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Abstract

Modern language models excel at factual rea-
soning but struggle with value diversity: the
multiplicity of plausible human perspectives.
Tasks such as hate speech or sexism detection
expose this limitation, where human disagree-
ment captures the diversity of perspectives that
models need to account for, rather than dataset
noise. In this paper, we explore whether multi-
perspective in-context learning (ICL) can align
large language models (LLMs) with this di-
versity without parameter updates. We eval-
uate four LLMs on five datasets across three
languages (English, Arabic, Italian), consid-
ering three label-space representations (aggre-
gated hard, disaggregated hard, and disaggre-
gated soft) and five demonstration selection
and ordering strategies. Our multi-perspective
approach outperforms standard prompting on
aggregated English labels, while disaggregated
soft predictions better align with human judg-
ments in Arabic and Italian datasets. These find-
ings highlight the importance of perspective-
aware LLMs for reducing bias and polarization,
while also revealing the challenges of apply-
ing ICL to socially sensitive tasks. We further
probe the model faithfulness using eXplainable
AI (XAI), offering insights into how LLMs han-
dle human disagreement.

Warning: This paper contains examples that may
be offensive or upsetting.

1 Introduction

Traditional classification aggregates multiple an-
notator labels into a single ground truth, which
works under full agreement but fails for subjec-
tive NLP tasks, where disagreement can arise from
ambiguity, differing viewpoints, or multiple plau-
sible interpretations (Plank et al., 2014). For ex-
ample, hate speech and offensive language detec-
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Figure 1: Overall, multi-perspective prompting con-
sistently outperforms the standard prompting. In
particular, aggregated labels yield the strongest perfor-
mance for English datasets, whereas disaggregated soft
labels are more effective for non-English datasets (Ara-
bic and Italian), underscoring both task- and language-
dependent effects.

tion often involve contentious annotations, as in-
terpretations vary with personal experiences and
cultural backgrounds (Davani et al., 2021; Akhtar
et al., 2021), making these tasks highly subjec-
tive and complex (Del Arco et al., 2021; Hu-
sain and Uzuner, 2021). Recent research shows
that leveraging disagreements in human-annotated
datasets can improve model performance and
confidence (Casola et al., 2023; Davani et al.,
2022; Muscato et al., 2024). This perspective-
driven paradigm, known as Perspectivism (Basile
et al., 2021), advocates designing systems that are
perspective-aware, responsible, and socially intelli-
gent (Liu et al., 2023; Kovac et al., 2023). Despite
these advances, LLMs—including GPT-series mod-
els—struggle to capture the diversity of user prefer-
ences (Feng et al., 2024) across sociodemographic
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groups (Wang et al., 2025) and remain prone to in-
herent biases in ambiguous, subjective contexts. In
this paper, we examine the interplay between ICL
and human disagreement in subjective NLP tasks,
investigating whether multi-perspective ICL can
serve as an effective and practical alternative to
fine-tuning for capturing diverse perspectives,
especially under limited annotated data and com-
putational constraints.

We systematically investigate how different ICL
configurations influence model alignment with hu-
man disagreement across subjective NLP tasks.
Our evaluation setup supports four open-source
LLMs evaluated on five datasets spanning five
subjective tasks: the first three in English (hate
speech, offensive, and abusive language detec-
tion), the fourth in Arabic (sexism detection),
and the fifth in Italian (irony detection). We
assess three label-space representations (aggre-
gated hard, disaggregated hard, and soft) and five
demonstration selection and ordering strategies,
including textual similarity, annotator disagree-
ment, two-stage ranking, random, and Curricu-
Ium Learning (CL) (Liu et al., 2024b), to compare
our multi-perspective ICL approach—which ex-
plicitly instructs models to consider diverse view-
points—against a standard prompting baseline.

The multi-perspective approach consistently out-
performs the baseline across datasets, though the
most effective label representation differs by lan-
guage. For English datasets, aggregated labels
vield the strongest alignment with human judg-
ments, whereas for Arabic and Italian datasets, dis-
aggregated soft predictions are more effective, re-
flecting the subjective nature of these tasks. These
findings highlight the need for perspective-aware
LLMs to mitigate polarization and societal bias
(Figure 1), while also illustrating ongoing chal-
lenges in applying ICL to subjective and socially
sensitive tasks.

The most related work to ours is Pavlovic
and Poesio (2024), which uses a single closed
LLM (GPT-3.5-turbo) via zero-shot ICL with role-
playing to compare human and model opinion dis-
tributions, producing only disaggregated soft labels
on our English and Arabic benchmark datasets. We
extend this line of research with the following key
contributions, forming a systematic and extensible
evaluation framework:

* Prompting strategies: Evaluating both zero-
shot and few-shot ICL settings.

* Demonstration design: Incorporating task-
appropriate demonstration selection and order-
ing strategies for subjective tasks.

* Label representation: Expanding the label
space to include aggregated hard as well as
disaggregated hard and soft labels.

* Explainability: Leveraging Integrated Gradi-
ents (IG) attribution method to probe model
faithfulness in subjective NLP tasks.

Through these contributions, this evaluation setup
provides a unified, systematic, and extensible
framework for assessing LLMs’ capabilities and
limitations in capturing human disagreement via
ICL across multiple languages.

