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Abstract

Online sexism increasingly appears in subtle,
context-dependent forms that evade traditional
detection methods. Its interpretation often de-
pends on overlapping linguistic, psychologi-
cal, legal, and cultural dimensions, which pro-
duce noisy and sometimes contradictory sig-
nals in annotated datasets. These inconsisten-
cies, combined with label scarcity and class
imbalance, result in unstable decision bound-
aries and cause fine-tuned models to overlook
subtler, underrepresented forms of harm. To
address these challenges, we propose a two-
stage framework that unifies (i) targeted train-
ing procedures to better regularize supervision
to scarce and noisy data with (ii) selective,
reasoning-based inference to handle ambigu-
ous or borderline cases. First, we stabilize the
training combining class-balanced focal loss,
class-aware batching, and post-hoc threshold
calibration, strategies for the first time adapted
for this domain to mitigate label imbalance and
noisy supervision. Second, we bridge the gap
between efficiency and reasoning with a a dy-
namic routing mechanism that distinguishes
between unambiguous instances and complex
cases requiring a deliberative process. This
reasoning process results in the novel Collab-
orative Expert Judgment (CEJ) module which
prompts multiple personas and consolidates
their reasoning through a judge model. Our ap-
proach outperforms existing approaches across
several public benchmarks, with F1 gains of
+4.48% and +1.30% on EDOS Tasks A and
B, respectively, and a +2.79% improvement in
ICM on EXIST 2025 Task 1.1.

1 Introduction

Sexist content on social media is increasingly per-
vasive, often appearing in subtle, sarcastic, or

'Warning: This paper includes examples that may contain
explicit, offensive, or harmful language.

2Code is available at: https://github.com/
anonymous-project-2025/SexismDebate.
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Figure 1: Overview of the proposed framework.

context-dependent forms that evade traditional clas-
sification methods. From seemingly innocuous
stereotypes to overt hate speech, such content con-
tributes to the emotional and psychological harm
that disproportionally affects women (Abercrombie
et al., 2023).

These diverse forms of sexism are shaped by
distinct yet overlapping factors: linguistic, psycho-
logical, legal, and cultural, among others. As a
result, both human annotators and automated sys-
tems must contend with mixed and sometimes con-
tradictory signals: a message may appear harmless
to a general audience, yet be perceived as harmful
by a legal expert, a psychologist, or someone with
lived experience of gender-based discrimination
(Mostafazadeh Davani et al., 2022).

This multidimensionality creates several chal-
lenges for annotation and automatic detection.
Even the largest and most reliable datasets (Kirk
et al., 2023; Plaza et al., 2025) are typically small,
highly imbalanced, and marked by substantial an-
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notator disagreement not only due to ambiguity in
individual examples, but also because different an-
notators may implicitly prioritize different criteria
(e.g., linguistic form, psychological impact, cul-
tural normativity, or legal definitions) (Khan et al.,
2025a). These mixed signals can overshadow the
representation of less explicit but equally damag-
ing forms of sexism, introducing noise and insta-
bility into both the data and the models (Tanno
et al., 2019; Jiang et al., 2024). At the same time,
large language models (LLMs) are pretrained on
vast, heterogeneous data sources, absorbing social
norms, stereotypes, which are inconsistently rep-
resented, and at times in contradiction with hu-
man feedback. As a result, fine-tuning these large
models on small, noisy sexism datasets is often
insufficient to resolve these conflicts, and may in-
advertently reinforce dominant or explicit patterns
while neglecting subtler cases (Khan et al., 2025a).
These limitations underscore the need for models
that explicitly account for the combined effect of
underrepresentation, noise, and conceptual ambi-
guity in both data and predictions.

To address these challenges, we introduce a two-
stage framework that combines (i) targeted training
procedures to adapt supervision to scarce and noisy
data, with (ii) selective, reasoning-based inference
to handle ambiguous cases. This joint design en-
ables the specialized model to make efficient deci-
sions when possible, while engaging with finer con-
textual reasoning when necessary. During (i) train-
ing, we mitigate long-tailed label distributions and
inconsistent annotation through three well-known
training strategies. These have never been adapted
into an integrated framework for such tasks: the
class-balanced focal loss (CB-Focal) (Cui et al.,
2019), which amplifies the contribution of minority
and difficult examples, and the class-aware batch-
ing, which ensures uniform exposure to underrep-
resented classes during optimization. We further
employ post-hoc threshold calibration to stabilize
the decision boundaries of the specialist classifier
and improve robustness under noisy supervision.
At (ii) inference time, we deploy confidence-aware
dynamic routing, which filters the model predic-
tions by difficulty: high-confidence samples are
directly classified, while uncertain cases are esca-
lated to a Collaborative Expert Judgment (CEJ)
module. The CEJ module implements a structured
reasoning pipeline composed of multiple personas,
such as a linguist, a gender expert, a psychologist,
and an everyday speaker, each prompted to analyze
the same input from distinct perspectives. Their

deliberations are subsequently synthesized by a
judge model, which integrates these perspectives
into a final, interpretable decision (Figure 1). The
aim is not to faithfully replicate human interaction,
but rather to approximate its structure to activate
the reasoning and knowledge that instruction-tuned
LLMs already encode, yet rarely employ in single-
step classification, as evidenced by the limited pre-
dictive power of zero-shot baselines (Kirk et al.,
2023; Plaza et al., 2025; Khan et al., 2025a).

Our experimental evaluation on both the EDOS
and EXIST 2025 datasets demonstrates that our
methods outperform existing state-of-the-art ap-
proaches across almost all tasks. On EXIST 2025
(Task 1.1), the combination of targeted training
procedures and confidence-aware routing yields
an increase of over 5 F1 points, while also setting
new benchmarks on ICM and ICM-Norm metrics.
For EDOS, we observe significant improvements
in both binary (Task A) and multi-class (Task B)
classification: selective escalation with the CEJ
module boosts macro F1 by 3.9 points on Task A
and 1 point on Task B. Notably, our approach sur-
passes previous baselines without employing any
ensemble or data augmentation methods.

Our contributions can be summarized as follows:

* A unified framework with selective reasoning
capability: We introduce a unified framework
for sexism detection that combines the un-
matched efficiency of neural classifiers and
targeted training procedures, such as class-
balanced focal loss, class-aware batching,
and post-hoc threshold calibration, with a
reasoning-based inference mechanism that is
selectively applied to challenging cases.

* Collaborative Expert Judgment: We intro-
duce a novel module, Collaborative Expert
Judgment (CEJ), that leverages multi-persona
prompting to resolve ambiguous or borderline
cases, enabling the activation of reasoning en-
coded in instruction-tuned LLMs.

* Comprehensive experimental assessment: We
provide a comprehensive analysis of where
multi-persona reasoning delivers the greatest
benefit, particularly in handling ambiguous
and minority cases, and discuss the limitations
under severe class imbalance. We demonstrate
that integrating these components achieves
state-of-the-art results on almost all tasks of
both the EXIST 2025 and EDOS datasets.
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2 Related Work

Our work is aligned with at least two research line
on sexism detection and persona-based analyses.

Sexism Classification. Annotator disagreement,
often shaped by cultural perspectives, compli-
cates sexism detection (Mostafazadeh Davani et al.,
2022). Initiatives like the EXIST 2024 shared task
encouraged methods robust to inconsistent annota-
tions (Khan et al., 2024). Successful approaches
leveraged transformer-based models such as Dis-
tilBERT (Sanh et al., 2019), DeBERTa (He et al.,
2020), RoBERTa (Liu et al., 2019), and hybrid en-
sembles that utilized data augmentation and multi-
task learning. When it comes to LLMs, previous
studies have employed adversarial evaluations and
data augmentation to enhance detection accuracy.
For example, Samory et al. (2021) highlighted
standard model vulnerabilities through psychologi-
cally grounded adversarial datasets, emphasizing
the need for psychologically informed robustness.
Similarly, Khan et al. (2025a) addressed annota-
tor disagreements through definition-driven data
augmentation and ensemble methods, improving
data-level robustness.

