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Abstract

Predicting narrative similarity can be under-
stood as an inherently interpretive task: dif-
ferent and equally valid readings of the same
text can produce divergent interpretations and
thus different similarity judgments, posing a
fundamental challenge for semantic evaluation
benchmarks that encode a single ground truth.
Rather than treating this multiperspectivity as a
challenge to overcome, we propose to incor-
porate it in the decision making process of
predictive systems. To explore this strategy,
we created an ensemble of 31 LLM personas.
These range from practitioners following inter-
pretive frameworks to more intuitive, lay-style
characters. Our experiments were conducted
on the SemEval-2026 Task 4 (Track A) dataset,
where the system achieved an accuracy of 0.705
(leaderboard rank 12/46). Accuracy improves
with ensemble size, consistent with Condorcet
Jury Theorem-like dynamics under weakened
independence. Practitioner personas perform
worse individually but produce less correlated
errors, yielding larger ensemble gains under
majority voting. Our error analysis reveals a
consistent negative association between gender-
focused interpretive vocabulary and accuracy
across all persona categories, suggesting ei-
ther attention to dimensions not relevant for the
benchmark or valid interpretations absent from
the ground truth. This finding underscores the
need for evaluation frameworks that account
for interpretive plurality.

1 Introduction

Narrative understanding has traditionally been stud-
ied in interpretive sciences, where meaning is of-
ten modeled as perspective-dependent and shaped
by subjective interpretation. As Kommers et al.
(2025) emphasize, interpretations can conflict and
even contradict each other while remaining valid,
thus posing a fundamental challenge for compu-
tational approaches. This is especially relevant in

the context of semantic evaluation and multiper-
spectivity: any benchmarks targeting interpretive
tasks are subject to encoding the particular interpre-
tive perspectives of their creators and annotators.
Hence, predicting narrative similarity, recently for-
malized as SemEval-2026 Task 4 by Hatzel et al.
(2026) and extending earlier works such as Hatzel
and Biemann (2024); Akter and Santu (2024), is a
task situated at the intersection of computation and
interpretation.

In the following, we argue that multiperspectiv-
ity should be operationalized as a modeling com-
ponent rather than treated as an evaluation arti-
fact in narrative similarity prediction. This strat-
egy is motivated by the Condorcet Jury Theorem
(CJT), which states that collective decisions im-
prove as independently competent voters are added
(Shteingart et al., 2020). While its formal inde-
pendence assumption is violated in LLM-based
ensembles, the theorem motivates the hypothesis
that aggregating diverse interpretive perspectives
can improve prediction quality. Though this prin-
ciple has yielded performance gains in NLP tasks
like sentiment analysis (Bárcena-Ruiz and de Jesús
Gil-Herrera, 2024), results across domains remain
mixed (Lefort et al., 2024). Building on this ob-
servation, we construct an ensemble of 31 LLM
personas divided into Practitioners [P] (personas
with explicit analytical frameworks such as critical
hermeneutics, feminist literary criticism or post-
colonial theory) and Lay People [L] (more intu-
itive “everyday” characters). We systematically
investigate how ensemble size, diversity, and per-
sona category relate to prediction accuracy, and
find that the relation between individual persona
performance and collective decision quality reveals
patterns about the role of interpretive diversity in
computational narrative understanding.

Our error analysis further reveals a systematic
pattern that bears directly on the relationship be-
tween multiperspectivity and semantic evaluation
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benchmarks: when personas across all categories
employ vocabulary distinctive of gender-focused
and feminist interpretation (terms such as gender
roles, female protagonist, or patriarchal) their accu-
racy tends to drop. This finding allows for two com-
plementary readings: Gender-related vocabulary
may signal attention to narrative dimensions that,
while interpretively valid, are simply not predictive
of the similarity judgments encoded in the ground
truth of the given benchmark. Alternatively, it may
indicate that some perspectives produce valid but
unrepresented interpretations, raising the question
of how computational benchmarks should account
for multiperspectivity in annotation and evaluation.

2 Preliminaries and Related Work

Narrative Similarity Computational approaches
to narrative similarity span embedding-based meth-
ods for story reformulations (Hatzel and Biemann,
2024), structural decomposition via narrative the-
ory (Chun, 2024), facet-based metrics grounded in
5W1H dimensions (Akter and Santu, 2024), and
claim-level distillation for tracking ideas across
media discourse (Waight et al., 2025). Narrative
similarity also has applications in disinformation
analysis, from taxonomy-based grouping of propa-
ganda narratives (Nikolaidis et al., 2025) by similar-
ity to comparing similar features across individual
instances (Solopova et al., 2024).

