned encoder models still outperform LLMs,
but some prompt configurations can narrow the
gap. Overall, our study provides practical guid-
ance for prompt design in both digital humani-
ties and HSD and new opportunities for tracing
the historical development of hate speech.1

1 Introduction

Existing research on large language models
(LLMs) and hate speech detection (HSD) has fo-
cused primarily on contemporary online discourse
(Alkomah and Ma, 2022). Yet, offensive language
is a long-standing linguistic phenomenon that histo-
rians have been studying in earlier periods too, such
as in Early Modern English (henceforth EModE)
texts (Suerbaum, 2015; Steckel, 2018) (Figure 1).
In this paper, we propose to widen the scope of
Natural Language Processing (NLP) research on
hate speech beyond the contemporary domain and
examine it across different periods of time. This

1Code and supplementary materials are available at our
GitHub repository: https://github.com/SanneHoeken/
HSDAcrossTime
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o lord open y e eies of the nobiliti 
of englād, […] that thei become no 
more subiects to the proud popish 
prelates, and shameles shauelings 

the angels of satā 

bro you talk like u got stocks 
can’t even buy 🍟 lol

Content Warning. This paper contains examples of offensive language; 
we note that such examples may cause discomfort or harm

Figure 1: Examples of offensive language across time.
A 16th century polemical text and a modern tweet illus-
trate how offensive speech manifests in different histori-
cal and modern contexts.2

not only creates opportunities for digital humani-
ties (DH) research but also enables deeper insights
into the modeling of hate speech and how language
changes over time.

Detecting hate speech is challenging even in
present-day data. Historical corpora, in turn,
introduce additional difficulties. EModE dif-
fers markedly from present-day English in vo-
cabulary, orthography and pragmatic conventions
(Nevalainen, 2000; Gramley and Gramley, 2024).
In addition, LLMs are tuned primarily on mod-
ern data and consequently may exhibit stronger
biases toward modern usage patterns (Alam et al.,
2024). Moreover, EModE texts can only be fully
understood and interpreted in their historical social
contexts. This makes offensiveness harder to recog-
nize without domain-specific expertise. Effective
prompting may therefore require different guidance
than is typically needed for modern data.

At the same time, historical corpora are typi-
cally smaller and carefully curated by a limited
number of experts (Hiltunen et al., 2017), which
often yields higher annotation consistency. Modern

2The EModE passage taken from the InviTE corpus (Spli-
ethoff et al., 2025) includes the phrase "shameles shauelings",
a religious slur targeting Catholic clergymen.
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hate-speech datasets, however, are usually larger
and crowd-sourced, annotated under comparatively
minimal guidelines and by annotators from diverse
backgrounds (Jahan and Oussalah, 2023). These
differences in dataset properties are likely to inter-
act with model behavior. Expert-curated corpora
may produce clearer class boundaries, whereas
greater subjectivity and more heterogeneous anno-
tations in modern hate speech make classification
more difficult (Sachdeva et al., 2022). Concrete il-
lustrative examples from the empirical data used in
this study are provided in Appendix B, highlighting
both linguistic variation and differences in corpus
characteristics.

A further challenge is prompt brittleness. As
extensively investigated, LLM behavior is strongly
shaped by prompt design where small changes in
wording or structure can lead to substantial shifts in
output (Mizrahi et al., 2024; Ngweta et al., 2025).
Although prompt engineering is now an active area
of research (Li, 2023; Liu et al., 2023), less is
known about how particular definitional compo-
nents shape model behavior in the domains of his-
torical language and HSD. Given these observa-
tions, we investigate two main research questions:

1. How well do instruction-tuned LLMs detect
offensive language in EModE, and how does
their performance relate to a modern hate-
speech benchmark?

2. How do individual prompt components (de-
tailed definitions, contextual information, de-
cision rules and examples) affect performance
across historical and modern datasets?

To address these questions, we present the first
systematic evaluation of multiple instruction-tuned
LLMs on EModE offensive language, evaluated
alongside a modern hate-speech benchmark. Build-
ing on a modular prompt design that is grounded
in a conceptual taxonomy of hate speech definition
elements (Melis et al., 2025), our analysis quan-
tifies the marginal contribution of each prompt
component. Interestingly, our results show that
models perform better on historical EModE data
than on the contemporary hate-speech benchmark.
This trend suggests that the benefits of clearer an-
notation boundaries in curated historical corpora
outweigh the challenges posed by the linguistic
unfamiliarity. We further find that prompt brit-
tleness is equally persistent across time periods,
where prompt components that explicitly target
class boundaries tend to exert the strongest effects.

Overall, these findings suggest a superficial tem-
poral robustness: while LLMs can perform reason-
ably well on historical language, persistent prompt
brittleness indicates that this does not reflect a deep
understanding of EModE. Nevertheless, our study
provides practical guidance for prompt design in
both DH and HSD research and may open up new
opportunities for tracing the historical development
of hate speech.

2 Related Work

While research on both HSD as well as NLP for
historical texts (Piotrowski, 2012) has advanced,
the two areas have remained largely separate. This
section reviews these strands of related work which
together provide the background for our study.

2.1 NLP for historical texts

The growing availability of large-scale digitized
historical corpora has enabled new computational
approaches within DH. Instead of relying solely on
close reading, researchers have begun to apply NLP
methods for studying language across time (e.g.,
Koncar et al. (2020); Pawłowski and Walkowiak
(2024)). The creation of annotated corpora for
language modeling purposes requires expert over-
sight as historical distance entails substantial shifts
in language and cultural context. Consequently,
historical corpora with lexical or semantic anno-
tations often offer greater consistency and theo-
retical grounding than most contemporary crowd-
sourced datasets (Ehrmann et al., 2020; Al-Laith
et al., 2023; Dejaeghere et al., 2024).