Beyond explicit abuse, a growing challenge lies
in detecting nuanced or implicit forms of hate. The
work by Zeng et al. (2025) shows that LLMs of-
ten fail to recognize metaphorical expressions of
hate speech, highlighting substantial gaps in cur-
rent moderation capabilities. Their findings em-
phasize that even state-of-the-art models struggle
when hateful intent is obscured through indirect lan-
guage, a phenomenon that is particularly relevant
for sexist discourse. Building on this, Fasching and
Lelkes (2025) demonstrate that hate speech detec-
tion outcomes vary significantly across LLM-based
systems, underscoring how moderation decisions
remain model-dependent and inconsistent. Our
work directly responds to these challenges by inte-
grating confidence-aware routing and multi-expert
arbitration, ensuring that inconsistent or ambiguous
cases are addressed through structured reasoning
and synthesis.

Persona-based Approaches. More recent work
integrates multi-agent architectures, expert simu-
lations, and human-in-the-loop reasoning to im-
prove transparency and social norm alignment (Per-
gola et al., 2019; Lyu and Pergola, 2024; Tan et al.,
2025a,c,b). While expert persona-driven prompt-
ing strategies, such as those in Xu et al. (2023) and
Long et al. (2024), have advanced interpretability,
our method surpasses static personas by introduc-

ing dynamic, structured, and confidence-aware in-
teractions among multiple expert roles. Moreover,
our framework integrates a dedicated judge model
to arbitrate conflicts, providing nuanced decisions
beyond simple voting mechanisms.

Emerging research demonstrated the effective-
ness of multi-expert deliberation in LLM-based
decision-making. Lu et al. (2024) introduce a multi-
agent framework for clinical triage where LLM
agents assume distinct roles, engage in multi-round
discussions with self-confidence scoring, and itera-
tively revise their assessments until reaching con-
sensus. Similarly, Long et al. (2024) simulate multi-
ple domain experts within a single LLM, aggregate
their responses, and select the best one. Both ap-
proaches show that structured discussion among di-
verse perspectives yields more reliable outputs than
single-viewpoint reasoning, as cross-perspective
validation mitigates individual biases and enables
principled conflict resolution before final judgment.
Our framework extends this paradigm to sexism
detection, where the inherently subjective nature of
the task makes perspectival diversity essential.

Another notable study that effectively leverages
expert agents is Expert-Token-Routing (Chai et al.,
2024), which adopts a router-based approach sim-
ilar to that of Jiang et al. (2023). In this method,
a router model is trained to direct each question
or instruction to a specialized expert, where the
expert LLM is responsible for generating the next
token. Their approach encodes expert LLMs as
special tokens within the vocabulary of the meta-
LLM, drawing inspiration from ToolkenGPT (Hao
et al., 2023).

Our progressive prompt refinement aligns with
iterative human-in-the-loop methods discussed in
Shah (2025), systematically enhancing logical co-
herence and prompting effectiveness. In addition,
we preserve the logical structure and enhance the
prompt formatting for effective model reasoning as
it is shown by Li et al. (2025)’s experiments.

3 Methodology

We introduce a two-stage framework for sexism
detection. The two stages are based on the core
premise that not all instances require complex rea-
soning. And while many can be better resolved by
the specialist model, forcing indiscriminately an
immediate decision on ambiguous cases leads to
errors. We therefore implement a selective classifi-
cation mechanism that acts as a gatekeeper between
the (i) specialised classifier and the (ii) reasoning
module. The specialized model is fine-tuned mov-
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Figure 2: CEJ framework, where a collaborative reasoning discussion among personas with refinement is generated

before the judge model makes a definitive decision.

ing beyond standard cross-entropy minimization
by integrating three regularization strategies de-
signed to stabilize learning on the unstable decision
boundaries caused by the severe class imbalance
and annotator disagreement. Then, we couple this
mechanism with a confidence-aware routing mech-
anism which selects low-confidence instances the
needs to be escalated to the Collaborative Expert
Judgment (CEJ) module, where multiple personas
are designed to reason, deliberate, and produce the
final decision (Figure 2).

3.1 Domain-Tuned Model

We first fine-tune a small instruction-tuned LLM as
a domain-specialized classifier. To handle severe
class imbalance, we integrate three complementary
strategies: the Class-Balanced Cross-Entropy (CB-
CE) (Cui et al., 2019), the Focal Loss (Cui et al.,
2019), and the Class-Aware Batch Sampling (CAB)
(Henning et al., 2023). With the CB-CE, rather than
weighing samples by raw frequency, which can be
misleading in long-tailed distributions, we calcu-
late the effective number of samples to capture the
diminishing marginal benefit of additional samples:

1-p

= m (1)

Wy

where $=0.999 and n, is the training count for
label 4. The loss function becomes:

Lcp-ce(x,y) = —wylogpe(y | x) (2)

This is combined with the Focal Loss objective,
which dynamically down-weights easy negatives

and focuses the gradient on hard examples, i.e.,
those that are misclassified or ambiguous:

[:CB-Focal(xyy) = Wy - (1 _pG(y ‘ x))’y
logpe(y | =)

where v=2.0 controls the down-weighting of high-
confidence examples.

We further ensure consistent exposure to under-
represented categories through CAB, decoupling
batch composition from the dataset’s natural distri-
bution, so that gradient updates are not dominated
by majority class signals. Finally, we apply post-
hoc threshold calibration via temperature scaling
(Guo et al., 2017), so that the model’s output prob-
abilities accurately align with its epistemic uncer-
tainty, preventing it from assigning high confidence
to ambiguous cases where it lacks evidence. For
binary classification, we apply temperature scaling
and tune a decision threshold on the development
set; for multi-class classification, we use CB-Focal
loss given the more severe imbalance.

3)

3.2 Confidence-Aware Routing

Following the initial classification, we employ a
routing mechanism to handle instances where the
specialised model exhibits high epistemic uncer-
tainty, i.e., ambiguous examples. To systematically
identify these uncertain predictions, we utilize a
selective classification rule (El-Yaniv et al., 2010).
For an input x, the model produces a predicted la-
bel g with the associated confidence score c4(x):

s = arg mgxm(yzk | ) “4)

cs(w) = mngPe(y:k | ) (5)
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If c5(x) > Teonf, We accept ys; otherwise, the input
is routed to the CEJ module.

In multi-class settings, reliance on raw confi-
dence scores alone is insufficient because a model
may often assign a relatively high probability to
the top class while remaining deeply conflicted
between two competing categories (e.g., Deroga-
tion vs. Animosity). We thus define the margin
between the two most probable labels as m(z) =
p(1)(7) —p(2)(z) where p(1)(z) and p(9)(z) denote
the largest and second-largest posterior probabili-
ties. An instance is then routed to CEJ if:

(Cs(m) < 7'conf) A (m(m) < 7'margin)l (6)

3.3 Collaborative Expert Judgment (CEJ)

By acting as a gatekeeper, the aforementioned rout-
ing mechanism identify the instances where statisti-
cal pattern matching fails, and ensures that only the
subset of difficult cases triggers the accurate but
computationally expensive Collaborative Expert
Judgment (CEJ) module. This reasoning module
is based on prior research on abusive and sexist
language which has widely highlighted the impor-
tance of combining expert knowledge with lived
experience (Sap et al., 2020; Mostafazadeh Davani
et al., 2022). We therefore structure CEJ as a multi-
perspective reasoning module based on a set of per-
sonas that act as distinct interpretive lenses. The
‘expert’ personas, such as linguists, psychologists,
gender studies scholars, and legal professionals are
chosen based on the literature showing that they
are the main critical perspectives on language use,
structural bias, emotional impact, and legal norms
(Lazar, 2005; Vidgen and Derczynski, 2019). Yet,
to still capture non-expert and experiential perspec-
tives, we incorporate a sexism victim persona, re-
flecting direct experience of harm, and a layperson
persona, capturing everyday interpretations often
responsible for annotator disagreement (Table A3).

It is worth noting that the aim of this multi-
persona prompting is not to simulate faithful and
exhaustive expert panels, but rather to elicit and
organize the knowledge already encoded within
LLMs. This combined approaches induces the CEJ
module to trigger and control the LLLMs’ domain
understanding that could otherwise remain latent
in single-step classification.