Multi-agent Debating Systems While multi-
agent debate (MAD) has become a prominent strat-
egy for improving LLM reasoning and decision-
making through iterative inter-agent interaction
(Liang et al., 2024; Srivastava et al., 2025; Han
et al., 2025), recent work has shown that majority
voting alone often captures most of the associated
performance gains across a range of knowledge
and reasoning benchmarks (Choi et al., 2025; Kaes-
berg et al., 2025; Zhu et al., 2026). Building on
this insight, we investigate multi-persona ensemble
voting for narrative similarity assessment, while
leaving the comparison with iterative debate proto-
cols to future work. To the best of our knowledge,
this is the first work to employ diverse LLM per-
sona ensembles with majority voting grounded in
distinct interpretive perspectives for narrative simi-
larity prediction.

3 Methodology

Narrative Similarity Task Given a triplet of fic-
tional texts in English consisting of an Anchor story

LLM Persona Role System Prompt

Literary Critic Practi-
tioner

You are a Literary Critic analyz-
ing narrative similarity.

Computational
Narratologist

Practi-
tioner

You are a Computational Nar-
ratologist. You excel at struc-
tural analysis of text and the
structured extraction of narra-
tive features, such as actors, re-
lations, events, topics, themes,
sentiments etc.

... ... ...
Postcolonial
Critic

Practi-
tioner

You are a Postcolonial Critic ex-
amining the texts in terms of
global power dynamics.

Feminist Liter-
ary Critic

Practi-
tioner

You are a Feminist Literary
Critic examining gender-related
dynamics within texts.

Gender Perspec-
tive Analyst

Practi-
tioner

You are a Gender Perspec-
tive Analyst examining gender-
related dynamics.

... ... ...

High School
Student

Lay You are an 8th grader. You are
not the best student, but you are
doing alright.

Football Player Lay You are a professional football
player and not sure why you got
this task, but provide your per-
spective anyway.

... ... ...

Table 1: Selected LLM Personas, full list can be found
in Appendix C

as well as two candidate stories A and B, it should
be decided which candidate is more similar to the
anchor. The provided dataset is split into a develop-
ment (dev) split with 200 samples and a test split
with 400 samples, to be evaluated by measuring
the accuracy of the predicted binary choice against
gold data.

Crafting LLM Personas Since we want to inves-
tigate how the ensemble size and ensemble diver-
sity relate to performance on the accuracy metric,
we create 31 LLM personas and run different ex-
periments on the dev set to investigate majority
voting behavior in order to identify configurations
that maximize accuracy on both the dev and the
test set. Our ensemble consists of two categories
of LLM personas, which we partly created manu-
ally and partly generated and refined: Practitioners
[P], which are personas with concrete interpretive
frameworks for handling text and text analysis, and
Lay People [L], a group of more intuitive “every-
day characters” inspired by findings from Kim et al.
(2025), who showed that more complicated roles
can lead to performance decreases when compared
to simpler personas. Examples of our LLM per-
sonas can be found in Table 1. Every persona is
essentially an LLM system prompt (like “You are
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a Computational Narratologist. You excel at struc-
tural analysis of text and the structured extraction of
narrative features, such as actors, relations, events,
topics, themes, sentiments etc.”), concatenated with
base instructions (documented in Appendix G).

Expanding on the idea of multiperspectivity, we
also deploy multiple models for each prediction and
per persona. We chose three open-weight models
from three different model families: Gemma 3 27-
b it (Team et al., 2025), Qwen3-14B (Yang et al.,
2025) and gpt-oss-20b (OpenAI et al., 2025).

Voting Configurations Each persona produces a
single prediction per item on each model, yielding
three levels of aggregation: (1) Individual persona:
the prediction of one persona on one model, with no
voting involved; (2) Model-specific majority vote:
all 31 personas on a single model vote by simple
majority; and (3) Cross-model majority vote: for
each item, all 93 predictions produced by 31 per-
sonas × 3 models are pooled into a single majority
vote, yielding one decision per item.