2 Background & Related Work

2.1 Socially Intelligent and Responsible LLMs

Socially intelligent Al systems are those capable
of understanding and reasoning about intentions,
emotions, and mental states (Sap et al., 2022; Qiu
et al., 2022). By interacting and adapting to sub-
jective preferences and beliefs (Mittelstidt et al.,
2024; Kirk et al., 2025), they can align more effec-
tively with diverse user needs (Mathur et al., 2024).
Within Responsible Al, social intelligence supports
pluralistic alignment, helping LL.Ms reduce harm
and deliver societal benefit beyond mere perfor-
mance gains (Sorensen et al., 2024; Tahaei et al.,
2023; Kirk et al., 2024).

2.2 Learning from Human Disagreement

Human disagreement, traditionally viewed as noisy
crowd-sourcing error, is increasingly recognized
as plausible human label variation (HLV) (Plank,
2022), particularly in subjective tasks such as hate
speech or sexism detection, where a single ground
truth may not exist (Muscato, 2025). Traditional
approaches rely on hard (discrete) aggregated la-
bels via majority voting, whereas perspectivist
methods (Frenda et al., 2024) preserve disagree-
ment using hard or soft (continuous) disaggre-
gated labels. Models fine-tuned on disaggregated
soft labels have been shown to outperform those
trained on aggregated hard labels (Muscato et al.,
2025). Other strategies include annotator-specific
ensembles (Akhtar et al., 2021), multi-task architec-
tures (Davani et al., 2022), and incorporating socio-
demographic information (Fleisig et al., 2023).
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2.3 In-Context Learning (ICL)

ICL enables LLMs to learn new tasks by anal-
ogy without parameter updates (Dong et al., 2024;
Winston, 1980). Zero-shot ICL uses no examples,
while few-shot provides a small demonstration set.
ICL excels at complex reasoning (Wei et al., 2022)
and role-playing (Kong et al., 2024), but it is com-
putationally costly, less efficient than PEFT (Liu
et al., 2022a), and highly sensitive to prompt de-
sign (Li et al., 2025b), including example selection
and ordering (Gao et al., 2021; Liu et al., 2024b;
Peng et al., 2024; Li et al., 2025a).

Although cost-effective, ICL remains underex-
plored in subjective tasks. While LLMs can approx-
imate expert label distributions (Chen et al., 2024),
it is unclear whether this extends to non-expert
disagreements, with prompt sensitivity further lim-
iting reliability. Performance depends on demon-
stration selection and ordering: random or human-
curated examples (Brown et al., 2020; Kazemi
et al., 2023) give mixed results, while kNN (Liu
et al., 2022b), latent similarity (Wang et al., 2024),
and perplexity (Gonen et al., 2023) favor rele-
vant examples. Ordering strategies like chain-of-
thought (Qin et al., 2024) and entropy-based (Lu
et al., 2022) reduce prompt sensitivity.

3 Prompting LLMs for Multi-Perspective
(MultiP)

We assess whether LLMs can capture diverse view-
points by prompting them with explicit multi-
perspective (MultiP) instructions'. Formally, given
a subjective task ¢ with input text = and annotations
A = {a1,...,ay}, the model M predicts y via
zero- or few-shot ICL with the following compo-
nents (Wang et al., 2022a):

» Task Definition: Defines a subjective task ¢
and explains how input text z is mapped to
the appropriate label space for ¢.

» Label Space: A specification of the expected
output label ¢, whether as an aggregated or
disaggregated hard or soft label [.

* Demonstration Examples: A reference input-
output pairs D = {z, y;}, forj = {1,...,m}
(with m examples), only for few-shot learn-
ing.

'"Details regarding the prompting setup are avail-
able at https://github.com/bmuscato/EACL26_
MultiPerspective_ICL

To evaluate LLMs’ MultiP capabilities under
in-context learning (ICL), we examine variations
along three prompt components: the task definition
t (Section 3.1), the label space [ (Section 3.2), and
the arrangement of demonstration examples (Sec-
tion 3.3). The MultiP prompt template is shown
in Figure 2, while Figure 3 illustrates a few-shot
prompt example in which ¢ specifies the instruc-
tions for hate speech detection and [ corresponds
to an aggregated hard label.

Our MultiP Prompt Template

TASK DEFINITION (t):

* Hate speech

* Offensive language

* Abusive language

LABEL SPACE (/):

* Hard: Aggregated or Disaggregated
* Soft : Disaggregated
DEMONSTRATION EXAMPLE(S) (D):
* (text, hard agg.): (e.g., yes)

* (text, hard disagg.): (e.g.,[0,0,1,1,0])
* (text, soft): (e.g.,[0.7, 0.3])
INPUT:

e Tweet (z): {text}

e Answer (%): [output]

Figure 2: Illustration of our MultiP prompt template.

MultiP Prompt for Hate Speech

[t] Does the following tweet contain hate speech, partic-
ularly xenophobia or islamophobia? The task is subjec-
tive, so please answer considering different perspectives
from Muslim immigrants as well as others from different
backgrounds.

[{] There are two options: yes and no.

[D] Examples: Any future terrorist attack in Europe will
be blame on Brexit by the Imsm, yes

Now consider the following example and only output your
option without punctuation.

[x] Tweet: What the referendum seem to have mean to
alarm number a vote for anyone look foreign to leave
immediately

[g] Answer:

Figure 3: Example of MultiP prompt for hate speech
detection task.

3.1 Task Definition

Typically, LLMs are prompted to directly answer
questions (e.g., Classify the following tweet as hate
speech (Antypas et al., 2023)) without account-
ing for task subjectivity. In this study, we explore
two approaches: the baseline (BS) and the MultiP
method.