3.3.1 Structured Debate and Judge

The CEJ process comprises four sequential prompt-
based stages, designed to elicit, interrogate, and

'Both thresholds are tuned jointly on development data to
maximize macro-F1 while minimizing unnecessary escalation.

synthesize domain-relevant knowledge:

Initial Opinions. Each persona independently
analyzes the input, providing an initial classifica-
tion, justification, with a confidence score intended
(only) to inform the subsequent discussion. This
initial stage establishes diverse baseline perspec-
tives.

Structured Debate. Personas are subsequently ex-
posed to all initial opinions and begging a critical
evaluation of their peers’ reasoning. During this
deliberation, each persona must: (i) engage with at
least one other perspective, agreeing or disagreeing
while offering supporting rationale; (ii) revise their
own stance if confronted with compelling counter-
arguments; and (iii) reassess the input through the
interpretive lens of other personas, re-evaluating
both intent and target. This process results in a
revised classification, an updated justification, and
an adjusted confidence score for each persona.
Summarization. Then, a dedicated summarization
agent condenses the full debate into a concise syn-
thesis highlighting the main arguments, points of
consensus, and unresolved disagreements.

Final Judgment. Finally, the judge model synthe-
sizes all available evidence, i.e., the original input,
both initial and revised persona opinions, confi-
dence scores, and the debate summary, to produce
a final adjudication. Prompted to act impartially,
the judge delivers a final classification, comprehen-
sive justification, and a confidence score.

4 Experiments

We proceed describing the datasets, evaluation met-
rics, and results used to assess the proposed frame-
work.

4.1 Experimental Setup

Datasets. We evaluate our methods on two widely
used benchmarks for sexism detection: the EX-
IST 2025 Tweets dataset (Plaza et al., 2025) and
the EDOS dataset (Kirk et al., 2023). The EX-
IST dataset incorporates annually updated social
media posts, capturing emerging sexist language,
evolving slang, and annotator disagreements that
mirror ambiguities in human judgment. The EDOS
dataset offers a complementary perspective with
high quality fine-grained annotations at multiple
levels of granularity, organized across three hierar-
chical classification tasks (see Appendix A.1).

Evaluation Metrics. Aligned with the official
setup, we use the Evaluate ALL 2.0 tool (de Ed-
ucacién a Distancia , UNED) for scoring under
the EXIST 2025 Task 1.1 (Hard-Hard) configu-
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# Variant Model ICM ICM-Norm F1_YES F1
Zero-shot Baselines

1 GPT-5.2 0.3540 0.6779 0.7001  0.7307

2 QWEN2.5-72B-INSTRUCT 0.3765 0.6892 0.7112 0.7384

3 LLAMA-3.2-3B-INSTRUCT -0.2009 0.3990 0.4804 0.5522

4 LLAMA-3.3-70B-INSTRUCT 0.3002 0.6509 0.6868 0.7145

5 CoGITO-70B 0.3656 0.6837 0.7109 0.7348

6 COGITO-70B (reasoning) 0.3772 0.6896 0.7143 0.7384
EXIST 2025 Task 1.1 Leaderboard

7 BERT (Nowakowski et al., 2025) 0.5727 0.7878 0.7802 -

8 XLM-RoBERTa (Pan et al., 2025) 0.5799 0.7915 0.7824 -

9 Dual-Transformer Fusion Network (Khan et al., 2025b) 0.5806 0.7918 0.7837 -

10 DeepSeek-R1-Distill-Llama-8B (Villarreal-Haro et al., 2025b) 0.6127 0.8079 0.7945 -

11 Ensemble Approach (Alajmi and Pergola, 2025) 0.6249 0.8141 0.7991 -

12 XLM-RoBERTa (Villarreal-Haro et al., 2025a) 0.6297 0.8165 0.7996 -

13 LLaMA-3.1-8B-Instruct (Lin Tian and Rizoiu, 2025) 0.6774 0.8405 0.8167 -
Ours

14 C; LLAMA-3.2-3B-INSTRUCT-FT 0.5709 0.7913 0.7596 0.7934

15 Ce Cp + Task-Specific Optimizations 0.6595 0.8315 0.8089 0.8257

16 Cs Cy+Routing to CElg_,c 0.6831 0.8433 0.8191 0.8348

17 C4 Co+ Routing to CEJr_,¢ 0.6963 0.8500 0.8233 0.8389

Table 1: Results on the EXIST 2025 Task 1.1 test set with zero-shot baselines, leaderboard submissions, and our
approach. "FT" denotes the finetuned model, "Q" and "L" denote the models used for personas debate (QWEN2.5-
72B-INSTRUCT and LLAMA-3.3-70B, respectively), and "C" refers to the judge model COGITO-70B (reasoning

mode). Bold = best score, underline = runner-up.

ration. The evaluation metrics include: (i) Inter-
Consistency Measure (ICM) (Amigo and Delgado,
2022), which quantifies agreement between pre-
dicted and reference annotations by combining
intra-system consistency and penalizing overlap;
(i) ICM-Norm, a normalized version of ICM
scaled to [0, 1]; and the (iii) F1 score. As for the
EDOS dataset, we follow the public evaluation pro-
tocol, reporting results for the Macro-F1 score, the
unweighted mean of the F1-scores computed inde-
pendently for each class across task A, B, and C
(Appendix A.1).

Baselines. We evaluate our proposed framework
against both zero-shot and fine-tuned LLM base-
lines. It worth noting that we focus on state-of-
the-art approaches for sexism detection rather than
aiming at an exhaustive exploration of all avail-
able LLMs, which would be beyond the scope
of this work. As specialized models, we employ
LLAMA-3.2-3B, adapted via LoRA fine-tuning
(Hu et al., 2021) on both the EDOS and EXIST
training datasets. Full task-specific training infor-
mation is available in Appendix A.2. To evalu-
ate instruction-following and reasoning abilities
in a zero-shot setting, we test QWEN2.5-72B-
INSTRUCT (Qwen et al., 2025), LLAMA-3.3-
70B-INSTRUCT (Grattafiori et al., 2024), GPT-

5.2 (OpenAl, 2025), and CoGITO-70B (Cog-
ito, 2025) using consistent classification prompts
(Appendix A.3). Pre-trained checkpoints were
obtained from HuggingFace (Wolf et al., 2020).
All experiments were conducted locally through
LangChain (Chase, 2022) and Ollama (Team,
2023), on a system equipped with 3 Nvidia A100
GPUs.

4.2 Results

EXIST Dataset. Results for the binary classifi-
cation task 1.1 of EXIST 2025 are reported in
Table 1. The first group of models comprises
LLMs evaluated in a zero-shot setting. Among
these, COGITO-70B (reasoning mode) achieves
the highest F1_YES (0.7143), outperforming by lit-
tle QWEN2.5-72B-INSTRUCT (0.7112), standard
CoGITO-70B (0.7109), and GPT-5.2 (0.7043).
Overall, all zero-shot models with simple prompts
still underperform smaller yet specialised ap-
proaches, reflecting still the limitations of LLMs
prompted with simple requests. The second group
reports public leaderboard systems submitted to
EXIST 2025 Task 1.1. Here, LLaMA-3.1-8B-
Instruct (Lin Tian and Rizoiu, 2025) leads in both
ICM and F1_YES. Systems based BERT-variants
still shows competitive results compare to larger
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# Variant Model Task A Task B Task C
Zero-shot Baselines
1 GPT-5.2 0.7306 0.4543 0.3381
2 QWEN-2.5-72B-INSTRUCT 0.6190 0.4246 0.2576
3 LLAMA-3.2-3B-INSTRUCT 0.4889 0.2442 0.1248
4 LLAMA-3.3-70B-INSTRUCT 0.6421 0.4297 0.2775
5 CoGITO-70B 0.6106 0.4214 0.2683
6 COGITO-70B (reasoning) 0.6332 0.4325 0.2826
SemEval 2023 Task 10.A Leaderboard
7 DeBERTa-v3-large + twHIN-BERT-large (Zhou, 2023) 0.8746 - -
8 RoBERTa-Large + ELECTRA 0.8740 0.7203 0.5487
9 DeBERTa Ensemble 0.8740 - -
Data Augmentation and Ensemble Methods
10 SEFM (Zhong et al., 2023) 0.8538 0.6619 0.4641
11 QCon (Feely et al., 2023) 0.8400 0.6400 0.4700
12 HULAT (Segura-Bedmar, 2023) 0.8298 0.5877 0.4458
13 CSE (Khan et al., 2025a) 0.8819 0.7243 0.5639
14 DDA (Khan et al., 2025a) 0.8769 0.7277 0.6018
15 PalLM Ensemble - 0.7326 -
Ours
16 Ci1 LLAMA-3.2-3B-INSTRUCT-FT 0.7824 0.5941 0.3717
17 C2  Ci + Task-Specific Optimizations 0.8986 0.6279 0.4189
18 Cs C2+Routing to CEJq—c 0.9195 0.7324 0.5842
19 (4 Cz + Routing to CEJy, ¢ 0.9214 0.7421 0.5904

Table 2: Macro-F1 scores on the EDOS datasets with zero-shot baselines, leaderboard references, augmenta-
tion/ensemble methods, and our approach. "FT" denotes the finetuned model, "Q" and "L" denote the models used
for personas debate (QWEN2.5-72B-INSTRUCT and LLAMA-3.3-70B, respectively), and "C" refers to the judge
model COGITO-70B (reasoning mode). Bold = best score, underline = runner-up.

architectures with simple prompts.