4 Results

Ensemble Size Qwen3 14B Gemma 3 27B-it gpt-oss-20b All

Majority Vote Accuracy
E=1 69.1±0.4 71.9±0.4 57.0±0.7 66.0±0.3
E=3 71.7±0.5 73.4±0.4 58.4±0.9 69.8±0.4
E=5 72.7±0.6 73.8±0.5 59.0±0.9 71.5±0.4

E=10 73.8±0.7 73.9±0.4 59.8±1.1 72.9±0.6
E=20 74.2±0.7 74.2±0.5 60.2±1.4 74.5±0.6
E=30 74.4±0.8 74.4±0.7 60.5±1.6 75.0±0.7
E=31 74.3±0.9 74.5±0.8 60.8±1.9 75.2±0.6

Oracle K ≥ 1 Accuracy
E=1 68.6±0.4 71.9±0.4 56.4±0.7 65.6±0.3
E=3 87.5±0.4 84.9±0.4 84.6±0.6 90.4±0.3
E=5 92.3±0.4 88.7±0.4 92.5±0.5 95.8±0.2

E=10 96.3±0.3 92.9±0.5 97.8±0.3 98.8±0.1
E=20 98.4±0.3 95.9±0.8 99.5±0.2 99.8±0.1
E=30 99.1±0.4 97.1±1.0 99.8±0.2 99.9±0.1
E=31 99.1±0.4 97.2±1.0 99.8±0.2 99.9±0.1

Table 2: Ensemble accuracy (% ± standard deviation,
based on random persona combinations with maximum
sample limit of 5000.) by ensemble size, averaged over
n = 10 runs.

Ensemble Size To investigate the effects of en-
semble size, we run a series of experiments based
on different size settings. The results are docu-
mented in Table 2. The upper block confirms that
the accuracy of the majority vote increases with
ensemble size E. The lower block reports an or-
acle analysis. Given access to the ground truth,
we measure the proportion of items for which at
least K ≥ 1 members of the ensemble yield the
correct prediction. Here, a similar behavior can be
observed where the results plateau around E = 30.

Metric Qwen3 14B Gemma 3 27B-it gpt-oss-20b

K ≥ 1 99.1%± 0.4% 97.2%± 1.0% 99.8%± 0.2%
K ≥ 2 97.8%± 0.5% 94.5%± 0.8% 99.3%± 0.5%
K ≥ 3 96.4%± 0.5% 92.5%± 0.7% 98.5%± 0.7%
K ≥ 4 95.0%± 0.5% 90.6%± 0.7% 97.5%± 0.7%
K ≥ 5 93.2%± 0.6% 88.6%± 0.9% 95.7%± 0.9%
K ≥ 7 90.2%± 0.9% 84.7%± 0.6% 91.4%± 1.3%
K ≥ 10 84.5%± 0.6% 80.4%± 0.9% 82.8%± 1.7%
K ≥ 15 75.3%± 0.5% 75.4%± 0.7% 63.5%± 1.7%
Majority 74.0%± 0.9% 74.4%± 0.7% 60.1%± 2.0%

Table 3: Cross-model comparison of K correct personas
out of 31 in ensemble voting (mean and ± std across
runs)

Oracle cross-model comparison The distribu-
tion of correct persona counts across samples is
further illustrated in Table 3 for a cross-model com-
parison. As expected, the models follow differ-
ent voting behaviors. For example, while gpt-oss-
20b achieves the highest oracle accuracy at relaxed
thresholds (up to K ≥ 7), its performance drops
sharply at stricter thresholds and falls well behind
the other models at the majority vote level. This
suggests that gpt-oss-20b exhibits high per-sample
oracle coverage but low inter-persona agreement:
individual personas frequently arrive at the cor-
rect answer, yet they rarely converge on it collec-
tively. This pattern is unlikely to reflect model size
alone: Qwen3-14B is smaller than gpt-oss-20b yet
matches Gemma 3 27B-it on the majority vote (Ta-
ble 4). One indicator is that individual per-persona
accuracy on gpt-oss-20b averages ≈ 57%, com-
pared with ≈ 69% on Qwen3-14B and ≈ 72%
on Gemma 3 27B-it (Table 4); CJT-style majority-
vote gains are bounded above by how far individ-
ual competence exceeds 0.5, so lower ensemble
accuracy follows directly from lower individual
accuracy. However, whether this lower individ-
ual accuracy reflects training-data composition or
weaker instruction-following cannot be separated
within this experimental setup.