Baseline (BS) Priming The BS represents a sce-
nario in which M is prompted to produce a single
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aggregated label, ignoring the subjectivity or am-
biguity of £. Specifically, the example in Figure 3
is adjusted: ¢ excludes the bold statement, while
[ remains unchanged, yielding ¢ as an aggregated
hard label.

Multi-Perspective (MultiP) Priming To miti-
gate M’s tendency to favor a dominant viewpoint
and enhance its contextual understanding of ¢, the
model is explicitly instructed to consider multiple
perspectives from different viewpoints, as high-
lighted in the bold statement in Figure 3. Inspired
by Pavlovic and Poesio (2024); Lan et al. (2024),
we prompt M to adopt the role of an expert in
task t, applying role-playing (RL) for both the BS
and MultiP approaches.

3.2 Label Space

To better model subjectivity, we define three types
of label predictions in our MultiP framework: ag-
gregated hard (discrete), disaggregated hard (dis-
crete), and disaggregated soft (continuous) labels.
When the model M is prompted to generate a pre-
diction y within a label space [, all demonstration
examples are likewise represented within the same
space [.

3.2.1 Hard Labels

Aggregated A single ground-truth label (e.g.,
hate speech or not) is obtained through vote ag-
gregation, typically majority voting.

Disaggregated Individual labels from multiple
annotators capture the diversity of human judg-
ments. With n annotators, M is prompted to
generate a label set A’, where each a] € A’ for
1 =1,...,n, represents the predicted annotation
from each annotator. To obtain disaggregated soft
labels from aggregated or disaggregated hard la-
bels?, we extract the probability scores from A
corresponding to the predicted labels (Lee et al.,
2023).

3.2.2 Soft Labels

Disaggregated A probability distribution over
the possible classes represents the likelihood of
each category. For example, in a binary hate speech
classification task (¢), M is prompted to output
probabilities as [Prate, Prot hate)» With values sum-
ming to one—a condition that LLMs consistently
satisfy.

’This transformation is only required for evaluation; see
Section 4.3 for details.

3.3 Demonstration Examples

Prior work improves demonstration organiza-
tion (Dong et al., 2024), mainly for objective tasks,
but its effectiveness in subjective tasks remains un-
derexplored. Moreover, annotator disagreement,
crucial in subjective tasks, is rarely considered in
example selection. To address this, we investigate
different methods for selecting (Section 3.3.1) and
ordering (Section 3.3.2) demonstration examples in
subjective tasks, as illustrated in Figure 4, inspired
by Liu et al. (2024b).

3.3.1 Demonstration Selection

We investigate few-shot ICL by comparing tradi-
tional example selection based on textual similar-
ity (Peng et al., 2024; Zhang et al., 2024) with
methods that also incorporate annotator disagree-
ment into the selection process, exploring three
strategies for k-shot selection (one per class).

Textual Similarity We compute the similarity
between target test examples and the training set,
retrieving the top-k most similar texts based on
a fixed threshold®. Similarity is measured using:
(1) BM25 (Robertson et al., 2009), and (2) follow-
ing Peng et al. (2024), cosine similarity between
sentence embeddings from pre-trained language
models (PLMs), specifically all-MiniLM-L6-v2,
all-MiniLM-L12-v2, all-distilroberta-v1, and all-
mpnet-base-v2 from huggingface®.

Annotator Disagreement We hypothesize that
examples with high annotator disagreement are
more informative. Thus, we select the top-k sam-
ples with highest annotation entropy, where higher
entropy denotes greater ambiguity and lower en-
tropy reflects clearer consensus.

Two-Stage Ranking Preliminary experiments re-
veal that prior methods often yield examples that
are either too similar or too diverse, limiting gen-
eralization. To mitigate this, we adopt a two-stage
approach (Dang et al., 2013) that balances textual
similarity and annotator disagreement: the top-k
most similar training examples are first retrieved,
then re-ranked by disagreement to select those that
are both relevant and diverse for few-shot ICL.

3.3.2 Demonstration Ordering

We use random ordering as a baseline by ran-
domly sampling one training example per class
3Thresholds from 0.5 to 0.8 are tested, with 0.7 yielding

the best performance in terms of cosine similarity.
*https://huggingface.co/sentence-transformers
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Figure 4: MultiP ICL with three demonstration selection strategies—BM25/PLM similarity, entropy-based annotator
disagreement, and a two-stage similarity + re-ranking—alongside two ordering strategies: random and CL.

(random_state=None), resulting in different selec-
tions across prompt runs. We also explore curricu-
lum learning (CL) (Liu et al., 2024b), where exam-
ples are ranked by annotation entropy. We hypoth-
esize that the model benefits from learning simpler,
high-agreement examples before more challenging,
high-disagreement ones.

4 Experimental Setup
4.1 Datasets

We use five benchmark datasets in English, Ara-
bic, and Italian, each corresponding to a differ-
ent subjective task ¢, from the SemEval 2023
(LeWiDi) Learning with Disagreements® competi-
tion (Leonardelli et al., 2023; Casola et al., 2024).
These datasets cover a range of subjective tasks
with varying numbers of annotations n (Table 1).

Dataset Train Test Dev Tot. Class Ann. Full Agr. (%) Subj. Task

HS-Brexit 784 168 168 6 69% Hate speech
MD-Agr 6592 3057 1104
ConvAbuse 2398 840 812
ArMIS 657 145 141

MultiPICo 600 200 200

5 2% Offensive lang.
3-8 86% Abusive lang.