The bottom of the Table 1 details the results
of our routing framework. The initial specialised
model, LLAMA-3.2-3B, achieves performance
on par with lower-ranking leaderboard models
(F1_YES: 0.7596). Applying simple but targeted
regularization, indicated by Cy (multi-dataset train-
ing, class-balanced loss, threshold calibration),
yields already substantial improvements: 0.8089
F1_YES and 0.8257 macro-F1, with outperform-
ing several leaderboard submissions. Further gains
are realized through the dynamic routing based
on confidence calibrations. Configuration C3 in-
tegrates QWEN2.5-72B-INSTRUCT for persona-
based debate, reaching 0.8191 F1_YES, while Cy4,
leveraging LLAMA-3.3-70B for personas and
CoGITO-70B as judge, achieves the highest scores
across all reported metrics. This configuration,
achievement state-of-the-art peformance on the
task, demonstrates the importance of controlling
different LLMs to leverage wider capabilities for
the task.

EDOS Dataset. For the EDOS dataset, we report
in Table 2 the Macro-F1 across the three classifica-
tion tasks of increasing granularity.

The first group reports the results of LLMs
evaluated in a zero-shot setting. Performance re-

mains limited across all tasks when using simple
prompts, with GPT-5.2 achiving the highest per-
formance across all tasks, followed by the open-
weight LLAMA-3.3-70B-INSTRUCT. COGITO-
70B in reasoning mode consistently outperforms
its standard variant. However, all zero-shot models
particularly struggle with fine-grained classifica-
tion (Task C). Among official leaderboard systems
from SemEval 2023 Task 10.A, ensemble methods
based on DeBERTa and RoBERTa architectures are
also in this case strong baselines. The next group re-
ports systems employing data augmentation, model
ensembling, or both. CSE (Khan et al., 2025a) and
DDA (Khan et al., 2025a) achieve notable gains:
CSE reaches 0.8819 on Task A and 0.5639 on Task
C, motivating the data expansion and leveraging
perspectives from multiple models.

Our approach in the base configuration, Cy, i.e.,
fine-tuned LLAMA-3.2-3B, achieves competi-
tive results for binary and multi-class tasks de-
spite its simplicity, but falls short on fine-grained
tasks. Introducing targeted training regularization
also here, Cs, yields again marked improvements,
outperforming the zero-shot baselines and most
of the specilised systems. Finally, confidence-
aware escalation to the CEJ module provides sub-
stantial gains. Configuration Cs, which employs
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Category n Ca | C3 Cs | Gain
Task B
1. Threats/Harm 89  .681 | .848 .857 | +17.6
2. Derogation 454 727 | 608 745 +1.9
3. Animosity 333 563 | .663 .519 | +10.1
4. Prejudiced Disc. 94 .541 | .811 .848 | +30.7
Task C
Cat. 1.1 16 217 | 300 .250 | +8.3
Cat. 1.2 73 626 | 771 767 | +14.5
Cat. 2.1 205 .568 | .670 .646 | +10.2
Cat. 2.2 192 537 | 571 561 | +3.4
Cat. 2.3 57 426 | 514 528 | +10.2
Cat. 3.1 182 700 | .739 728 | +3.9
Cat. 3.2 119 556 | .735 724 | +18.0
Cat. 3.3 18 231 | 973 973 | +74.2
Cat. 3.4 14 100 | 933 933 | +83.3
Cat. 4.1 21 408 | .069 .188 | —22.1
Cat. 4.2 73 238 | 152 .198 | —4.1

Table 3: Class-wise F1 on EDOS Tasks B and C. Cs,
Cs, and C4, are defined in Table 2. n is the number
of instances for each class. C3: domain-tuned model;
C3: CEJ routing (Qwen); C4: CEJ routing (LLaMA).
Gain: improvement from C; to best CEJ configuration
(percentage points).

QWEN2.5-72B-INSTRUCT for persona-based de-
bate, achieves 0.9195 on Task A and 0.7324 on
Task B, with the strongest results are obtained
by C4, where LLAMA-3.3-70B is used for the
persona debate and COGITO-70B as the judge.
Both configurations outperform all previous sys-
tems on binary and multi-class classification on
task A and B. On Task C, both routing variants
remain competitive, though they struggle compare
to the DDA data augmentation method. This gap
can be attributed to the cascading effect of base-
line limitations: despite employing task-specific
optimization techniques, (C) exhibits progressive
macro-F1 score degradation as class granularity in-
creases (0.8986 — 0.6279 — 0.4189 across Tasks
A, B, and C), indicating that these optimization
techniques only partially mitigate the challenge
of learning 11 fine-grained categories with severe
class imbalances. In contrast, DDA addresses data
scarcity directly by synthesizing training examples
that populate underrepresented categories, provid-
ing a stronger foundation that inference-level re-
finement alone cannot replicate.

Table 3 presents class-wise F1 scores for Tasks B
and C. CEJ shows an inverse relationship between
class frequency and effectiveness: rarer categories
benefit most, with gains of +30.7 (Prejudiced Dis-
cussions, n=94) and +17.6 (Threats/Harm, n=89)
in Task B. This pattern holds in Task C, where the
smallest classes 3.3 (n=18) and 3.4 (n=14) achieve
gains of +74.2 and +83.3 points. This suggests that

Task Total Specialist CEJ % Escalated
EXIST - Task 1.1~ 2,076 1,558 518 24.95%
EDOS - Task A 4,000 3,532 468 11.70%
EDOS - Task B 970 578 392 40.41%
EDOS - Task C 970 558 412 42.47%

Table 4: Routing distribution between the specialist and
the Collaborative Expert Judgment module (CEJ) across
tasks.

multi-perspective debate compensates for represen-
tation bias in underrepresented categories.

However, CEJ degrades performance for cate-
gories 4.1 (—22.1) and 4.2 (—4.1). These sub-
categories, 4.1 (Supporting mistreatment of indi-
vidual women) and 4.2 (Supporting systemic dis-
crimination), require subtle distinctions: 4.1 sepa-
rates victim-blaming from neutral risk statements,
while 4.2 separates endorsement of discrimina-
tion from good-faith debate about the progress of
women’s rights. The domain-tuned model learns
these annotation-specific boundaries directly from
training data. CEJ, however, introduces multiple
interpretive perspectives that may not align with
these boundaries, adding variance where the task
requires consistency with annotator conventions.

Figure 3 presents per-persona gains after the de-
bate phase. The legal studies persona shows the
largest improvement (+13.1% ICM, +4.1% F1),
as legal assessments inherently require synthesiz-
ing intent, context, and harm dimensions enriched
through cross-persona deliberation. Psychologist
(+8.7%) and gender studies expert (+7.9%) also
benefit substantially.