Table 4 showcases the results across these config-
urations. Model-specific and cross-model majority
votes consistently outperform individual persona
predictions, with one exception: the “High School
Student” persona matches the model-specific ma-
jority vote accuracy on Gemma 27B-it, though it
is outperformed by the cross-model majority vote.
The performance also differs across persona cate-
gories: [L] personas dominate the top 5 individual
results while [P] personas occupy the bottom 5. In
contrast, majority voting gives [P] an advantage
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Rank Persona All Qwen3 Gemma gpt-oss

– MAJORITY VOTES ALL 75.8 74.3 74.5 60.8
– MAJORITY [P] only 76.0 74.2 74.1 60.2
– MAJORITY [P] (subsamp=13) 75.8 74.1 74.1 60.4
– MAJORITY [L] only 75.3 73.5 74.5 59.1

1 [L] Tour Guide 67.70 71.70 73.60 57.60
2 [P] Activist 67.20 70.30 74.20 57.10
3 [L] Small Business Owner 67.10 70.20 74.20 56.90
4 [L] Football Player 67.00 69.30 74.00 57.80
5 [L] Taxi Driver 67.00 70.90 74.40 55.70
6 [P] Storyteller 67.00 69.60 72.80 58.40
7 [P] Concise Reader 66.90 68.70 73.50 58.30
8 [P] Data Scientist 66.70 69.20 73.70 57.20
9 [P] Computational Narratologist 66.70 68.60 72.50 59.00

10 [L] Barkeeper 66.70 69.30 74.20 56.50
11 [L] High School Student 66.60 68.20 74.50 57.10
12 [L] Fitness Coach 66.60 68.90 72.00 58.80
13 [P] Literary Critic 66.60 69.10 72.00 58.50
14 [P] Computer Scientist 66.50 69.40 71.80 58.30
15 [L] Construction Worker 66.40 70.10 72.40 56.60
16 [L] Nurse 66.40 69.70 73.30 56.00
17 [P] Hermeneutics Specialist 66.20 69.90 72.40 56.10
18 [P] Journalist 66.10 69.50 71.20 57.50
19 [P] Critical Theorist 66.10 70.90 69.00 58.30
20 [L] Retiree 66.10 68.20 72.90 57.00
21 [L] Pirate 66.00 70.30 72.40 55.40
22 [L] Electrician 65.90 69.40 70.60 57.50
23 [P] Ethicist 65.80 70.40 70.90 56.10
24 [L] Line Cook 65.70 68.80 72.50 55.80
25 [P] Psychologist 65.70 67.00 71.80 58.00
26 [P] Yellow Press Journalist 65.60 69.60 72.30 54.90
27 [P] Fact Checker 65.20 68.60 69.20 57.70
28 [P] Psychoanalyst 64.90 69.10 68.20 57.30
29 [P] Gender Perspective Analyst 64.40 67.30 69.70 56.10
30 [P] Postcolonial Critic 64.30 70.20 67.00 55.70
31 [P] Feminist Literature Critic 63.60 67.80 66.20 56.70

Table 4: Per-Persona Accuracy (%) Comparison Across
Models, sorted by the “All” column. [L] is short for Lay
people, [P] for Practitioners.

over [L]. Since the category sizes are imbalanced
(18 [P] vs. 13 [L]), we also perform a subsam-
pling analysis where we randomly choose 13 [P]
personas over 500 iterations, achieving a mean
accuracy of 75.8% (σ = 0.3%, 95% CI [75.2%,
76.4%]), comparable to the full [P] set (76.0%).

Further Results On the test set, the simple
majority vote achieved 0.7025 accuracy. Our
Track A leaderboard submission uses an optimized
k=8 persona subset selected via exhaustive search
with 5-fold cross-validation on dev (details in Ap-
pendix D); this subset reached 82.0% ± 4.8% on
dev but only 0.705 on test, which is nearly iden-
tical to the unsubmitted simple-majority baseline.
The 11.5 percentage point dev-test gap (vs. 5.6 for
the full ensemble) suggests overfitting to the small
dev set (200 items), indicating that broad ensem-
ble aggregation is more robust than targeted subset
optimization for this task.

5 Error Analysis

To further investigate the performance split be-
tween [P] and [L] found in Table 4 and to specifi-
cally analyze why the “Gender Perspective Analyst”
and “Feminist Literary Critic” (grouped together

Metric [P] [L] Conclusion

Individual accuracy 71.0% 71.7% Higher accuracy for
[L]

Error correlation (r) 0.388 0.461 Errors are 19% less
correlated for [P]

Double-fault
P (both wrong) 0.164 0.173 [L] fail together

more often

Table 5: Error diversity analysis: comparison of [P]
and [L] groups. Individual metrics are averaged across
personas within each category; diversity metrics are av-
eraged across all pairwise persona combinations within
each category. Following (Kuncheva and Whitaker,
2003).

as [PG]) personas particularly underperformed, we
run a series of error and statistical analyses. We
choose these personas because of their low perfor-
mance, their similarity to each other (compared to
the other personas) and because feminist literary
criticism is among the most established approaches
in literary studies (Plain and Sellers, 2007; Cooke,
2020). Given the rich theoretical and methodologi-
cal foundation, the underperformance of these two
personas is unexpected and warrants closer investi-
gation if gender-analytical framing might interfere
with narrative similarity judgments.