3 65% Misoginy and sexism

[SER RS

3 64% Irony

Table 1: Dataset statistics

Hate Speech on Brexit HS-Brexit (Akhtar et al.,
2021) contains English tweets around the Brexit
vote, filtered for keywords on immigrants and
Brexit, annotated by six annotators to capture opin-
ions on immigrants’ role in UK society.

Multi-Domain Agreement MD-
Agreement (Leonardelli et al., 2021) covers
three popular 2020 topics—Covid-19, the US
Presidential elections, and the Black Lives
Matter movement. Tweets were collected using

Shttps://le-wi-di.github.io

topic-specific keywords and each instance was
labeled by five annotators.

ConvAbuse ConvAbuse (Curry et al., 2021) com-
prises English conversations between users and
three conversational Al systems (Alana v2, Eliza,
and CarbonBot), each with distinct goals. Each
example is labeled by three to eight annotators. We
rely on binary formats following Vitsakis et al.
(2023).

ArMIS This dataset (Almanea and Poesio, 2022)
contains Arabic tweets with binary labels, anno-
tated by three annotators (conservative male, mod-
erate female, liberal female) to study political lean-
ing effects on sexism judgments.

MultiPICo This dataset (Casola et al., 2024) con-
tains short post-reply conversations from Twitter
and Reddit annotated for irony; we focus on the
Italian subset of the nine-language corpus.

4.2 LLMs

We prompt four open-source instruction-tuned
LLMs—OIlmo-7b-Instruct®, Llama-3-8b-Instruct’,
Gemma-7b-it®, Deepseek-7b-chat’—following the
methodology (Section 3). Decoding was performed
via greedy search to ensure reproducibility.

4.3 Evaluation metrics

This MultiP paradigm uses soft metrics to predict
both preferred and alternative interpretations (Rizzi
et al., 2024), such as Jensen-Shannon Divergence

6https://huggingface.co/allenai/
OLMo-7B-Instruct

7https://huggingface.co/meta—llama/
Meta-Llama-3-8B-Instruct

8https://huggingface.co/google/gemma—7b—it

9https://huggingface.co/deepseek—ai/
deepseek-11m-7b-chat
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(JSD) and Cross-Entropy (CE) (Uma et al., 2021),
rather than hard metrics like precision or F1, which
consider only the most probable class and miss nu-
ances in ambiguous instances (Wang et al., 2022b).
We use JSD as the primary soft metric to measure
distance between probability distributions, and CE
to assess the model’s confidence in its top predic-
tion!?,

Due to space constraints, we report only the best-
performing models; full results and implementation
details are available in our GitHub repository, with
macro F1 as the primary hard metric. In Section 5.3,
micro F1 is reported for comparison with state-of-
the-art results, and macro F1 is reported only for the
MultiPICo baseline (Casola et al., 2024). Higher
values indicate better performance for hard metrics,
while lower values are better for soft metrics.

5 Results

We evaluate MultiP ICL on five subjective tasks
spanning three languages: English, Arabic, and
Italian comparing the BS with MultiP in zero-
shot (05) and few-shot (F'S) settings. In both 0.5
and F'S settings, we examine the effect of the label
space [ (Section 3.2); in F''S, we additionally assess
the impact of demonstration examples D (one-shot
per class) via different selection and ordering strate-
gies (Section 3.3). Larger versions of all tables and
figures are provided in Appendix A.

5.1 Impact of the Label Space

Zero-shot (05) Irrespective of the label space,
the MultiP approach consistently outperforms BS.
On aggregated English labels, MultiP achieves
lower JSD and CE (left plot, Figure 5). In con-

0Aggregated and disaggregated hard labels are converted
to soft labels only during evaluation (Section 3.2).

trast, for Arabic and Italian, disaggregated soft
predictions align more closely with human judg-
ments, demonstrating robust performance across
multilingual and culturally diverse settings.

For all three English datasets, MultiP_aggr
(e) performs best, whereas for the Arabic and Ital-
ian datasets, MultiP_disaggr_soft (®) achieves
the highest performance. Regarding the LLMs,

performs best for hate speech
(HS-Brexit) and offensive language (MD-Agr.),
achieving (0.19 JSD, 0.35 CE) and (0.14 JSD, 0.43
CE with RL), respectively.
leads on abusive language (ConvAbuse) (0.18
JSD, 0.32 CE); _ on Arabic sexism
(ArMIS) (0.25 JSD, 0.80 CE); and Llama3-8b-it
on Italian irony (MultiPICo) (0.13 JSD, 0.78 CE).
Results indicate that, except for HS-Brexit, the best-
performing 0.5 configurations include role-playing
(RL), highlighting its effectiveness for modeling
subjective disagreement.

Few-shot (F'S) Regardless of the label space,
the MultiP approach consistently outperforms BS
(right plot, Figure 5), achieving lower JSD and CE
on aggregated English labels. In contrast, for Ital-
ian, disaggregated hard predictions, and for Arabic,
disaggregated soft predictions more closely align
with human judgments.