Table 4 reports how samples are distributed be-
tween the specialist and CEJ stages. Across all
tasks, the specialist handles the majority of exam-
ples directly, with escalation rates of 11.70% and
24.95% on binary detection (EDOS and EXIST
Task 1.1) and 40.41% and 42.47% on fine-grained
categorization (Tasks B and C). The gap between
the two binary tasks is worth noting: EXIST is
rebuilt each year with new samples, and its anno-
tation guidelines tend to include more ambiguous,
context-dependent cases where annotator disagree-
ment is higher, which naturally pushes more sam-
ples below the confidence threshold. The steeper
escalation on Tasks B and C is expected, as classi-
fying the specific type of sexism involves greater
category overlap and annotation subjectivity than
binary detection alone.

Ablation Study Table 5 presents the prompt abla-
tion results for the defined prompts (detailed defini-
tions and examples are presented in AppendixA.4).
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Figure 3: Performance gain after the debate phase.

Persona Pr P2 Ps  Ps  Ps

Normal Person 442 459 561 593 .598
Linguist 439 446 584 563 .586
Gender Studies Expert 433 443 577 576 .583
Legal Studies Expert 466 453 558 .566 .573
Sexism Victim 433 469 568 571 592
Psychologist 406 446 574 593 599

Table 5: Prompt ablation (ICM scores, LLAMA-3.3-
70B). P1: baseline few-shot with role identity. Ps: Py
+ specialized expert persona. P3: Py + formal sexism
definitions. P4: P3 + nuanced multilingual examples.
Ps: P4 + refined guidelines from error analysis.

The full prompt configuration (Ps5) consistently
outperforms ablated variants across all personas.
The largest degradations occur when removing sex-
ism definitions (P2) or persona-specific context
(P1), with the Psychologist exhibiting the great-
est sensitivity (+19.3% ICM gain from P; to Ps).
Notably, ICM and ICM-Norm improvements ex-
ceed F1 gains, indicating enhanced alignment with
human annotation distributions rather than mere
accuracy.

4.3 Qualitative Analysis

Figure 4 illustrates successful error correction via
confidence-based routing. Here, the specialist mis-
classifies the input as YES (sexist) with confidence
below threshold 7, triggering CEJ escalation. The
expert panel classifies it as NO, reasoning that the
text targets physical appearance rather than gen-
der, lacks patriarchal power dynamics, and occurs
in a casual context. The judge concurs, overrid-
ing the false positive. This case demonstrates how
routing captures borderline errors: low-confidence
predictions are delegated to multi-perspective delib-
eration, where richer contextual and intent analysis
corrects specialist mistakes. Further examples are
presented in Appendix A.6.

5 Conclusion

In this work we addressed some of the structural
issues in sexism detection, including data scarcity,
class imbalance, and annotation noise; factors that

ID: 400341
Tweet: @American_Barbie Exactly how | feel. I'm gonna be alone for sure, it's
Gold Label: NO

Specialist Prediction:

Value: YES
Confidence: <1

Debate Summary:

All experts maintained NO stance throughout, with slightly increased
confidence levels.

Consensus & Disagreements:

- Strong consensus (NO) across all personas

- Minor disagreement on unconscious biases in casual humor (Linguist
vs others)

Key Arguments:

Normal Person: Focuses on appearance rather than gender roles

- Legal Studies Expert: No legal threshold of discrimination met

- Sexism Victim: Lacks patriarchal power dynamics reinforcement

- Linguist: Potential unconscious stereotypes, but edge case

- Psychologist: Casual jokes normalize attitudes without direct harm
- Gender Studies Expert: Crass humor lacks systemic gender
inequality implications

Judge Prediction:

Value: NO

Justification: The tweet describes a dream scenario where the speaker
comments on Bill Gates' appearance using colloquial language. While the
language used could be seen as objectifying or disrespectful, the context of a
dream and the lack of direct reference to gender roles, stereotypes, or
discrimination based on sex suggest that the primary intent is not sexist. The
focus is on Bill Gates' appearance rather than his gender or any gender-related
issue.

Figure 4: Error correction via confidence-based routing.
The specialist’s false positive (confidence < 7) is over-
ridden by CEJ deliberation.

often undermine the reliability of standard fine-
tuning. We proposed a unified framework that aug-
ments targeted training with confidence-calibrated
routing and multi-persona deliberation. Through
a combination of robust loss functions, balanced
batching, and post-hoc calibration, our system im-
proves specialist reliability, while selectively es-
calating ambiguous cases to a structured, multi-
perspective judgment module, CEJ. The CEJ mod-
ule uses complementary analytical lenses (linguis-
tic, psychological, legal, and sociocultural) to rea-
son over the same input. Evaluations on EXIST
2025 and EDOS show that this approach not only
advances state-of-the-art performance, but also
proves especially effective on cases marked by am-
biguity or underrepresentation.

Limitations

While our frameworks demonstrate strong perfor-
mance and interpretability through expert-guided
multi-persona reasoning, several limitations remain.
Our approaches utilize prompt engineering and
LLM-generated content, which can reflect biases
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present in the models’ pretraining data. Addi-
tionally, the scalability of multi-agent interactions
poses a practical constraint: as the number of sim-
ulated personas increases, so does computational
cost, which may hinder applicability in real-time
or resource-limited settings.

Moreover, our system’s performance degrades
with highly granular classification schemes. The
domain-tuned baseline deteriorates with increas-
ing class granularity and severe class imbalances,
and this limitation propagates through the routing
pipeline. This suggests that reasoning-based re-
finement is better suited for binary or moderate-
granularity tasks, while extreme class fragmenta-
tion with heavy imbalances may require comple-
mentary data-level interventions such as the DDA
method. Importantly, these approaches are not mu-
tually exclusive; CEJ could potentially be com-
bined with data augmentation strategies to leverage
both enriched training distributions and structured
inference-time reasoning. We leave exploration of
such hybrid architectures to future work.
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A Appendix

A.1 Datasets Details and Task Structure

The EDOS dataset (SemEval-2023 Task 10) con-
sists of 14,000 training, 2,000 development, and
4,000 test examples for Subtask A (binary sexism
detection) including 970 sexist examples for Sub-
tasks B and C. It defines a three-level hierarchical
classification problem:

» Task A: Binary classification — distinguish-
ing between sexist and not sexist texts.

* Task B: Four-way categorization of sexist con-
tent, assigning each sexist instance to one of
the following categories:

1. Threats, plans to harm and incitement
2. Derogation

3. Animosity

4. Prejudiced discussions

» Task C: Fine-grained subcategorization,
where each sexist instance is further assigned
to one of the following subcategories:

1.1 Threats of harm

1.2 Incitement and encouragement of harm

2.1 Descriptive attacks

2.2 Aggressive and emotive attacks

2.3 Dehumanising attacks & overt sexual ob-
jectification

3.1 Casual use of gendered slurs, profanities,
and insults

3.2 Immutable gender differences and gen-
der stereotypes

3.3 Backhanded gendered compliments

3.4 Condescending explanations or unwel-
come advice

4.1 Supporting mistreatment of individual
women

4.2 Supporting systemic discrimination
against women as a group

For Tasks B and C, we train on filtered subsets
where label_sexist = “Sexist” from Task A pre-
dictions. Each task uses a separate specialist model
with task-specific label mappings.

In addition, we evaluate on the EXIST 2025
dataset, which focuses on sexism detection in a
cross-lingual, cross-platform setting. It contains
10,034 binary-labeled samples (YES or NO) in En-
glish and Spanish. The dataset includes 6,920 train-
ing samples (3,260 English, 3,660 Spanish), 1,038

development samples (489 English, 549 Spanish),
and 2,076 test samples (978 English, 1,098 Span-
ish). The task is structured as follows:

* Task 1.1 (EXIST): Binary classification of so-
cial media posts as Sexist vs. Not Sexist. This
task is analogous to EDOS Task A, but dif-
fers in scale, language diversity (English and
Spanish), and domain coverage (Twitter and
Gab), thereby presenting a more challenging
generalization setting.

A.2 Training Details

A.2.1 Shared Training Infrastructure Details
(Binary and Multi-Class)

We employ LLAMA-3.2-3B as our base model
with 4-bit quantization to enable efficient fine-
tuning on consumer hardware while maintaining
model quality. The quantization configuration is as
follows:

* Quantization type: NF4 (Normal Float 4-bit)
* Double quantization: Enabled

* Compute dtype: bfloatl6 (if supported) or
floatl6

LoRA adapters are applied to all attention
and feed-forward projection layers (q_proj,
k_proj, v_proj, o_proj, gate_proj, up_proj,
down_proj). Configuration varies by task (see Ta-
ble A1). This reduces trainable parameters to < 1%
of the full model while maintaining competitive
performance across all tasks.