To bridge the linguistic gap between histori-
cal and modern English, several domain-adapted
encoder models have been introduced (Qiu and
Xu, 2022; Harju and van der Goot, 2025), such
as MacBERTh (Manjavacas Arevalo and Fonteyn,
2021), which is trained on EModE too. These mod-
els have shown to outperform contemporary BERT-
like models on downstream tasks such as part-of-
speech tagging or word sense disambiguation in
historical text. Related lines of work have exam-
ined lexical semantic change (Schlechtweg et al.,
2020) and sentiment analysis (Al-Laith et al., 2024;
Dejaeghere et al., 2024), although all focus on 19th-
and 20th-century data. Closer to the domain of our
study, Hoeken et al. (2023) proposed detecting hate-
ful lexical change in pre-modern sources using a
word-level approach with MacBERTh, though their
evaluation remained limited in scale.
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Recent work has begun to incorporate LLMs into
DH research, for example for word usage genera-
tion (Cassotti and Tahmasebi, 2025), multilingual
news article extraction (Oberbichler et al., 2025)
and knowledge evaluation (Hauser et al., 2024).
These studies report mixed results. While LLMs
can capture certain aspects of meaning in histor-
ical language, they often lag behind expert-level
interpretation and can display period- or regional-
specific biases. Moreover, Hiltmann et al. (2025)
emphasize that effective prompting for humanities
requires the integration of historical context. Yet,
nearly all such studies focus on later centuries and
leave the Early Modern period underexplored.

A step toward filling this gap was made by Spli-
ethoff et al. (2025), who introduced the InviTE cor-
pus, the first expert-annotated dataset of invective
language in EModE (language with the potential to
disparage an individual or group). Their baseline
experiments showed that MacBERTh outperforms
zero-shot LLMs. Our study builds directly on this
line of work by systematically comparing LLMs
across historical and modern hate speech data.

2.2 Hate Speech Detection and Prompting
In contrast, hate speech detection (HSD) in NLP
has focused almost exclusively on present-day so-
cial media discourse (Albladi et al., 2025). Re-
search has produced a wide range of datasets, typi-
cally collected through crowd-sourcing and anno-
tated for hate speech, abusive language or offen-
siveness (e.g. Zampieri et al. (2019); Mathew et al.
(2021)). A persistent challenge in this domain is
subjectivity. Interpretations of what constitutes of-
fensive content vary widely, which leads to low
inter-annotator agreement and fuzzy class bound-
aries (Fortuna et al., 2020; Sachdeva et al., 2022).

Transformer-based models have long dominated
supervised approaches (Liu et al., 2019; Sarkar
et al., 2021), but more recent studies have shifted to-
ward instruction-tuned LLMs (Plaza-del arco et al.,
2023; Pan et al., 2024; Roy et al., 2023). Prompt-
ing has become a central strategy for leveraging
LLMs without task-specific fine-tuning. Yet, re-
search has shown that prompt design is often brit-
tle, where small changes in instruction wording
can lead to large performance differences (Mizrahi
et al., 2024; Ngweta et al., 2025; Liu et al., 2024).
In the context of offensive language, Melis et al.
(2025) introduced a taxonomy of Conceptual El-
ements (CEs) that aggregates definitions of hate
speech from the literature. This taxonomy struc-

tures the definitional space into three layers: (1)
Foundational Elements specifying essential com-
ponents of a hate speech definition (e.g. form of
communication); (2) Extensive Elements that re-
fine these foundations with additional granularity
(e.g. lists of targeted attributes); and (3) Accessory
Elements, such as illustrative examples. While they
also explored prompting strategies for LLMs, their
experiments are not presented in a clearly modu-
lar way. We adopt their framework and extend it
in three ways: (1) we apply it to both historical
and modern offensive language, (2) we incorporate
not only definitional components but also genre-
specific information about the data and (3) intro-
duce a modular evaluation method that quantifies
the contribution of individual prompt components.

3 Data

To investigate how models handle offensive lan-
guage across time, we compile datasets represent-
ing both historical and contemporary contexts. Our
study focuses on invective language in Early Mod-
ern English (EModE) as a historical analogue to
modern offensive language. In the following we
describe the corpora used in our experiments.

3.1 The InviTE corpus

The InviTE corpus, introduced by Spliethoff et al.
(2025), is a collection of almost 2,000 sentences
drawn from EModE texts dating between 1485 and
1603, with a particular focus on Reformation dis-
course. Yet the corpus spans a wide range of genres
(sermons, medical texts, royal proclamations, po-
etry, and stage plays) and covers multiple registers,
distinct author writing styles, and different dialects
of English, at a time when the language was not yet
standardized and was undergoing constant change.

Each sentence is annotated with detailed infor-
mation concerning the presence and nature of in-
vective language. All annotations were produced
by two expert annotators following carefully cu-
rated guidelines. The annotation scheme follows a
hierarchical structure. The category of invectivity
distinguishes between sentences containing invec-
tive language (INV) and those without (NON). For
sentences marked as invective, two further layers
of annotation are applied. The type of invective
identifies whether it is expressed literally (LIT) or
metaphorically (MET). And the target of invec-
tive is annotated according to categories tailored
to the Reformation context: sinful behavior (SIN),
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political-religious misconduct (POL), religious be-
lief (REL), confession (CON), or other (OTH).

The dataset also includes rich metadata for each
sentence, such as the publication year and infor-
mation about the author, including gender and reli-
gious confession. For our study, publication years
were grouped into four periods, informed by his-
torical expertise. An overview of the distribution
of sentences across annotation and metadata cate-
gories is provided in Appendix A.

3.2 The HateXplain corpus

To compare model performance on historical and
modern offensive language, we additionally draw
on the HateXplain dataset (Mathew et al., 2021),
a benchmark covering contemporary online hate
speech. HateXplain contains roughly 20K posts
from Twitter and Gab collected using hate speech
lexicons. Twitter posts were sampled from January
2019 to June 2020 and Gab posts from October
2016 to June 2018. The primary annotation com-
prised a three-class hate speech classification task
(hate, offensive, or normal). Additionally, each
post is annotated with the target community and
rationales, i.e. the portions of the post on which the
labeling decision is based. All annotations were
performed by approx. 250 crowd-sourced workers.

For our experiments, to create a setting directly
analogous to the InviTE experiments, we took the
following steps. First, we converted the original
three-class scheme into a binary setting by merg-
ing the hate and offensive categories into a sin-
gle ‘Offensive’ class and leaving normal as ‘Non-
offensive’. We then aggregated the annotations
using the majority vote to obtain a single gold label
per instance. We recognize that recent trends in
HSD favor more perspectivist approaches (Frenda
et al., 2025). We use this aggregation to align with
the historical dataset, yet we also examine annota-
tor disagreement in relation to model behavior (5.1).
Finally, we sampled 2K instances (1K posts from
Gab and 1K from Twitter) with a comparable label
distribution (25% offensive vs. 75% non-offensive).
More details on the distribution of the sampled sub-
set across the labels and other categories can again
be found in Appendix A.