Error Diversity Analysis A consistency anal-
ysis across persona ensembles shows that [PG]
are among the least consistent voters, while en-
semble disagreement proxies item difficulty, with
high-agreement items corresponding to clearer nar-
rative similarity cases (see Appendix A). Table 4
reveals that [P] personas generally perform worse
individually yet achieve a higher majority vote ac-
curacy. To investigate this behavior, we perform
a pairwise error correlation analysis considering
individual LLM persona outputs and group perfor-
mance. Following (Kuncheva and Whitaker, 2003),
we compute pairwise error correlation and double-
fault rate across personas within each category. The
results in Table 5 point at one key difference be-
tween the groups: Members of [L] vote more unan-
imously, while votes from members of [P] with
more concretely formulated perspectives vote more
distinctly (further details in Appendix E).

Gender/Feminist vocabulary correlation To in-
vestigate whether gender-focused interpretation af-
fects accuracy, we collected vocabulary distinctive
to [PG] from LLM outputs (including explanations,
themes and key points) using a lift-based approach:

1820



Direction Term rpb pFDR Acc (present) Acc (absent) N

Negative correlations (gender vocabulary associated with lower accuracy)

↓ female −0.046 <0.001 56.5% 66.6% 4,575
↓ gender roles −0.039 <0.001 42.0% 66.2% 571
↓ objectification −0.032 <0.001 13.6% 66.1% 81
↓ female protagonist −0.030 <0.001 54.9% 66.3% 1,516
↓ sexual violence −0.029 <0.001 34.9% 66.2% 186
↓ female character −0.027 <0.001 47.4% 66.2% 430
↓ experiences husband −0.024 <0.001 0.0% 66.1% 28
↓ gender −0.022 <0.001 56.3% 66.2% 1,102
↓ traditional gender −0.022 <0.001 24.6% 66.1% 61
↓ patriarchal −0.021 <0.001 49.3% 66.1% 337

Positive correlations (gender vocabulary associated with higher accuracy)

↑ agency +0.019 <0.001 71.7% 65.9% 2,547
↑ fulfillment outside +0.012 0.005 96.8% 66.1% 31
↑ individuals babies +0.012 0.005 100.0% 66.1% 25
↑ physical danger +0.011 0.008 89.6% 66.1% 48
↑ women within +0.011 0.009 87.5% 66.1% 56

Table 6: Point-biserial correlations between presence of gender/feminist-distinctive vocabulary and voting accuracy
for Other Expert personas (combined across all three models, all output fields). Terms were identified via lift-based
analysis (lift ≥ 5.0) from the two gender/feminist persona outputs. Correlations are FDR-corrected (Benjamini–
Hochberg, α = 0.05). N = number of responses containing the term. Full results for all persona groups and
per-model breakdowns are provided in Appendix F.

for each term, we computed the ratio of its relative
frequency in [PG] outputs to its relative frequency
across all persona outputs, retaining terms with lift
≥ 5.0 as characteristic of gender-focused interpreta-
tion. We then measured point-biserial correlations
between the presence of these terms and voting cor-
rectness across all persona groups (Table 6). The
results reveal a predominantly negative association:
when other members of [P] use gender-distinctive
terms, their accuracy drops compared to responses
where these terms are absent. While statistically
significant after FDR correction, these correlations
are small in magnitude (|rpb| ≤ 0.046), reflect-
ing the large sample sizes involved; the pattern is
therefore best understood as a consistent directional
tendency rather than a strong predictive signal. It
holds across all three models and extends to Lay
personas as well as [PG] themselves (Appendix F).