A.2.2 Binary Classification Optimizations

Class-balanced cross-entropy (CB-CE) is em-
ployed to address class imbalance by re-weighting
loss contributions based on effective sample counts.
For each class y with n,, training examples, the
effective number accounts for information overlap:

1-— ﬁ”y
BNy =9"5>

Raw class weights are computed as wi™ = 1/EN,,.
These are normalized to unit mean:

C
e ®)
D D

To prevent destabilization from extreme weight
ratios, we apply clamping:

where 5 = 0.999 (7)

Wy = Clip(wzorm7 Wmin, wmax) 9
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with wpin = 0.25 and wpax = 4.0, followed by
re-normalization to unit mean. Hence the loss func-
tion is formulated as follows:

C
Lep.ca(r,y) = —wy Y _ ji log softmax(z(z)).
c=1
(10)

Temperature Scaling After training, we cali-
brate model confidence using temperature scaling
to improve probability estimates. We fit a single
temperature parameter 7' by minimizing negative
log-likelihood on the development set:

. Z. (.T)
T — § N ASds
arg min

($,y)€D(1eV

1D

+ logi exp <ZC¥C) )

Calibrated probabilities are then computed as:

ph(y | 2) = softmax(z(x)/T*),  (12)
Temperature scaling is particularly important for
binary classification as it corrects systematic over-
confidence or under-confidence in model predic-
tions without requiring retraining.

Decision Threshold Tuning Threshold ¢ is tuned
on calibrated probabilities to maximize develop-
ment set macro-F1:

A A

= arg max Flmacro (Yt)> yi= (Z)t (:I))) x€Dy
te[0,1] -

(13)

This approach balances precision and recall
across both classes, particularly important when
minority class performance is critical. In practice,
t* typically falls in the range [0.3, 0.6] depending
on class imbalance severity.

A.2.3 Multi-Class Classification
Optimizations

For multi-class settings with long-tailed distribu-
tions (Tasks B and C), we adopt Class-Balanced Fo-
cal Loss, which combines effective-number weight-
ing with focal loss modulation. The CB-Focal loss
for a sample (z,y) is:

cCB—Focal(xa y) = _wy(l - py),y log(py) (14)

where:

* wy, is the CB weight for class y (computed as
in the previous section)

* py is the predicted probability for the true
class

* 7 is the focusing parameter (typically v €
[1,3], we use v = 2)

The (1—p,)” term down-weights easy examples
(high p,) while amplifying hard or misclassified
ones (low py). This dual mechanism:

* Re-weights by class frequency (via w,)

» Re-weights by example difficulty (via (1 —
py)’y)

This loss is particularly effective for Tasks B and
C, where rare subcategories (e.g., backhanded com-
pliments, condescending explanations) are over-
whelmed by frequent classes (derogation). By com-
bining class re-weighting and hard-example min-
ing, CB-Focal improves macro-F1 by 3-5 points,
ensuring minority classes are not neglected while
reducing over-confidence on majority classes.

Class-Aware Batching. Standard uniform sam-
pling produces batches dominated by majority
classes (e.g., 12—-14 majority, 2—4 minority in-
stances), leading to inefficient learning on minor-
ity classes. Given per-device batch size B and C
classes, the quota per class is:
k=|B/C| (15)
For Task B with C = 4 classes and B = 16, we

sample k£ = 4 instances per class per batch. For
each training batch:

1. Partition training data into class-specific sub-
sets D1, ..., D¢

2. Foreachclass ¢ € {1,...,C}, randomly sam-
ple k instances from D, with replacement

3. Concatenate samples to form batch B of size
k-C<B

4. Shuffle combined batch to avoid positional
biases

This ensures minority classes contribute equally
despite smaller pool sizes. Without replacement
would exhaust small classes quickly, leading to
epoch-boundary effects.
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Hyperparameter Task 1.1/Task A Task B Task C

Learning rate 2x107™*  6x10752x107°
Batch size 16 16 16
Gradient accumulation 2 2 2
Training epochs 5 8 12
Warmup ratio 0.1 0.1 0.1
Weight decay 0.01 0.01 0.01
Max sequence length 512 512 512
Label smoothing (€) 0.05 0.05 0.05
CB-CE g8 0.999 0.999  0.999
CB-CE wmin 0.25 0.25 0.25
CB-CE wmax 4.0 4.0 4.0
Focal loss ~y — 2.0 2.0
LoRA rank (r) 32 96 96
LoRA alpha (@) 64 192 192
LoRA dropout 0.1 0.2 0.2

Table Al: Hyperparameter configuration across tasks.

A.2.4 Training Hyperparameters

Table A1 summarizes the hyperparameters selected
across tasks.

A.3 Zero-shot Baselines

For the zero-shot baselines, LLMs including
QWEN2.5-72B-INSTRUCT, LLAMA-3.3-70B-
INSTRUCT, and COGITO-70B were evaluated us-
ing task-specific simple prompts. Each model was
queried with a zero-shot classification instruction
tailored to the corresponding EDOS task as fol-
lows:

* EXIST Task 1.1/ EDOS Task A: “Classify

the following text as sexist or not sexist.”

Task B: “Classify the following text into one
of the sexism categories: 1) Threats, plans
to harm and incitement; 2) Derogation; 3)
Animosity, 4) Prejudiced discussions.”

Task C: “Classify the following text into one
of the sexism subcategories: 1.1) Threats of
harm; 1.2) Incitement and encouragement
of harm; 2.1) Descriptive attacks; 2.2) Ag-
gressive and emotive attacks; 2.3) Dehuman-
ising attacks & overt sexual objectification;
3.1) Casual use of gendered slurs, profani-
ties, and insults; 3.2) Immutable gender dif-
ferences and gender stereotypes; 3.3) Back-
handed gendered compliments; 3.4) Conde-
scending explanations or unwelcome advice;
4.1) Supporting mistreatment of individual
women; 4.2) Supporting systemic discrimina-
tion against women as a group.”

A.4 Personas Progressive Prompt Design

Our progressive prompt construction method in-
crementally integrates role-conditioning, reasoning
mechanisms, expert knowledge, and guideline re-
finements into our prompt design approach. Each
iteration aims at improving performance, inter-
pretability, and alignment with human annotator
behavior as listed below:

* P1: A basic prompt with few-shot examples
and role identity. This sets the task framing
and label expectations, testing the model’s
generalization capabilities.

* P>: Enhances reasoning by expanding the
role identity and background into a special-
ized expert persona. This stage encourages
more structured reasoning by clearly separat-
ing the task into sub-steps,

* P3: Integrates formal sexism definition
aligned with annotation guidelines.

* P4: Adds nuanced and multilingual examples
to strengthen generalization.

* Ps: Based on manual error analysis, the
prompt incorporates refined guidelines, in-
cluding considerations of the tweet author’s
intent and target audience, as well as the inclu-
sion of edge cases (e.g., profanity and slang)
to guide borderline decisions (examples pro-
vided in Table A2).

The selected personas are prompted with unique
descriptions as shown in Table A3. The six expert
personas used in our classification framework are
described, each representing a distinct interpretive
lens on sexism. These roles were carefully con-
structed to reflect diverse perspectives, including
legal, psychological, linguistic, and lived experi-
ence. To increase realism, demographic and edu-
cational attributes were heuristically aligned with
annotator metadata from the EXIST 2025 dataset,
mimicking the diversity and subjectivity found in
real-world human annotation.

A.4.1 Preliminary Investigation

Table A4 reports a preliminary investigation con-
ducted on relatively smaller-scale LLMs (7-8B pa-
rameters), namely MISTRAL-7B, DOLPHIN3-8B,
andCOGITO-7B. The table compares the baseline
prompt (“Classify the given text as sexist or not
sexist”) against our first enhanced persona-based
prompt, denoted as P;, evaluated on the EXIST
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# Example

P1 You are a psychologist. Classify the tweets as
sexist or not sexist. Here are some examples...