4 Experiments

We conduct experiments to evaluate detection of
offensive language in two domains: (1) histori-
cal invectives in EModE texts (InviTE), and (2)

modern offensive language in social media posts
(HateXplain). For both corpora we test models on
the binary task of classifying sentences/posts into
invective/offensive or non-invective/non-offensive.

4.1 Models

Baselines We reproduced the BERT-based results
on the InviTE dataset reported in Spliethoff et al.
(2025). Specifically, we fine-tuned BERT-base (De-
vlin et al., 2019), XLM-RoBERTa-large (Conneau
et al., 2019), and MacBERTh (Manjavacas Arevalo
and Fonteyn, 2021) using the same 10-fold cross-
validation setup with stratified folds. For the Hat-
eXplain subset we apply the same baselines, repli-
cating the experiments with the same pretrained
models and fine-tuning strategy on this dataset.

LLMs We selected eight instruction-tuned mod-
els which cover four prominent families (LLaMA,
OLMo, Qwen, and Gemma) with parameter counts
ranging from one to eight billion, chosen to bal-
ance architectural diversity, computational feasi-
bility and accessibility to the research community
(more detailed rationale in Section 6). These mod-
els differ not only in size but also in architecture
and training data. Details on the specific pretrained
versions are provided in Appendix C.

4.2 Prompt design

We designed our prompts building upon the frame-
work proposed by Melis et al. (2025) (a taxon-
omy of Conceptual Elements (CE) for defining
hate speech; see 2.2) and applied the same prin-
ciples to both datasets. To maintain comparabil-
ity, we ensured that prompts for both datasets use
analogous content and as similar as possible formu-
lations that differ only where necessary to reflect
domain-specific terminology or examples. All of
our prompts start with a task description which
asks the model to decide whether a given sentence
contains invective (InviTE) or offensive language
(HateXplain), and end by presenting the sentence
to be classified. Between the task description and
the target sentence, prompts may incorporate de-
tailed definitions, contextual information, decision
rules, and illustrative examples. These components
serve as modular building blocks for constructing
the full set of prompt variants.

Foundational Elements For InviTE, invective
language is defined as “all utterances that have
the potential to disparage an opponent person or
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group”. This formulation captures the key dimen-
sions of invective language as defined in the expert-
based annotation guidelines of the InviTE corpus
(Spliethoff et al., 2025) in a compact way. This
core Definition (D) includes mentions of the Form
of Communication (“all utterances”), Problematic
Content (“to disparage”), and Target (“an opponent
person or group”). These three elements (or CEs)
together provide the minimal basis for invective
language, which overlap with the concept of Offen-
sive Language. Consequently, for HateXplain we
use the same core definition but replace the term
invective with offensive.

Extensive Definitions of the Foundational El-
ements An extended version of the Definition
(Dext) adds clarification on the possible targets,
corresponding to Addressed Attributes in CE terms.
Specifically, for InviTE, these include the targets
as provided in the InviTE annotation scheme (e.g.
sinful behavior or confession). For HateXplain, the
attributes are updated to reflect contemporary rele-
vant categories (e.g. sexual orientation or race), as
also inferred from the dataset’s annotations.

Accessory Elements Beyond this definitional
core, we introduce accessory elements. The Con-
text (C) element provides (genre-specific) infor-
mation on the historical or contemporary setting.
For InviTE, it specifies that the texts originate from
1485–1603 in England, often within religious and
political conflicts of the Reformation era, whereas
for HateXplain it notes that the posts come from
Twitter and Gab between 2016–2020.

The Rules (R) element incorporates decision
rules to guide consistent annotation, particularly
for reported or quoted and untargeted language.
The Examples (E) element provides four labeled
instances (two per class), which turns the setup into
a few-shot setting. The same examples were used
for all input instances (i.e. static demonstrations).
For InviTE, the invective examples were drawn
from the dataset’s annotation guidelines and aug-
mented with two non-invective examples. Together,
the four examples: cover both classes, target both
Catholics and non-Catholics, represent multiple
time periods, and include both metaphorical and
non-metaphorical instances. For HateXplain, we
likewise ensured that the four example cover both
classes (two per class), include instances from both
platforms/time bins and reflect variation in target
categories.

While Rules and Examples have close analogues

in the Accessory Elements of Melis et al. (2025)
(Exceptions and Examples, respectively), the Con-
text represents a novel extension motivated by the
potential need to provide the model with period-
specific information.

Given our focus on two key aspects affecting
LLM performance in this study, language famil-
iarity (the degree to which a model’s training data
resembles the target domain) and class separability
(how easy offensive vs. non-offensive instances
can be discriminated in the data), we further distin-
guish between components that primarily support
understanding of the linguistic content or context
(Extended Definition and Context) versus those
that primarily guide classification decisions (Rules
and Examples). Rules explicitly delineate condi-
tions for negative labels and Examples concretely
illustrate the contrast between classes.

Prompt construction The modular construction
enables us to systematically vary prompt design.
Starting from the minimal combination of task and
definition (D), we incrementally add definition ex-
tensions (ext) and accessory elements (C, R, E).
This results in a structured set of sixteen prompt
variants for each dataset and allows us to investi-
gate how definitional richness, contextual ground-
ing, decision rules and few-shot examples influence
LLM performance in both historical and modern
domains. Full texts of the prompt templates are
provided in Appendix C.

4.3 Evaluation

We tested all model-prompt combinations on
both datasets (implementation details are in Ap-
pendix C). In addition to extracting the models’
predictions and reporting performance, we also
conducted confidence extraction. For the LLMs,
model confidence was computed as the softmax
probability of the first generated token correspond-
ing to the predicted class token (Xia et al., 2025).
For the BERT-based models, confidence was ob-
tained from the classification head by applying a
softmax over the output logits and taking the max-
imum probability corresponding to the predicted
class. Although confidence measures are not fully
comparable across the two model types, they pro-
vide useful insights into model behavior and result
robustness.