For three English datasets, MultiP_aggr
(o) performs best (HS-Brexit JSD 0.18, CE
0.39; MD-Agr: JSD 0.18, CE 0.25; ConvA-
buse: JSD 0.15, CE 0.31). For the non-
English datasets, Multi P_disaggr_soft (®) and
MultiP_disaggr_hard (A ) achieve the top
performance for Arabic (ArMIS: JSD 0.13,

CE 0.73) and Italian (MultiPICo: JSD 0.13,
CE 1.07 ), respectively. Consistent with
the 0S results, is the best-

performing LLM for HS-Brexit and MD-Agr.

For ConvAbuse, _ achieves the
highest performance, while for both non-English
datasets, _ performs best. Unlike
in 0S settings, _ is also the top-

performing model for the Italian MultiPICo. Sim-
ilar to the 05 settings, for most tasks, the best-
performing F'S configuration includes role-playing
(RL).

The findings are largely consistent across 0.5 and
F'S settings. MultiP outperforms BS across all sub-
jective tasks. The best-performing LLM for each
dataset is the same in both 0.S and F'S settings,
except for the Italian MultiPICo. Furthermore, RL
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enables LLMs to better capture the nuances of hu-
man disagreement in these cross-lingual subjective
contexts, regardless of whether demonstration ex-
amples are provided (F'.S) or not (0.5). A two-tailed
paired t-test on JSD scores for the best model and
configuration of each dataset shows statistical sig-
nificance (p < 0.05).

5.2 Few-shot (F'S): Impact of the
Demonstration Examples

Demonstration Selection BM25-based similar-
ity selection (e) achieves the best performance on
two English datasets, entropy-based selection (A
) on the third, and two-stage ranking (®) on the
non-English datasets, achieving lower JSD and CE
(left plot, Figure 6).

Specifically, using BM25 (o), MD-Agr. achieves
JSD = 0.18 and CE = 0.25, while ConvAbuse
reaches JSD = 0.15 and CE = 0.31. In contrast,
entropy-based selection (A ) performs best for HS-
Brexit, with JSD = 0.18 and CE = 0.39. For the
non-English datasets, two-stage ranking (#) attains
the highest performance: ArMIS achieves JSD =
0.13 and CE = 0.73, and MultiPICo achieves JSD
=0.13 and CE = 1.07. The results indicate that the
effectiveness of demonstration selection varies be-
tween English and non-English datasets, as shown
in the left plot of Figure 6 under random ordering.

Demonstration Ordering Across all datasets,
random ordering (— ) consistently outperforms
CL ordering (- - .), achieving lower JSD and CE
when comparing each dataset’s best demonstration
selection strategy (right plot, Figure 6).

5.3 Comparison with State-of-the-Art Models

Our best models achieve competitive or superior
performance compared with LeWiDi, GPT-3.5, and
MultiPICo baselines, attaining low CE and strong
micro and macro F1 scores (Table 2), effectively
capturing human disagreement across languages
and tasks.

Our results are comparable to those from the
LeWiDi competition (Leonardelli et al., 2023),
which employs fine-tuned BERT-based mod-
els, and to Pavlovic and Poesio (2024), the
study most closely aligned with ours, which ap-
plies GPT-3.5_disaggr_soft 0S to model human
label disagreement. Both the baseline and the
best LeWiDi_BS_aggr models predict aggre-
gated labels, with the latter employing an ensemble
trained on multiple annotators’ labels. As shown in
Table 2, for a fair comparison, the best aggr mod-
els (in 0S or F'S) are evaluated against the fine-
tuned LeWiDi_BS_aggr models, while the best
disaggr_soft models in 0S are compared with
GPT-3.5_disaggr_soft_0S . We report CE along-
side micro F1, which measures overall performance
but may overlook class imbalance.

We compare the best models, selected by low-
est CE, separately for each dataset. In com-
parison with LeWiDi_BS_aggr models, our
best model achieves the lowest CE on MD-
Agr. (0.25), ranks second for ConvAbuse, HS-
Brexit (CE 0.31 and 0.35), and ArMIS (1.03).
Against GPT-3.5_disaggr_soft_0S', our best mod-
els achieve the lowest CE across all four datasets,
including HS-Brexit (0.52), MD-Agr (0.32),
ConvAbuse (0.39), and ArMIS (0.73). In terms
of micro F1, compared with LeWiDi_BS_aggr ,
our best models consistently rank second across
all four datasets: HS-Brexit (89.29), MD-Agr
(75.23), ConvAbuse (84.18), and ArMIS (44.14).
In contrast to GPT-3.5_disaggr_soft_0S', our best
model outperforms GPT on all datasets except
ConvAbuse, achieving micro F1 scores of HS-
Brexit (70.24), MD-Agr (74.81), and ArMIS
(51.27). Notably, our best model strongly outper-
forms GPT on ArMIS and MD-Agr while achiev-
ing a slight improvement on HS-Brexit.