Illustrative example The negative correlation in
Table 6 does not necessarily reflect misidentifica-
tion of story content. For example, the item 107
is one of 24 items in the dev set where the en-
semble majority is correct while [PG] personas err
with gender-distinctive vocabulary in their outputs.
The anchor is a novel told from the perspective of
a pacifist countess across four 19th-century wars;
candidate A depicts a woman traveling to confront
the prison system holding her husband; candidate B
depicts a young soldier’s encounters with a woman
across the First World War. The gold label is B,

also chosen by 74 of 93 cross-model votes. All four
[PG] outputs on Gemma 3 27B-it and Qwen3-14B
pick A instead, since their extracted themes and
key points correctly identify the female protagonist
in both the anchor and A, and their rationales ex-
plicitly weight this parallel above the multi-period
war-narrative structure that the anchor and B share.

6 Discussion

Our results highlight a specific relation between in-
dividual persona accuracy and collective decision
quality. Table 5 can be read as an argument for in-
terpretive diversity: while [P] personas individually
underperform [L] personas, their more distinctly
formulated perspectives produce less correlated er-
rors (19% lower pairwise error correlation), which
in turn yields a larger ensemble gain under ma-
jority voting (75.3% vs 76.0%). This aligns with
a widely held intuition in ensemble learning that
diversity of errors can compensate for lower indi-
vidual accuracy under majority voting (Kuncheva
and Whitaker, 2003), although the relationship be-
tween diversity measures and ensemble accuracy
remains complex (Tekin et al., 2024). While all
personas exceed 50% accuracy (satisfying CJT’s
competence condition), the independence assump-
tion is violated. Table 5 confirms substantial pair-
wise error correlations (r=.388 for [P], r=.461
for [L]), which can limit majority vote gains in
LLM-based ensembles (Lefort et al., 2024). Nev-
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ertheless, cross-model majority voting yields clear
improvements over individual performance (75.8%
vs. 67.7% maximum), suggesting that the combi-
nation of distinct persona framings and separate
model families introduces sufficient diversity for
meaningful gains under weakened independence.

The near-identical test performance of simple
majority voting and the optimized k=8 ensemble
(0.7025 vs. 0.705) reinforces this point from a prac-
tical perspective. Despite achieving 82.0% on the
dev set through exhaustive subset search, the opti-
mized ensemble might have been subject to over-
fitting and offered no meaningful advantage on the
test split data. This suggests that for interpretive
tasks where item-level difficulty and annotation
variability are high, aggregating a large and diverse
set of perspectives is more robust than selecting
a small optimized subset. The finding also aligns
with the broader argument of the paper: in settings
where multiperspectivity is a feature rather than a
source of noise, the diversity of interpretation may
matter more than precision of selection.

The negative correlation between gender-
analytical vocabulary and accuracy admits two
complementary readings. Gender-focused framing
may attend to thematic aspects that, while interpre-
tively plausible, are not predictive of the similar-
ity judgments encoded in the benchmark. Alter-
natively, these terms may reflect valid interpreta-
tions unrepresented in the ground truth. Either way,
if valid interpretive perspectives can be penalized
by standard accuracy metrics, the question of how
benchmarks should account for multiperspectivity
becomes pressing as NLP tasks move deeper into
interpretive territory (Kommers et al., 2025).

Limitations

Several limitations of this study should be acknowl-
edged. First, our experiments investigate major-
ity voting and ensemble optimization but do not
evaluate multi-agent debate (MAD) systems, in
which personas iteratively discuss and revise their
judgments. Our results therefore do not estab-
lish that simple voting outperforms deliberative
approaches; rather, they characterize the behavior
of independent, non-interacting ensembles. Eval-
uating whether structured interaction between per-
sonas yields additional gains remains an impor-
tant direction for future work. Second, while our
statistical analyses reveal significant correlations
between vocabulary usage and accuracy, correla-

tion does not equal causation. The presence of
gender-analytical terms may co-occur with partic-
ular narrative properties of the input texts rather
than causally driving incorrect predictions. Our dis-
cussion of these findings is itself interpretive, and
alternative explanations remain plausible. Third,
the 93-vote cross-model ensemble is computation-
ally expensive: on a single NVIDIA H100 GPU
with our (unoptimized) setup, predicting a single
sample takes on average ≈ 56 seconds, placing
the full configuration well beyond typical real-life
deployment times. Finally, no conclusions should
be drawn about the demographic or professional
backgrounds of the dataset’s annotators from our
persona-level results. The observation that lay per-
sonas like the Tour Guide outperform the Feminist
Literary Critic does not imply that the annotator
pool was composed of individuals resembling the
former more than the latter; it reflects properties
of the LLM role-playing behavior and the specific
benchmark, not of human annotation practices.
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Appendix