To quantify the contribution of each prompt
component beyond the definition (D) as baseline,
we compute an Average Marginal Contribution
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macro f1 avg conf.
mean min max std mean

InviTE

BERT-base 0.83 - - - 0.95
XLM-R 0.86 - - - 0.95
MacBERTh 0.89 - - - 0.97

Llama-3.1 (8B) 0.73 0.64 0.81 0.05 0.89
Llama-3.2 (3B) 0.63 0.46 0.74 0.10 0.90
OLMo-2 (7B) 0.65 0.58 0.72 0.04 0.96
OLMo-3 (7B) 0.75 0.69 0.79 0.03 0.97
Qwen2 (7B) 0.80 0.77 0.82 0.01 0.97
Qwen3 (4B) 0.81 0.76 0.84 0.02 0.99
gemma-3 (1B) 0.54 0.27 0.65 0.11 0.97
gemma-3 (4B) 0.74 0.62 0.80 0.06 0.99

HateXplain

BERT-base 0.67 - - - 0.88
XLM-R 0.60 - - - 0.82
MacBERTh 0.64 - - - 0.90

Llama-3.1 (8B) 0.54 0.41 0.66 0.09 0.87
Llama-3.2 (3B) 0.58 0.47 0.65 0.06 0.88
OLMo-2 (7B) 0.51 0.45 0.58 0.04 0.91
OLMo-3 (7B) 0.55 0.48 0.62 0.05 0.93
Qwen2 (7B) 0.47 0.36 0.58 0.08 0.98
Qwen3 (4B) 0.49 0.41 0.57 0.05 0.99
gemma-3 (1B) 0.33 0.26 0.39 0.04 0.99
gemma-3 (4B) 0.50 0.35 0.65 0.13 0.99

Table 1: Performance (macro F1) and prediction con-
fidence (average across all predictions) on InviTE and
HateXplain. BERT-model results are single-run values.
LLM results are aggregated over 16 prompt variants.

(AMC). This Shapley-value-inspired estimate of
each component’s contribution represents the aver-
age improvement in performance across all tested
combinations (Horovicz and Goldshmidt, 2024;
Liu et al., 2024). We denote our set of compo-
nents beyond the baseline as N = {ext, C, R, E},
and v(S) represents the model performance (e.g.
macro avg F1 score) when using the prompt subset
S ⊆ N together with D. For a component i ∈ N ,
let Pi be the set of subsets S ⊆ N \ {i} for which
both S and S ∪ {i} were tested. The AMC of
component i is defined as:

AMCi =
1

|Pi|
∑

S∈Pi

(
v(S ∪ {i})− v(S)

)
(1)

Practically, a positive AMCi means that adding
component i tends to increase macro-F1, a negative
value decreases it; e.g. AMCi = 0.1 reflects an
average macro-F1 gain of 0.1.

5 Results & Discussion

In this section, we first examine classification per-
formance across all models and both datasets (5.1),
then analyze the contributions of individual prompt

Accuracy Avg conf.
Una. Non Una. Non

Llama-3.1 (8B) 0.64 0.52 0.87 0.86
Llama-3.2 (3B) 0.71 0.52 0.90 0.87
OLMo-2 (7B) 0.68 0.38 0.93 0.90
OLMo-3 (7B) 0.69 0.44 0.94 0.92
Qwen2 (7B) 0.65 0.34 0.98 0.97
Qwen3 (4B) 0.65 0.36 0.99 0.99
gemma-3 (1B) 0.51 0.22 0.99 0.99
gemma-3 (4B) 0.66 0.40 0.99 0.99

Table 2: Accuracy and average confidence for unani-
mous (Una.) and non-unanimous (Non) predictions by
LLMs (mean across all 16 prompts) for HateXplain.

components (5.2), and finally explore how these
results vary across different sentence types (5.3).

5.1 Classification performance

Table 1 summarizes the macro F1 and confidence
scores of all models on the InviTE and HateXplain
datasets. The baselines are reported as single-run
results and LLMs with aggregated statistics across
the 16 prompt variants.

Models perform better on InviTE, with en-
coders leading. Interestingly, models achieve
clearly higher scores on InviTE than on HateX-
plain. Across both datasets, encoder-based base-
lines generally outperform LLMs. On InviTE,
MacBERTh reaches the highest score (0.89), and
the strongest LLMs, Qwen2 and Qwen3, per-
form up to 0.82–0.84. On HateXplain, BERT-
base achieves the strongest result (0.67), and the
best LLMs (with the best prompt), Llama mod-
els and gemma-3 (4B), reach similar levels (up
to 0.65–0.66). The high confidence of LLMs in-
dicates that their predictions in our experiments
are relatively robust, even if not fully determin-
istic. Prediction confidence further supports the
hypothesis that HateXplain poses a more difficult
classification problem. All three finetuned encoder
models exhibit an average confidence decrease of
7% between InviTE and HateXplain. This likely
reflects the greater complexity in class discrimi-
nation due to more heterogeneous annotations, as
discussed in the introduction.

To further investigate the role of label ambiguity
in HateXplain, we conducted an additional error
analysis that splits model performance based on
whether annotators unanimously agreed on the ma-
jority label. Table 2 reports mean accuracy and
mean confidence across the 16 prompt variants for
each LLM. Across all models, accuracy is substan-
tially higher on examples with unanimous anno-
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(c)  HateXplain: macro f1 across prompts
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(d)  HateXplain: AMC of prompt parts
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Figure 2: (a) Classification performance (Macro F1) of all models on InviTE across 16 prompt combinations and
baselines (horizontal lines). (b) Average Marginal Contribution (AMC) of prompt components to Macro F1 on
InviTE. (c) and (d): Same plots for HateXplain.

tator agreement, which confirms that clearly la-
beled instances are easier to predict. Average pre-
diction confidence, however, remains largely un-
changed between unanimous and non-unanimous
cases. This indicates that model uncertainty is not
aligned with human disagreement.

Prompt brittleness persists across time periods.
Variation across prompts furthermore underlines
the instability of LLM performance. Standard de-
viations (up to 0.13) reflect substantial differences
in F1 and indicate how sensitive models are to
prompt changes. While the results do not point to a
clear pattern between prompt sensitivity and perfor-
mance, nor across model size or family, the extent
of variation is similar across both datasets. The
mean standard deviations on InviTE (0.05 across
all models) and HateXplain (0.07) and mean ranges
between minimum and maximum values (0.17 vs.
0.19) are comparable.

5.2 Prompt component contributions
Figure 2 visualizes model performance across the
16 prompt variants and the Average Marginal Con-
tribution (AMC) of individual prompt components

The performance plots reiterate the brittleness of
LLMs discussed above as scores fluctuate consid-
erably across prompts on both datasets. The AMC
analysis provides a clearer view of how specific
prompt components (see 4.2) affect performance.