P2 + (45 y/o female, Argentina, Ph.D. Psychol-
ogy) Focus on language, cognitive biases, and
the psychological effects of sexism. (1) An-
alyze the text carefully; (2) Think before re-
sponding; (3) Classify the tweet as sexist (1)
or not sexist (0).

P3 + Sexism is gender-based prejudice, stereo-
typing, or discrimination, typically against
women. Label as sexist (1) if the tweet: (a) is
sexist itself, (b) describes a sexist situation, or
(c) criticizes sexist behavior.

P+ + "She got promoted because they needed
’more women in leadership.”" — Sexist (1).
"No tengo nada contra las mujeres, pero en
cargos altos siempre rinden menos." — Sexist
(1).

Ps + (1) Consider the author’s intent (insult, joke,
venting, shaming). (2) Profanity alone does
not indicate sexism — consider the context
carefully.

Table A2: Examples illustrating the structure and pro-
gression of each prompt stage.

2025 development set. In contrast to the baseline,
‘P1 incorporates few-shot examples and an explicit
role identity (e.g., psychologist, linguist, normal
person) to guide model reasoning.

Overall, the results confirm that even mod-
est prompt enhancements yield consistent im-
provements across metrics. For MISTRAL-7B
andCOGITO-7B, P; produced reliable gains in
ICM, normalized ICM, and F1, while DOLPHIN3-
8B, despite its weak baseline performance, exhib-
ited the largest relative improvements. Importantly,
the absolute best scores are consistently achieved
byCOGITO-7B, suggesting that stronger base mod-
els are less sensitive to prompt design but still ben-
efit incrementally. In contrast, weaker models (e.g.,
DOLPHIN3-8B) depend more heavily on the addi-
tional structure introduced by persona framing.

Finally, performance varied across personas:
roles such as Normal Person and Legal Studies
Expert saw more pronounced gains, while Sex-
ism Victim and Linguist produced only modest
improvements. These exploratory findings were
not used as final results but rather as guidance for
subsequent large-scale experiments, helping us re-
fine prompt design choices and identify promising
personas for sexism detection.

A.5 Collaborative Expert Judgment (CEJ)
Algorithm and Complexity

Algorithm 1 summarizes the CEJ pipeline for a
dataset of NV instances and a persona set of size
K. CEIJ requires K persona inferences, one dis-
cussion, one summarization, and one judgment per
instance, yielding N x (K + 3) total LLM calls
with complexity O(N K). The cost therefore scales
linearly with both the dataset size and the number
of personas. 2

Algorithm 1 Collaborative Expert Judgment (CEJ)
Input: Dataset D = {(z;,id;)}},, persona set
Y ={vi,...,yx}, Large Language Model M
Output: Opinion matrix O = {0, ;}, summary
S;, and final judgment J; for each z;

1: for each instance (z;,id;) € D do

2:  Initial Persona Classification

3:  for each persona y; € ) do

4: Construct persona-specific classification
prompt Peys (4, Yi)

5: Oir + M.invoke(Pqs)
6: end for
7:  Simulated Panel Discussion
8:  Construct discussion prompt
Paise (i, { O He 15 V)
9:  D; + M.invoke(Pqisc)
10:  Summary Generation
11:  Construct summarization prompt

Psum (Di; y)
12 S; + M.invoke(Psym)
13:  Final Judgment with Justification
14:  Construct judgment
Piudge (i, {Oz’,k}szp Si)
15:  J; < M.invoke(Pjudge)
16: end for

prompt

A.6 CEJ Examples

Figures Al and A2 illustrate the Collaborative Ex-
pert Judgment (CEJ) framework using a represen-
tative tweet from EXIST 2025. Figure A1 shows
the initial classification stage, where six expert per-
sonas independently assess the input. Each pro-
vides a binary label (YES/NO), a domain-grounded
justification, and a confidence score. Most personas
classify the tweet as sexist, citing trivialization of
female emotional expression or reinforcement of
gendered stereotypes; only the Legal Expert dis-
agrees, arguing the statement lacks discriminatory

>The analysis below concerns the interaction-level com-

plexity of the CEJ procedure rather than low-level runtime or
token usage.
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Persona Perspective

Role Description (Prompt)

Layperson General public perspec-
tive

Linguist Language patterns and
bias

Psychologist Emotional and cogni-
tive effects

Legal Expert Legal view on gender-

based discrimination

Gender Expert Structural and ideolog-
ical analysis

Sexism Victim Personal impact of ex-
periencing sexism

An average person (18-22 y/o male, Portugal, B.A.) with no
specialized expertise in law, psychology, or linguistics.

A linguist (23-45 y/o male, Poland, B.A. Linguistics) specializing
in semantics, pragmatics, and discourse analysis, with a focus on
gendered language.

A psychologist specializing in language, cognitive biases, and the
psychological effects of sexism.

A legal expert (46+ y/o male, Portugal, M.A. Law) specializing
in anti-discrimination laws, workplace regulations, and gender
equality.

A gender studies expert (46+ y/o female, UK, B.A. Gender Stud-
ies) with deep knowledge of gender theories, power dynamics, and
social structures.

A person (18-22 y/o female, South Africa, H.S. diploma) who has
personally experienced sexism and understands its emotional and
social impact.

Table A3: Persona perspectives and detailed role descriptions.

intent under legal criteria.

Figure A2 presents the structured debate stage,
where personas reflect on others’ reasoning and
may revise their stance and confidence. This
deliberative process demonstrates how LLM-
based agents engage in structured argumenta-
tion—aligning with or challenging one another
based on shared evidence and domain-specific rea-
soning. While most personas maintain their orig-
inal YES classification, their justifications become
more nuanced and confidence scores are recali-
brated. The Legal Expert again maintains NO, citing
insufficient legal grounds.

B Prompts

This section presents the prompt templates used
throughout the CEJ framework. Initial persona
judgments are collected using the prompt shown
in Figure A3. This is followed by the structured
debate prompt (Figure A4), which enables each per-
sona to reflect on peer opinions, revise its stance if
persuaded, and recalibrate its confidence. The dis-
cussion is then summarized and passed to the judge
prompt (Figure A5), which concludes the process
by generating a final label along with a justification
and calibrated confidence score. All prompts rely
on consistent definitions and structured output for-
mats (e.g., JSON objects with fields such as label,
justification, and confidence) to support in-
terpretability and downstream evaluation.
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Persona Model ICM; ICM; ICM%7T Norm; Norm: Norm%7T FI1,; F1, F1%1
MISTRAL-7B  0.2388 0.4059 +69.96% 0.6195 0.7031 +13.49% 0.7433 0.8019 +7.89%
Psychologist DOLPHIN3-8B -0.2299 -0.2299  0.00%  0.3850 0.3850 0.00% 0.5245 0.5245 0.00%
CoGITO-7B 0.4230 0.4703 +11.16% 0.7116 0.7353 +3.33% 0.8052 0.8233 +2.25%
MISTRAL-7B  -0.0258 0.3559 +1478.68% 0.4871 0.6781 +39.16% 0.6672 0.7882 +18.13%
Sexism Victim DOLPHIN3-8B -0.2265 -0.1298 +42.70% 0.3867 0.4351 +12.51% 0.5244 0.5866 +11.86%
CoGITO-7B 0.4089 0.4505 +10.16% 0.7046 0.7254 +2.95% 0.8024 0.8148 +1.54%
MISTRAL-7B  0.1882 0.3435 +82.56% 0.5941 0.6718 +13.11% 0.7327 0.7800 +6.44%
Linguist DOLPHIN3-8B -0.3184 -0.3184  0.00%  0.3407 0.3407 0.00% 0.4724 0.4724 0.00%
CoaGITo-7B 0.3967 0.4055 +2.22%  0.6985 0.7029 +0.63% 0.7957 0.8011 +0.68%
MISTRAL-7B  0.2317 0.3586 +54.75% 0.6159 0.6794 +10.30% 0.7494 0.7858 +4.86%
Legal Studies Expert DOLPHIN3-8B -0.2300 0.0427 +118.57% 0.3849 0.5214 +35.45% 0.5261 0.6693 +27.26%
CoGITO-7B 04375 04772  +9.08% 0.7189 0.7387 +2.75% 0.8117 0.8254 +1.69%
MISTRAL-7B  0.3445 0.3952 +14.72% 0.6723 0.6977 +3.78% 0.7816 0.7985 +2.16%
Normal Person DOLPHIN3-8B -0.2395 -0.0675 +71.82% 0.3802 0.4662 +22.62% 0.5212 0.6213 +19.20%
CoGITO-7B 0.3982 0.4863 +22.11% 0.6992 0.7433 +6.31% 0.7978 0.8287 +3.87%
MISTRAL-7B  0.2875 0.3956 +37.57% 0.6438 0.6979 +8.41% 0.7590 0.7986 +5.22%
Gender Studies Expert DOLPHIN3-8B -0.2493 -0.0769 +69.15% 0.3753 0.4615 +22.99% 0.5188 0.6164 +18.78%
CoGITO-7B 0.3826 0.4339 +1341% 0.6914 0.7171 +3.72% 0.7930 0.8098 +2.12%

Table A4: Preliminary results of persona-based prompts, comparing baseline prompt with P;. Metrics include ICM,
normalized ICM, and F1, with relative improvements (%71).