A Consistency Analysis

Persona All Qwen3 Gemma gpt-oss

Yellow Press Journalist 83.3 83.9 91.8 74.2
Fitness Coach 83.1 83.7 93.0 72.7
Computational Narratologist 83.1 83.3 92.1 73.7
Psychologist 82.9 83.5 93.1 72.2
Electrician 82.8 83.4 91.8 73.2
Ethicist 82.8 83.2 93.1 72.1
Critical Theorist 82.7 84.0 92.3 71.8
Small Business Owner 82.7 83.6 92.5 72.0
High School Student 82.6 83.3 91.5 73.0
Barkeeper 82.5 83.3 91.0 73.3
Tour Guide 82.5 83.8 91.8 72.0
Activist 82.5 83.0 93.0 71.6
Postcolonial Critic 82.5 83.7 92.2 71.5
Nurse 82.4 82.3 92.5 72.2
Concise Reader 82.3 83.2 91.2 72.5
Construction Worker 82.3 83.1 91.2 72.7
Retiree 82.3 83.3 90.9 72.6
Line Cook 82.2 82.9 91.7 72.1
Psychoanalyst 82.2 84.0 91.9 70.7
Taxi Driver 82.1 81.8 91.2 73.2
Data Scientist 82.0 80.9 91.0 74.0
Hermeneutics Specialist 82.0 84.4 90.5 71.0
Journalist 82.0 82.0 90.7 73.3
Literary Critic 81.7 81.8 91.5 71.9
Computer Scientist 81.6 82.2 90.7 71.9
Football Player 81.6 81.4 91.8 71.6
Pirate 81.5 80.2 92.5 71.8
Storyteller 81.4 81.3 91.2 71.8
Feminist Literature Critic 81.0 81.1 90.7 71.4
Gender Perspective Analyst 80.9 81.1 90.2 71.3
Fact Checker 80.6 80.7 89.1 72.2

Average 82.2 82.7 91.6 72.3

Table 7: Voting consistency (%) per persona and model.
Consistency is defined as the fraction of runs matching
the modal (most common) vote for each item, averaged
across all 200 items. Each persona was evaluated 10
times per item; a consistency of 100% means the per-
sona always gave the same answer across all runs, while
50% indicates a maximally split vote. Personas are
sorted by combined consistency (descending).

To measure prediction certainty as a potential er-
ror indicator and to see if it correlates with accuracy,
we opt for sampling consistency over verbalized
(self-reported) confidence scores: we run each per-
sona 10 times at temperature t=1 and measure the
proportion of runs that yield the same predicted
label. This follows works showing that consis-
tency across stochastic samples provides a more
reliable uncertainty signal than verbalized confi-
dence, which tends to be poorly calibrated and
systematically overconfident in instruction-tuned
LLMs (Xiong et al., 2024; Manakul et al., 2023).

To empirically validate this choice, we com-
pared both signals as accuracy predictors at all
three analysis levels reported below. Across all
levels and models, sampling consistency was the

substantially stronger predictor: at the item level,
consistency correlated with accuracy at r = +0.53
(combined), while verbalized confidence showed
near-zero correlation (r = +0.10). At the within-
persona level, consistency yielded significant pos-
itive correlations for all 31 personas across every
model (mean r̄ = +0.42 combined), whereas ver-
balized confidence reached significance for only
21 of 31 personas with a mean r̄ of just +0.07.
These results confirm that, consistent with prior
findings, sampling consistency is the more reliable
uncertainty proxy for this setting.

As shown in table 7, [PG] predictions are indeed
among the least consistent. To check if more con-
sistent personas tend to be more accurate, we ana-
lyzed correlations at three levels (all p-values were
FDR-corrected using the Benjamini-Hochberg pro-
cedure):

• Across-persona level: The Pearson corre-
lation between mean consistency and mean
accuracy was non-significant for individual
models (Qwen-14B: r = +0.21, padj = .34;
Gemma-27B: r = +0.16, padj = .43; OSS-
20B: r = −0.00, padj = .99), but reached
significance in the combined analysis (r =
+0.53, padj = .004).

• Within-persona level: Per item, all 31 per-
sonas showed significant positive correla-
tions (padj < .05) across every model, with
mean r̄ values of +0.43 (Qwen-14B), +0.30
(Gemma-27B), +0.27 (OSS-20B), and +0.55
(combined).