Components aiding classification matter more
than those aiding contextual understanding.
Overall, the extended definition and Context
have relatively modest effects, whereas Rules and
Examples exert much stronger influence. On In-
viTE, ext yields small but mostly positive contri-
butions (up to +0.03), while on HateXplain it is
slightly negative (–0.02). This suggests that more
content-rich definitions are more beneficial when
models are less familiar with the phenomenon, as
is the case for historical invectives. Surprisingly, C
shows the opposite trend. Contributions are more
consistently positive on HateXplain (up to +0.04)
but on InviTE extra situational context does not
consistently help.

Unlike the small effects of ext and C, the rules
yield mostly strong positive contributions, espe-
cially on HateXplain (up to +0.24). Examples also
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boost performance in both datasets (up to +0.07
on InviTE and +0.14 on HateXplain). Overall, the
results indicate that the effects of prompt compo-
nents vary across models and between historical
and modern settings. Yet, both datasets reveal a
consistent contrast in magnitude between compo-
nents that aid language familiarity (ext and C) and
those that focus on class boundaries (R and E).

5.3 Results across (metadata) categories
The InviTE corpus provides rich metadata that en-
ables a more fine-grained analysis of model behav-
ior across different types of sentences.
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Figure 3: Performance (mean accuracy across all
prompt variants) across Invectivity classes and meta-
data categories (Type, Target and Time-bin) for InviTE.

Improved performance via linguistic shortcuts?
Figure 3 reports mean accuracy across all prompt
variants for invectivity classes as well as meta-
data categories. For most models, classification
is more accurate for non-invective than for invec-
tive sentences. Regarding the different expres-
sion types of invectives, all models perform worse
on invective language annotated as literal (LIT)
than as metaphorical (MET). Models may confuse
metaphorical expressions with invectives, likely
because figurative expression is so prevalent in
EModE polemics (Smith, 2014; Razzall, 2021).
This points to reliance on recurring linguistic pat-
terns rather than true semantic understanding.

For invective targets, performance differences
are comparatively small across the five annotated
categories. The only consistent tendency is slightly
higher accuracy for Confession (CON), which may
be explained by the presence of clearer lexical
cues, such as historical variants of slurs target-
ing confessional groups (e.g. "shauelings" in Fig-
ure 1; see also Appendix B). Unlike modern hate
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Figure 4: AMC of prompt components to accuracy
across Invective and Non-invective classes for InviTE.

speech, where slurs can appear in reclaimed con-
texts, these historical terms are largely unambigu-
ous, as modern-style reclamation has not been ob-
served. This likely makes detection easier.

Lastly, for time-bins, we expected later texts to
be easier for LLMs to classify, since EmodE gradu-
ally converges toward modern spelling and syntax
(Gramley and Gramley, 2024). This expectation
is confirmed only for Llama-3.1 8B and Gemma-3
1B, which show relatively improved performance
on later texts. However, several stronger models
show the opposite pattern, with slightly but consis-
tently higher accuracy on the earliest period.

Component impact depends on sentence type.
We next examine how specific prompt components
affect accuracy across invective and non-invective
sentences (Figure 4). The results reveal that the
impact of components can differ substantially be-
tween classes, often in opposite directions. In
particular, the Rules component substantially im-
proves performance on non-invective sentences
while decreasing performance on invective sen-
tences. This pattern makes sense as the rules spec-
ify conditions for applying the negative class. Con-
versely, the extended definition tends to improve
performance on invective sentences but not on non-
invective ones. This effect also aligns with expecta-
tions as the definitions explicitly highlight potential
targets of invective language.

Similarly, the Examples component improves
performance of invective sentences more than non-
invective ones. Context shows a more variable pat-
tern. Together, these results underscore that prompt
components do not uniformly influence all sentence
types, a pattern that is also evident in our analyses
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across the two offensiveness classes in HateXplain
(see Figure 8 in Appendix D). Specifically, in con-
trast to InviTE, all models perform better on the
offensive class than on the non-offensive class in
HateXplain. However, similar to InviTE, rules (R)
tend to increase performance on non-offensive in-
stances while decreasing performance on offensive
ones, consistent with the rules’ focus on exceptions
(negative cases). Likewise, examples (E) show a
positive effect on the class that models generally
struggle with most (non-offensive for HateXplain;
invective for InviTE), while generally decreasing
performance on the other class. This implies that
prompt analyses should extend beyond overall ac-
curacy and examine class- or category-specific ef-
fects, as such fine-grained analyses can reveal pat-
terns hidden by aggregate metrics and consequently
guide more targeted prompt design.

6 Conclusion

This paper presents the first systematic evaluation
of instruction-tuned LLMs for detecting offensive
language in a historical setting, using a corpus of
Early Modern English invectives (InviTE) along-
side a contemporary hate-speech benchmark (Hat-
eXplain). By directly comparing the two domains
under matched definitions we explored how dataset
characteristics interact with model behavior, and
how prompt design modulates these effects.

Interestingly, models achieve consistently higher
performance on InviTE than on HateXplain. To-
gether with analyses of model confidence and
prompt component effects, this suggests that the
benefit of clearer class boundaries due to the expert-
curated annotations in InviTE outweighs the dis-
advantage of its greater linguistic unfamiliarity. In
contrast, modern hate-speech data, although pre-
sumably closer to models’ training distribution, re-
mains more difficult to classify likely because of
its more heterogeneous boundaries. At the same
time, additional analyses across sentence types in-
dicate that historical data may also contain surface
patterns, such as unambiguous lexical cues and
prevalent metaphor use, that ease classification.

We further find that prompt brittleness is not
confined to contemporary data but persists com-
parably across both periods. Nonetheless, fine-
tuned encoder models generally still outperform the
(mid-sized) LLMs on both datasets. Yet, the right
prompt can push an LLM to nearly match this per-
formance. Prompt engineering thus remains crucial

in both modern and historical settings but cannot
fully close the gap with specialized encoders.

Taken together, our results raise deeper ques-
tions about what it means for LLMs to “under-
stand” historical language and invective. Stronger
performance may partly reflect reliance on surface
patterns rather than true semantic understanding,
and persistent prompt sensitivity further suggests
limited robustness in model comprehension. Future
work could explore these issues more rigorously,
e.g. by comparing non-invective metaphorical lan-
guage with invective expressions, or by applying in-
terpretability techniques to trace how models make
classification decisions in historical contexts.