In addition to the four datasets, for MultiPICo,
we compare our best model with the top model
reported in the original paper using macro F1 (Ca-
sola et al., 2024). The top MultiP model is

_ for aggregated labels (53.30),
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Dataset Approach micro F1(1) CE()

LeWiDi_BS_aggr (Baseline) 84.20 2.72
LeWiDi_BS_aggr (Best) 92.90 0.24
HS-Brexit Our_MultiP_aggr_0S (Best) 89.29 0.35
GPT-3.5_disaggr_soft_0.5' 69.60 5.04
Our_MultiP_disaggr_soft_0S (Best) 70.24 0.52
LeWiDi_BS_aggr (Baseline) 53.40 7.39
LeWiDi_BS_aggr (Best) 84.60 0.47
MD-Agr Our_MultiP_aggr_FS_RL (Best) 75.23 0.25
GPT-3.5_disaggr_soft_0S 52.00 3.83
Our_MultiP_disaggr_soft_0S (Best) 74.81 0.32
LeWiDi_BS_aggr (Baseline) 74.10 3.48
LeWiDi_BS_aggr (Best) 94.20 0.19
ConvAbuse Our_MultiP_aggr_F'S_RL (Best) 84.18 0.31
GPT-3.5_disaggr_soft_0S 90.20 375
Our_MultiP_disaggr_soft_F'S_RL (Best) 77.21 0.39
LeWiDi_BS_aggr (Baseline) 41.70 8.90
LeWiDi_BS_aggr (Best) 83.20 0.46
AIMIS Our_MultiP_aggr_0S_RL (Best) 44.14 1.03
GPT-3.5_disaggr_soft_05 25.60 6.67
Our_MultiP_disaggr_soft_F'S_RL (Best) 51.27 0.73

Table 2: Best-performing 0.5 and F'S models across
BS and MultiP configurations, evaluated in both
aggr and disaggr label spaces, with/without R L, and
compared against state-of-the-art. The best aggr
models (in 0S or F'S) are compared against the fine-
tuned baseline and the best LeWiDi_B.S_aggr models,
while the best disaggr_soft_0S models are compared
with GPT-3.5_disaggr_soft_0S . The best scores are
shown in bold, and the second-best are underlined.

followed by PolyLM (Polyglot LLM)!! (40.50).
Under the zero-shot setting, the best model us-
ing the baseline approach, _
achieves a score of 53.00, ranking second with
a small margin relative to the top-performing refer-
ence model. This result is excluded from Table 2,
as MultiPICo (Casola et al., 2024) reports macro
FI.

6 Feature Attribution for Explaining
Model Predictions

Inspired by Zhou et al. (2024), we use the feature
attribution method to provide insights into model
decision-making process. Particularly, we probe
model faithfulness at the instance level by prompt-
ing the model to generate explicit class labels in
both the aggr (yes/no) and disaggr (probability
score) formats. For attribution, we employ Inte-
grated Gradients (IG) (Sundararajan et al., 2017),
a post-hoc attribution method that quantifies the
contribution of each input feature by integrating
gradients from a baseline input using the Captum
library!?2.

To ensure explanations are faithful to the model’s
reasoning, we first require that the predicted label
from the black-box LLM matches the label ob-
tained via IG attribution for each instance; when
this alignment holds, the highlighted tokens reflect

Uhttps://huggingface.co/DAMO-NLP-MT/
polylm-chat-13b)
Zhttps://captum.ai

the input features that contributed to the model’s
decision. We further evaluate faithfulness by ex-
amining whether higher-attribution tokens have
a proportionally greater impact on the black-box
LLM’s output. Specifically, we mask the top-3
1G-identified tokens, empirically selected based on
attribution scores, and measure the resulting predic-
tion shifts: for aggr, we check for label flips, while
for disaggr, we compute the JSD between pre- and
post-masking probability distributions, applying a
threshold'? to identify significant deviations (see
Appendix C) .

HS-Brexit (English) vs. MultiPICo (Italian)
We assess model faithfulness by measuring the pro-
portion of instances in which the model’s predic-
tion changes after masking the highest-attribution
tokens, reflecting its ability to capture human dis-
agreement in subjective NLP tasks. For this pre-
liminary analysis, we select the five instances with
the lowest JSD scores per approach, prioritizing
cases where the predicted distribution is closest to
the gold distribution. The selected approaches are
BS and MultiP (aggr) for HS-Brexit, and B.S
and Multi P (disaggr) for MultiPICo. Our exper-
iments indicate that aggr performs better for En-
glish datasets, whereas disaggr is more effective
for non-English ones (Section 5.1). An example
of selected instances is available in Appendix C.
For HS-Brexit, both approaches select examples
with comparable class distributions (2 hateful and
3 not hateful), whereas for MultiPICo, the selected
class distributions differ, with the baseline yielding
1 irony and 4 not irony examples and the MultiP
approach yielding 2 irony and 3 not irony examples.
As the black-box LLM, we use the best models for

each dataset: _ for hate-speech

(HS-Brexit) and Llama3-8b-it for Italian irony de-
tection (MultiPICo) in 0.5 settings.

In HS-Brexit, Multi P exhibits higher faithful-
ness (0.80) than BS (0.40), while in MultiPICo,
both approaches perform comparably (0.60). This
divergence reflects differing subjectivity profiles of
the datasets: HS-Brexit’s polarized, lexically ex-
plicit cues are readily isolated by attribution-based
methods, amplifying masking effects, whereas Mul-
tiPICo relies on implicit, context-dependent cues,
limiting token-level salience and producing negli-
gible differences between BS and MultiP.

13Set to 0.2, determined from preliminary analysis.
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7 Discussion

Our results show that ICL with open LLMs can
achieve performance comparable to, and often su-
perior, that of fine-tuned and proprietary LLMs,
supporting sustainability and reproducibility. By
introducing a rigorous yet extensible framework
multi-perspective ICL across diverse multilin-
gual benchmarks, while assessing model faith-
fulness with XAl, we provide novel insights into
how LLMs interpret human disagreement, an
underexplored aspect of perspectivism research.
In detail, we observe systematic differences be-
tween aggregated and disaggregated labels predic-
tion across languages. Overall, we mainly link
model behaviour to prompt language and design,
label representation and task level of subjectivity.