Tweet: "Bella can play the victim card all she wants, she won't still win the show. Why didn’t she walk out from the toilet?

did sheggz tie her legs there? \#BBnaija"

Normal Person

e Label: YES

o Justification: The tweet implies
that Bella is using a ‘victim card’
to gain sympathy, which can be
seen as undermining her
agency and credibility.

e Confidence: 0.75

Sexism Victim

e Label: YES

* Justification: The tweet
dismisses Bella’s actions by
suggesting she is playing a
‘victim card,” which trivializes her
experiences and reinforces
gendered power dynamics.

e Confidence: 0.85

Psychologist

e Label: YES

« Justification: The tweet uses
the term ‘victim card’ to suggest
that Bella is manipulating
others, which can be harmful to
women who are often accused
of being overly emotional or
manipulative.

e Confidence: 0.82

Linguist

e Label: YES

o Justification: The phrase
‘victim card’ implies that Bella is
exaggerating her situation for
personal gain, which can be
seen as a gendered stereotype
that undermines women’s
experiences.

« Confidence: 0.80

Legal Studies Expert

e Label: NO

o Justification: The tweet may be
offensive, but it does not
demonstrate the explicit
discriminatory intent or
reference to protected
categories required to constitute
unlawful speech that can be
seen as sexist.

« Confidence: 0.78

Gender Studies Expert

e Label: YES

o Justification: The tweet
reinforces the stereotype that
women often play the ‘victim
card’ to manipulate situations,
which is a common form of
gendered dismissal and
undermines women'’s credibility.

« Confidence: 0.90

Figure Al: An example output from the initial classification stage of the CEJ framework.
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Tweet: "Bella can play the victim card all she wants, she won't still win the show. Why didn’t she walk out from the toilet?
did sheggz tie her legs there? \#BBnaija"

Normal Person

Intent: To mock and dismiss Bella's
experience

Reaction: Agrees with Sexism Victim
because dismissing a woman's
concerns as mere "playing" shows
insensitivity to gendered power
dynamics

Updated Reasoning: The tweet
undermines her agency by implying
she's faking distress for attention,
which feels disrespectful to women's
experiences in reality TV settings.

Final Stance: YES (unchanged)
Updated Confidence: 0.80

Sexism Victim

o Intent: To shame and silence
Bella's expression of distress

* Reaction: Agrees with Gender
Studies Expert because it
reflects common patterns of

dismissing women's experiences.

o Updated Reasoning: The tweet
demonstrates how women are
often discouraged from speaking
up by being labeled as
manipulative or attention-
seeking.

o Final Stance: YES (unchanged)

o Updated Confidence: 0.85

Psychologist

Intent: To invalidate and minimize
Bella's feelings

Reaction: Agrees with Normal
Person because using "card"
implies manipulation rather than
genuine emotion.

Updated Reasoning: This
language can damage self-
esteem by suggesting women's
distress is performative or fake,
reinforcing harmful stereotypes
about female emotional
expression.

Final Stance: YES (unchanged)
Updated Confidence: 0.90

Linguist

Intent: To delegitimize Bella's
experience through rhetorical
questions

Reaction: Agrees with
Psychologist because the
sarcastic questioning creates a
dismissive tone.

Updated Reasoning: The
rhetorical structure presupposes
the situation wasn't serious,
undermining Bella's agency and
experience.

Final Stance: YES (unchanged)
Updated Confidence: 0.95

Legal Studies Expert

¢ Intent: To express opinion
about reality TV behavior

« Reaction: Disagrees with
Sexism Victim because while it
might be dismissive, it doesn't
meet legal thresholds for
harassment.

e Updated Reasoning: The
tweet shows poor taste but
lacks explicit discriminatory
intent required for legal action.

o Final Stance: NO
(unchanged)

o Updated Confidence: 0.65

Gender Studies Expert

Intent: To reinforce patriarchal
power structures by dismissing
female experience

Reaction: Disagrees with Legal
Studies Expert because it
exemplifies systemic dismissal of
women's concerns.

Updated Reasoning: The tweet
perpetuates gendered stereotypes
about women being manipulative
or attention-seeking, reflecting
broader social patterns of
invalidating female experiences.

Final Stance: YES (unchanged)
Updated Confidence: 0.98

Figure A2: An example output from the structured debate stage of the CEJ framework.
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You are {personas_description} tasked with classifying the following tweet for sexism.
Tweet: {tweet_text}

Your task:
1. Read the guidelines below carefully
2. Analyze the tweet carefully for sexism.
3. Think before responding.
4. Decide the final label: 1 (sexist) or 0 (not sexist).
5. Provide a short justification for their label based on their role.

6. Output a confidence score between 0.0 and 1.0 reflecting your certainty.

Sexism Definition

{definition}

Objective:

{objective}

Here are some examples:

{examples}

Output Example: Provide only a valid JSON object like the following example:

{

"persona”: "Normal Person”,

"label”: "1",

"justification”: "The tweet stereotypes women’s intelligence.",
"confidence”: "0.87"

}

Figure A3: Template for initial persona classification in the CEJ framework.
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You are continuing the expert panel discussion on the following tweet:
Tweet: {tweet_text?}

Initial Opinions: {persona_opinions}

Now, each persona must:

1. Read all other personas’ initial opinions.

2. Reflect on whether their own reasoning is still the strongest.

3. Engage with at least one other persona by agreeing or disagreeing with their argument.
4. Update their stance if persuaded, or affirm their original decision.

5. Reassess and adjust their confidence accordingly.

Sexism Definition
{definition}
Objective:

{objective}

Here are some examples:
{examples}

Important Notes:

* Confidence can be increased if supported by solid reasoning, or reduced if uncertainty arises.
* Final answers must state if the stance is changed or unchanged.

Output Example (per persona):

{
"persona”: "Sexism Victim",
"intent": "The author’s intent is to shame the woman by dismissing her distress.”,
"reaction”: "Agree with Linguist because their interpretation highlights the use of gendered
stereotypes.”,
"updated_reasoning”: "While my initial view focused on tone, I now realize the tweet uses
the ’victim card’ trope to discredit women’s emotional responses.”,
"final_stance”: 1 (changed from @),
"updated_confidence”: 0.72
}

Figure A4: Structured discussion prompt for reasoning and stance revision in the CEJ framework.
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You are an impartial judge of the detection of sexist language. Review the following expert panel
summary and the original tweet being discussed then classify it for sexism.

You have the following information:

Tweet: {tweet_text}

Discussion summary:

{summary?}

Your task:

1. Read the guidelines below carefully

2. Review expert panel summary.

3. Analyze the tweet for sexism.

4. Think before responding.

5. Decide the final label: 1 (sexist) or 0 (not sexist).
6. Provide a brief justification for your decision.

7. State your confidence score (0.0-1.0).

Sexism Definition:

{definition}

Objective:

{objective}

Here are some examples:

{examples}

Output Example: Provide only a valid JSON object like the following:

"label”: o,

"justification”: "Although the tweet contains profanity and strong language, it is not
clearly directed at women. Based on the personas’ disagreement and the classification
guidelines, the tweet is offensive but not sexist.”,

"confidence”: 0.79

3

Figure AS: Prompt for the judge revision following persona discussion in the CEJ method.
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