In sum, our study highlights both the potential
and the limitations of instruction-tuned LLMs on
historical language. By widening the scope of hate
speech detection beyond present-day discourse, we
provide practical guidance for NLP and DH re-
searchers on modeling strategies and prompt de-
sign, but also open up new opportunities to trace
the development of offensive language across time.

Limitations

While our study provides systematic insights into
detecting offensive and invective language across
historical and contemporary contexts, several limi-
tations constrain the scope and generalizability of
our findings. Our study evaluates eight LLMs span-
ning four different families to provide substantial
architectural diversity. Nevertheless, our experi-
ments are limited to models of up to 8B parameters.
This restriction was due to available computational
resources and reflects the practical realities of re-
search under typical academic budgets. Our fo-
cus on models that remain accessible to a broader
research community avoids reinforcing a culture
in which meaningful contributions require excep-
tional resources, while also mitigating the field’s
growing environmental footprint.

Our experimental setup relies on a single oper-
ational definition of offensive and invective lan-
guage, derived from the InviTE annotation guide-
lines and adapted for the HateXplain dataset.
While this definition provides conceptual coher-
ence across historical and modern domains, alter-
native definitional perspectives may yield different
model behaviors and should be explored in future
work. At the same time, the adopted definition in-
stantiates all foundational elements identified (as
characteristic of offensive language definitions) in
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the framework of Melis et al. (2025). Since this
framework synthesizes over 20 definitions from
academic literature, social media and international
policy documents, the alignment of our definition
with the framework’s conceptual elements miti-
gates concerns about arbitrariness.

Further, the conceptual equivalence we assume
between invective and offensive language is ap-
proximate. Moreover, the InviTE corpus primarily
includes invective language in the context of the
Protestant Reformation and may only partially re-
flect modern conceptions of offensiveness.

While the InviTE corpus is not homogeneous
and spans a wide range of genres (including ser-
mons, medical texts, royal proclamations, poetry
and stage plays) and encompasses multiple regis-
ters, distinct author styles and different dialects
of English during a period of linguistic change,
the datasets employed in this study are relatively
small, containing approximately 2,000 instances
per domain. The historical corpus primarily fo-
cuses on Early Modern English Reformation dis-
course and may not generalize to other genres or
historical periods. Yet, our study goes beyond
specific performance outcomes by presenting a
methodological framework for comparative anal-
ysis. Our structured prompt design, procedures
for establishing cross-domain comparability, and
advanced evaluation approach together provide a
foundation for subsequent studies to examine gener-
alization across larger datasets, different historical
periods and broader genres.

Finally, we aggregate the crowd-sourced anno-
tations in the HateXplain dataset using majority
votes to align with the expert-labeled historical
InviTE corpus. Yet, we do not fully ignore anno-
tator label variation. Additional analysis shows
that model accuracy is higher on instances with
unanimous agreement and confirms that although
majority-vote aggregation yields a practical repre-
sentation of modern hate speech, it does not en-
compass the full range of annotator perspectives.
A perspectivist interpretation is not available for
the historical dataset and consequently, while our
approach enables a meaningful comparison across
time, it necessarily simplifies the variability inher-
ent in both modern and historical hate speech.

Ethical Statement

This research engages with sensitive content both
in historical texts and contemporary social media

posts. We recognize that the use and analysis of
such data entails potential ethical considerations.

The InviTE corpus consists of 16th century lan-
guage samples, where no personal privacy concerns
arise. The HateXplain dataset comprises posts from
publicly accessible social media platforms, includ-
ing Twitter and Gab, and all user identifiers have
been anonymized to protect privacy.

Our work involves exposure to offensive lan-
guage, which may be upsetting to readers. This
applies to modern language just like pre-modern in-
vective language as intra-religious conflicts remain
relevant in present-day societies. In the paper, we
take care to avoid reproducing offensive content
unnecessarily.

We believe that, despite these challenges, our
study contributes to a deeper understanding of of-
fensive language across social and historical con-
texts. This, in turn, advances computational meth-
ods that may eventually support efforts to mitigate
the spread of hate speech.
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A Data

Our study uses the InviTE corpus (Spliethoff et al.,
2025) and the HateXplain dataset (Mathew et al.,
2021), in accordance with their intended use cases,
ethical guidelines, and applicable licenses.

Tables 3 and 4 summarize the distribution of sen-
tences across annotation and meta-data categories
in the InviTE and HateXplain corpora, respectively.

InviTE The periodization of publication years
into time-bins was guided by the expertise of the
second author, a specialist in Tudor history. The
time-bins reflect key historical phases:

• 1485–1530: Pre-Reformation era.
• 1531–1550: Henry VIII’s break with the Pope

and the emergence of reformist thought and
the Anglican Church.

• 1551–1580: Catholic counter-Reformation un-
der Mary I and the subsequent restoration of
Anglicanism under Elizabeth I.

• 1581–1603: Consolidation of anti-Catholic
sentiment, particularly after the defeat of the
Spanish Armada in 1588.

HateXplain For HateXplain, we collapsed the
fine-grained target group labels provided in the
original dataset (e.g., women, gay, Jewish) into
broader meta-categories to match the level of ab-
straction used in the InviTE corpus. Specifically,
targets were grouped into Sexual Orientation &
Gender (SEX), Race/Ethnicity (RAC), Religion
(REL), and Other (OTH).

Time-bins for HateXplain were automatically in-
ferred based on the platform metadata. Posts from
Gab cover the period 2016–2018, while Twitter
posts cover 2019–2020. This division was used to
assign each post to a corresponding time-bin.

Count Avg. sent. length

Invective NON 1415 40.0
INV 560 51.3

Type NON 1415 40.0
LIT 330 46.4
MET 218 58.9
UN 12 49.0

Target NON 1415 40.0
SIN 181 61.5
REL 107 49.4
CON 100 45.7
POL 93 56.5
OTH 79 31.6

Time-bin 1485-1530 444 51.9
1531-1550 314 44.4
1551-1580 613 40.7
1581-1603 604 38.7

TOTAL 43.2

Table 3: Distribution of sentences across annotation and
meta-data categories in the InviTE corpus

Count Avg. sent. length

Offensive NON 1500 24.1
OFF 500 20.4

Target SEX 578 21.3
RAC 513 23.5
OTH 490 24.0
REL 419 24.6

Time-bin 2016-2018 1000 28.2
2019-2020 1000 18.2

TOTAL 23.2

Table 4: Distribution of categories across the sampled
HateXplain data
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B Illustrative Examples

This section provides representative sample texts
from each dataset to illustrate linguistic variation
over time and context.