Prompt language strongly affects model perfor-
mance. Prior work shows that English instruc-
tions can outperform target-language prompts
even on non-English tasks (Enomoto et al., 2025).
Accordingly, models such as Deepseek and Olmo,
mainly optimized for English (and Chinese for
Deepseek) (Liu et al., 2024a; Groeneveld et al.,
2024), perform better on English datasets but
face challenges on Arabic and Italian benchmarks,
where linguistic and cultural differences are more
pronounced.

Label space & Task Subjectivity As shown in
Table 1, MD-Agr (42%), ArMIS (65%), and Multi-
PICo (64%) exhibit lower full agreement rates than
HS-Brexit (69%) and ConvAbuse (86%), indicat-
ing greater annotator disagreement and a higher
degree of subjectivity in these datasets. In con-
trast, higher agreement observed in the English
datasets (HS-Brexit and ConvAbuse) suggests that
aggregated labels meaningfully capture anno-
tator consensus, consistent with our finding
that aggregated representations yield stronger
model-human alignment in English settings.
Lower agreement in ArMIS and MultiPICo reflects
greater subjectivity and cultural variability, where
disaggregated soft labels better capture diverse
perspectives and improve model alignment with
nuanced judgments. Interestingly, despite its low
full agreement rate (42%), MD-Agr—the English
dataset with the lowest agreement—still exhibits
stronger alignment with human judgments when
using aggregated labels compared to disaggregated
soft predictions. This indicates that, even under
substantial subjectivity and disagreement in offen-

sive language detection, majority-vote aggregation
can still capture stable linguistic cues or shared intu-
itions that guide both human and model reasoning.
Consequently, although low inter-annotator agree-
ment often motivates the use of disaggregated or
soft labels, the MD-Agr case illustrates that dataset-
specific factors—such as language, task framing,
data distribution, or annotation protocol (Pyatkin
et al., 2023)—can render label aggregation more
effective. These findings underscore the need for
Seeing All Sides through dataset-sensitive analyses
in multi-perspective ICL, rather than relying on a
one-size-fits-all approach.

8 Conclusion & Future Work

We present an adaptable evaluation framework that
yields novel insights into LLM alignment. Our
results show that multi-perspective ICL improves
alignment with diverse human judgments in so-
cially sensitive tasks, including hate speech and
sexism detection. Across five datasets, three lan-
guages, and three label-space representations, our
approach enhances performance on aggregated En-
glish labels and more accurately captures human
disagreement in Arabic and Italian through dis-
aggregated soft predictions. Instance-level XAI
analysis reveals how LLMs rely on specific tokens
when handling human disagreement, highlighting
the importance of perspective-aware prompting for
building faithful and culturally sensitive models.

While our framework provides insights, it cannot
verify whether annotators’ perspectives reflect the
populations in benchmark datasets, highlighting the
need for annotation frameworks that capture pop-
ulation diversity. Although prior work shows that
incorporating annotator demographics can improve
robustness, we argue that value profiling via per-
spectives is more important and also offers privacy-
preserving benefits. Future studies could examine
how attention patterns or latent representations cor-
relate with specific human perspectives, enabling
more principled alignment interventions.

Limitations

This study has several limitations. Our analysis is
constrained by limited resources, as perspectivism
remains an emerging paradigm. Consequently, we
rely on the LeWiDi competition datasets and the
Italian MultiPICo, which currently serve as the
main benchmarks in perspectivist NLP. Our focus
on subjective tasks—hate speech, offensive lan-
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guage, abusive language, sexism, and irony detec-
tion—reflects dataset availability; however, their
binary classification setup limits generalization to
more complex, multi-class scenarios. This study
relies on benchmark datasets and does not assess
whether annotators’ perspectives capture the diver-
sity of modeled populations. Future annotation
frameworks for subjective NLP tasks should better
reflect population diversity.

Previous research (Ding et al., 2022) argues that
annotators’ demographics should be considered
and recorded during annotation to support more ro-
bust model training. In contrast, we argue that
capturing annotators’ perspectives (Deng et al.,
2023) through value profiling (Peter and Devlin,
2025)—rather than their identities—is crucial for
building more inclusive, perspective-aware, and
better-performing models. Beyond this, we leave
the exploration of permutation invariance in prompt
construction with disaggregated hard labels for fu-
ture work, since it was not feasible within our cur-
rent computational and time constraints.

Additionally, the current study provides only
instance-level insights into modeling human dis-
agreement via model faithfulness. A systematic in-
vestigation using diverse XAl approaches is needed
to better understand model reasoning and its cor-
relation with specific human perspectives. Future
work will extend the presented adaptable frame-
work to a broader range of model architectures and
access modalities, including both open-source and
proprietary LLMs such as Claude 3.5'* and Gemini
Pro'>.

Ethics Statement

This research examines how LLMs capture diverse
human perspectives in subjective tasks, such as
hate speech and sexism detection. We treat human
disagreement as a meaningful reflection of value
pluralism, designing experiments to respect this
diversity rather than suppress it. All datasets used
are publicly available or anonymized, complying
with privacy standards and data protection regula-
tions. Experiments follow ACL’s ethical guidelines,
with care taken to avoid harm, bias, or unfair rep-
resentation. The multi-perspective ICL evaluation
framework supports pluralistic modeling and re-
duces polarization, while instance-level insights

14https ://www.anthropic.com/news/
claude-3-5-sonnet

Bhttps://deepmind. google/models/gemini/pro/

increase transparency and interpretability. No per-
sonal data was collected or released. We encour-
age community discussion on ethical annotation,
demographic diversity, and perspective-aware, re-
sponsible NLP model deployment. All research
protocols align with ACL standards for privacy,
fairness, transparency, and responsible use. We re-
main committed to ongoing assessment of ethical
risks and limitations associated with this work.