InviTE (historical texts).

(1) InviTE (1548): “and then will god
awake as a firce lyon against those cruel
wolues which deuoure hys lambes, and
will playe with the hypocrites, [...].”

(2) InviTE (1590): “that al the nobili-
tie are heretickes, that they are enemies
to the popular estate: that they oppose
themselues against your purposes: and
that they must be rooted out.”

These examples show metaphorical (e.g.
“wolues”) and explicit invectives (e.g. “heretickes”)
typical of historical texts.

HateXplain (modern social media).

(3) HateXplain (2019/2020): “yes im
talking to this bitch myself”

(4) HateXplain (2019/2020): “i for reals
walk by this group of freshman and this
bitch really pulled out a big ass bag of
hot cheetos”

In modern social media, the term “bitch” ap-
pears in both offensive and non-offensive contexts.
One example (3) is labeled offensive by a majority
of annotators, while the other (4) is unanimously
non-offensive. Terms that have traditionally been
considered derogatory may be reappropriated or
employed playfully in modern contexts, resulting
in increased contextual ambiguity and greater an-
notator disagreement. Consequently, this poses
additional challenges for automatic detection of
hate speech.

Taken together, these examples illustrate di-
achronic change in the expression of hate speech:
from explicit, metaphorical invectives in historical
texts to nuanced, context-dependent uses in modern
social media.

C Model Implementation Details

All experiments were implemented in Python 3.9
using the PyTorch and Hugging Face
Transformers libraries.

Model Hugging Face URL

BERT-base https://huggingface.co/google-bert/bert-base-uncased
XLM-RoBERTa-large https://huggingface.co/FacebookAI/xlm-roberta-large
MacBERTh https://huggingface.co/emanjavacas/MacBERTh
LLaMA-3.1-8B-Instruct https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
LLaMA-3.2-3B-Instruct https://huggingface.co/meta-llama/Llama-3.2-3B-Instruct
Ministral-8B-Instruct-2410 https://huggingface.co/mistralai/Ministral-8B-Instruct-2410
OLMo-2-1B-Instruct https://huggingface.co/allenai/OLMo-2-0425-1B-Instruct
OLMo-2-7B-Instruct https://huggingface.co/allenai/OLMo-2-1124-7B-Instruct
OLMo-3-7B-Instruct https://huggingface.co/allenai/Olmo-3-7B-Instruct
Qwen2-7B-Instruct https://huggingface.co/Qwen/Qwen2-7B-Instruct
Qwen3-4B-Instruct-2507 https://huggingface.co/Qwen/Qwen3-4B-Instruct-2507
gemma-3-1b-it https://huggingface.co/google/gemma-3-1b-it
gemma-3-4b-it https://huggingface.co/google/gemma-3-4b-it

Table 5: Pretrained models used in our experiments.

Models Table 5 lists the pretrained encoder mod-
els and LLMs used in our experiments.

Prompts Figures 5 and 6 display the most elabo-
rate prompt templates used. Content warning!
The examples in the prompts contain language
that may be offensive; we recognize their potential
harm.

Experimental setup For the encoder-based mod-
els, we followed the same implementation setup as
described in Spliethoff et al. (2025), to which we
refer for training and configuration details.

For the LLMs, we employed the
transformers.pipeline interface for text
generation using default parameters and model-
specific tokenizers. Each model was queried with
chat-style prompts and a limited generation length
of 20 new tokens. All experiments were executed
on a single NVIDIA RTX A6000 GPU using
CUDA acceleration.

Post-processing Generated outputs were post-
processed to remove the original prompt, cleaned
of extraneous characters (e.g. whitespace,
quotes, asterisks), and mapped to the la-
bel sets (‘Invective‘/‘Non-invective‘ for InviTE,
‘Offensive‘/‘Non-offensive‘ for HateXplain). Out-
puts not matching these labels were flagged as in-
valid predictions (See Table 7).

The number of invalid predictions for Llama-
3.1-8B-Instruct is noteworthy. We inspected these
cases. The majority correspond to model refusals,
e.g.: “I can’t provide a classification of this sen-
tence as it contains derogatory language.” This be-
havior is only observed for Llama-3.1-8B-Instruct
among the models tested and also appears sensi-
tive to prompt formulation (257 with DC prompt
vs. only 39 with DextCRE). This safety-driven re-
fusal behavior and its dependence on prompt design
would be interesting to further explore in future
work.
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Two independent runs We conducted two in-
dependent runs of all experiments using identical
settings; the second run additionally included confi-
dence extraction. The results reported in this paper
are from the second run. Across all models, the
second run closely reproduces the results of the
first run, with negligible performance differences
(first-run F1 scores shown in Table 6, mostly within
±0.00–0.01), consistent with the high confidence
values observed. Exceptions were Ministral 8B
and OLMo-2 1B, which exhibited low confidence
scores (average 64–65%) and consequently unsta-
ble results; these models were therefore not consid-
ered in the main paper, with OLMo-2 1B replaced
by the newly released OLMo-3 7B.

InviTE HateXplain
mean min max std mean min max std

Baselines
majority 0.42 – – – 0.43 – – –
random 0.48 – – – 0.46 – – –
BERT-base 0.83 – – – 0.67 – – –
XLM-R 0.82 – – – 0.62 – – –
MacBERTh 0.89 – – – 0.64 – – –

LLMs (across 16 prompt variants)
Llama-3.1 (8B) 0.73 0.63 0.81 0.05 0.54 0.40 0.66 0.09
Llama-3.2 (3B) 0.62 0.46 0.73 0.09 0.57 0.47 0.64 0.06
Ministral (8B) 0.66 0.50 0.75 0.08 0.57 0.46 0.65 0.06
OLMo-2 (1B) 0.45 0.41 0.52 0.03 0.54 0.43 0.58 0.04
OLMo-2 (7B) 0.65 0.59 0.72 0.04 0.52 0.45 0.58 0.04
Qwen2 (7B) 0.80 0.77 0.82 0.01 0.47 0.36 0.58 0.08
Qwen3 (4B) 0.81 0.77 0.84 0.02 0.49 0.41 0.57 0.05
gemma-3 (1B) 0.53 0.27 0.65 0.11 0.34 0.26 0.39 0.04
gemma-3 (4B) 0.74 0.63 0.80 0.06 0.50 0.35 0.65 0.13

Table 6: Performance results (macro F1) of all models
on InviTE and HateXplain. Baselines are single-run
values. LLMs are aggregated over 16 prompt variants.

D Results across (metadata) categories

Figures 7 and 8 provide additional results for the
InviTE and HateXplain datasets, respectively. Each
figure consists of a 5x3 grid of plots: the first
row shows mean model accuracy across different
prompt variants, while the subsequent rows display
the Average Marginal Contribution (AMC) of in-
dividual prompt components to accuracy. On the
x-axis, each plot represents either classes (invec-
tive or offensive) or metadata categories, while the
y-axis shows mean accuracy (first row) or AMC val-
ues (subsequent rows). These figures illustrate how
model performance varies across different classes
and metadata categories, and how specific prompt
components contribute to accuracy on sentences
belonging to each category.

E Use of AI Assistants

AI assistants were used during the preparation of
this work, limited to paraphrasing for clarity and
style and to assist with code primarily for visualiza-
tion purposes. No AI-generated content was used
for experimental design or drawing conclusions.
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D DC DCE DCR DCRE DE DR DRE Dext DextC DextCE DextCR DextCRE DextE DextR DextRE

InviTE

Llama-3.1 (8B) 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Llama-3.2 (3B) 0 0 0 0 0 0 0 1 0 0 0 0 0 0 1 0
OLMo-2 (7B) 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
OLMo-3 (7B) 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Qwen2 (7B) 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Qwen3 (4B) 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
gemma-3 (1B) 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
gemma-3 (4B) 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

HateXplain

Llama-3.1 (8B) 189 257 104 148 47 137 216 140 222 187 73 109 39 130 155 84
Llama-3.2 (3B) 16 1 0 21 0 1 46 0 4 1 1 9 0 0 32 0
OLMo-2 (7B) 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
OLMo-3 (7B) 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Qwen2 (7B) 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Qwen3 (4B) 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
gemma-3 (1B) 1 0 0 0 0 0 0 0 0 0 0 0 0 1 0 1
gemma-3 (4B) 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Table 7: Number of invalid predictions for each LLM and prompt combination.
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Prompt for InviTE classification

### Task
Decide whether the given sentence contains invective language or not. Answer
with only one word: ‘Invective’ or ‘Non-invective’.

### Definition
Invective language includes all utterances that have the potential to disparage
an opponent person or group.
(ext) Invective language can be targeted at attributes, such as religious
belief and confession, or acts, such as sinful behaviour or political-religious
misconduct.

### Context
The sentence appears in English texts from 1485–1603, often in diverse genres
tied to Reformation-era religious or political conflicts in England and Europe.

### Rules
Additional rules to follow:
1. Whenever a possible invective sentence refers to an ancient event, or is a
quote from an ancient text or the bible that is not directly used to disparage
an opponent of the author, it should be classified as ‘Non-invective’.
2. Normative sentences that name sinful behaviour but do not inveigh a specific
opponent should be classified as ‘Non-invective’.

### Examples
Invective:
1. ‘A proclamation for resisting and withstanding of most damnable heresies,
sown within this realm, by the disciples of Luther and other heretics, perverters
of Christ’s religions.’
2. ‘Otherwise, we will betray the sheep of Christ into the mouths of ravenous
wolves, and especially into the teeth of that great, rampaging lion — the
devil — who never ceases going about, seeking whom he may devour for his prey.’
Non-invective:

1. ‘Of the greatest benefites, that euer god gaue me, is, that he sent me so
sharpe and seuere parentes, and so ientle a scholemaster.’
2. ‘For thy goodnes haue merci on my grete wyckednes , as certeynly as i was
neuer so wycked as y u arte good ne neuer may be thoughe i wolde.’

### Sentence to classify
SENTENCE

Figure 5: Most elaborate prompt template (DextCRE) used for the invective classification task. It includes the core
task description, a definition of invective language (D, extended version (ext)), historical context (C), annotation
rules (R), and labeled examples (E). This template represents the full modular prompt and serves as the basis from
which simpler prompt variants are derived.
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Prompt for HateXplain classification

### Task
Decide whether the given sentence contains offensive language or not. Answer
with only one word: ‘Offensive’ or ‘Non-offensive’.

### Definition
Offensive language includes all utterances that have the potential to disparage
an opponent person or group.
(ext) Offensive language can be targeted at attributes, such as sexual
orientation, race or religion.

### Context
The sentence appears on social media platforms such as Twitter and Gab between
2016–2020, often in short post formats such as tweets.

### Rules
Additional rules to follow:
1. Whenever a possible offensive sentence is a quote from social media, news,
or other public discourse that is not directly used to disparage a specific
individual, it should be classified as ‘Non-offensive’.
2. Posts that name undesirable behavior or controversial opinions
without directly targeting a specific individual should be classified as
‘Non-offensive’.

### Examples
Offensive:
1. ‘<user> shut up nazi’
2. ‘whats scarier than hearing a white person talking in french i just know
they saying something racist or islamophobic’

Non-offensive:
1. ‘border patrol does not want to keep being labeled as nazis when they are
doing their jobs’
2. ‘omg we just had a monster queers on american idol lmfao’

### Sentence to classify
SENTENCE

Figure 6: Most elaborate prompt template (DextCRE) used for the invective classification task. It includes the core
task description, a definition of invective language (D, extended version (ext)), historical context (C), annotation
rules (R), and labeled examples (E). This template represents the full modular prompt and serves as the basis from
which simpler prompt variants are derived.
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InviTE: Performance and AMC (accuracy) across metadata categories

Figure 7: Mean model performance across prompt variants (first row, accuracy) and AMC of prompt components to
accuracy (subsequent rows) across invective classes (first column) and metadata categories for InviTE (subsequent
columns).
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Figure 8: Mean model performance across prompt variants (first row, accuracy) and AMC of prompt components to
accuracy (subsequent rows) across offensive classes (first column) and metadata categories (subsequent columns)
for HateXplain.
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