Impact Statement

Our research addresses the risk of societal bi-
ases being embedded in NLP systems. By fo-
cusing on LLMs and employing multi-perspective
prompting, we aim to promote inclusivity and di-
versity in model behavior. This study highlights the
challenges of applying LLMs to subjective tasks,
demonstrating the need for perspective-aware ap-
proaches. We encourage the NLP community to
develop models that are more inclusive, socially
responsible, and capable of understanding diverse
human viewpoints, ultimately fostering more effec-
tive and equitable human—machine interaction.
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Appendix
A Zero-shot (05) and Few-shot (F'S) Results

This section provides an extended view of Figures
5 and 6 to improve readability. Figure 7a presents
the impact of label space choices in zero-shot (0.5)
prompting, while Figure 7b displays the effects of
demonstration selection and ordering across tasks
and languages.

B State-of-the-art Results

This section presents Table 3, comparing our best
zero-shot (05) and few-shot (F'S) models against
state-of-the-art approaches from the LeWiDi com-
petition, as summarized in Section 5.3.

C Feature Attribution Results

This section outlines the procedure used to assess
the faithfulness of the XAI method (Integrated
Gradients, IG) explanations with respect to LLM
predictions (Section 6). We present two repre-
sentative examples from the English HS-Brexit
dataset, focusing on cases in which DeepSeek-7b-
chat achieves its strongest performance. Specifi-
cally, we compare outputs from the baseline (BS)
and multi-perspective (MP) models using aggre-
gated labels. As discussed in Section 6, the MP
model exhibits substantially higher faithfulness
than the baseline.

Faithfulness Evaluation Procedure is con-

ducted in two steps:

1. Label agreement check (Step 1) : We first
verify whether the LLM and the XAI method
assign the same label to a given instance.

2. Token masking check (Step 2): We then
examine whether the LLM’s predicted la-
bel changes when the highlighted tokens are
masked.

Example 1: Baseline Approach

Instance: “A mugzzie in uk rap a girl thinking
brexit would be defeated this be your country eng-
land fix it deporthalal”.

* Majority label (assigned): hate-speech
* DeepSeek label (assigned): hate-speech
* XAl model label (assigned): hate-speech

Step 1: Label agreement between the LLM and the
XAI method (hate speech): yes.
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Step 2: Label change after masking (remains hate
speech): no.

Conclusion: Since masking the highlighted tokens
does not alter the LLM’s prediction, the explana-
tion is classified as not faithful.

Example 2: Multi-Perspective Approach
Instance: “Voted leave i do not erect a border fence
i do not deport a migrant and i even manage to
avoid threaten an mp”.

* Majority label (assigned): not hate-speech
* DeepSeek label (assigned): not hate-speech
* XAI model label (assigned): not hate-speech

Step 1: Label agreement between the LLM and the
XAI method (hate speech): yes.

Step 2: Label change after masking (changes to
hate speech): yes.

Conclusion: Because masking the highlighted to-
kens leads to a change in the LLM’s prediction, the
explanation is classified as faithful.
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Dataset Approach micro F1(1) CE()

LeWiDi_BS_aggr (Baseline) 84.20 2.72
LeWiDi_BS_aggr (Best) 92.90 0.24

. Our_MultiP_aggr_0S (Best) 89.29 0.35
HS-Brexit -~ Gp1i3 5_disagar._soft_0S 69.60 5.04
Our_MultiP_disaggr_soft_0S (Best) 70.24 0.52
LeWiDi_BS_aggr (Baseline) 53.40 7.39
LeWiDi_BS_aggr (Best) 84.60 0.47

MD-Agr Our_MultiP_aggr_F'S_RL (Best) 75.23 0.25
GPT-3.5_disaggr_soft_0S 52.00 3.83

Our_Multi P_disaggr_soft_0S (Best) 74.81 0.32
LeWiDi_BS_aggr (Baseline) 74.10 3.48
LeWiDi_BS_aggr (Best) 94.20 0.19

ConvAbuse Our_MultiP_aggr_F'S_RL (Best) 84.18 0.31
GPT-3.5_disaggr_soft_0S 90.20 3.75

Our_Multi P_disaggr_soft_F'S_RL (Best) 77.21 0.39
LeWiDi_BS_aggr (Baseline) 41.70 8.90
LeWiDi_BS_aggr (Best) 83.20 0.46

AMIS Our_MultiP_aggr_0S_RL (Best) 44.14 1.03
GPT-3.5_disaggr_soft 0S 25.60 6.67

Our_Multi P_disaggr_soft_F'S_RL (Best) 51.27 0.73

Table 3: Best-performing 05 and F'S models across BS and Multi P configurations, evaluated in both aggr
and disaggr label spaces, with/without R, and compared against state-of-the-art. The best aggr models (in
0S or F'S) are compared against the fine-tuned baseline and the best LeWiDi_BS_aggr models, while our best

disaggr_soft_0S models are compared with GPT-3.5_disaggr_soft_0.S . The best scores are shown in bold, and
the second-best are underlined.
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