• Item level: Averaging consistency and accu-
racy across all personas per item yielded Pear-
son r values of +0.52 (Qwen-14B), +0.44
(Gemma-27B), +0.37 (OSS-20B), and +0.61
combined (all p < .001; Spearman ρ =
+0.75 combined).

Together, these results indicate that while the
personas themselves have little effect on the
consistency-accuracy correlation, item difficulty
is a dominant factor: items on which personas
agree tend to be answered correctly, while items
with split votes are disproportionately likely to be
wrong. Thus, ensemble disagreement can serve
as a proxy for item difficulty and, by extension,
expected accuracy.
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B Ensemble Agreement as
Inter-Annotator Agreement

To examine whether interpretive framing meaning-
fully influences similarity judgments, we treat each
persona as an annotator: for each item, we collapse
the 10 stochastic runs into a single label via major-
ity vote, then compute Krippendorff’s α (nominal)
over the resulting annotation matrix. Per individual
model, agreement is substantial for Qwen 3-14B
(α = 0.73) and Gemma 27B (α = 0.72) but only
moderate for gpt-oss-20B (α = 0.49). When all 93
persona × model combinations are treated as inde-
pendent annotators, agreement drops to α = 0.42
(moderate). Notably, [P] personas consistently
show lower agreement than [L] personas (com-
bined α = 0.40 vs. 0.45; per-model differences
of 6–13 percentage points), mirroring the lower
pairwise error correlations reported in Table 5.

These values can be situated relative to
the benchmark’s own inter-annotator agreement:
Hatzel et al. (2026) report α = 0.33 for pairwise
human annotations, noting that the dataset was fil-
tered to retain only difficult cases. That the persona
ensemble achieves comparable or higher agreement
than human annotators (α = 0.42 combined, up
to 0.73 per model) while still falling short of near-
perfect consensus reinforces that narrative similar-
ity judgments involve genuine interpretive variabil-
ity, which is a property of the task itself, not merely
an artifact of LLM generation noise.
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C LLM Personas

The full list of LLM personas is documented in the
following:

LLM Persona Role System Prompt

Literary Critic Practitioner You are a Literary Critic analyzing narrative similarity.
Computational Narratolo-
gist

Practitioner You are a Computational Narratologist. You excel at structural
analysis of text and the structured extraction of narrative features,
such as actors, relations, events, topics, themes, sentiments etc.

Psychologist Practitioner You are a Psychologist analyzing emotional and motivational simi-
larity.

Psychoanalyst Practitioner You are a Psychoanalyst analyzing the text from the perspective of
engaging with the unconscious and how it relates to society, focusing
on authorial intent, symbolism and conflicts.

Storyteller Practitioner You are a Storyteller analyzing narrative flow and engagement.
Computer Scientist Practitioner You are a Computer Scientist analyzing structural consistency. You

don’t care much for literature, but you are able to talk about text.
Data Scientist Practitioner You are a Data Scientist checking consistency in the data.
Ethicist Practitioner You are an Ethicist Critic analyzing normative implications.
Critical Theorist Practitioner You are a Critical Theorist analyzing the texts in regard to its function

within late-capitalist society.
Postcolonial Critic Practitioner You are a Postcolonial Critic examining the texts in terms of global

power dynamics.
Feminist Literary Critic Practitioner You are a Feminist Literary Critic examining gender-related dynam-

ics within texts.
Gender Perspective Analyst Practitioner You are a Gender Perspective Analyst examining gender-related

dynamics.
Fact Checker Practitioner You are a Fact-Checker verifying claims.
Concise Reader Practitioner You are a Concise Reader giving very short summaries.
Hermeneutics Specialist Practitioner You are a specialist in hermeneutics in the tradition of Paul Ricœur.
Activist Practitioner You fight for a better world and are an expert in political communi-

cation.
Journalist Practitioner You are a Journalist able to capture the narrative of any given text

quickly.
Yellow Press Journalist Practitioner You are a Yellow Press Journalist. You are a specialist in writing

texts which get everyone’s attention.

High School Student Lay You are an 8th grader. You are not the best student, but you are doing
alright.

Football Player Lay You are a professional football player and not sure why you got this
task, but provide your perspective anyway.

Pirate Lay You are a pirate from the 16th century. Please provide your perspec-
tive.

Barkeeper Lay You are a barkeeper and spend a lot of time talking to many people
from all walks of life.

Construction Worker Lay You are a veteran construction worker. You value things that are
built on a solid foundation.

Nurse Lay You are a registered nurse. You are empathetic but very grounded in
reality.

Taxi Driver Lay You are a taxi driver who has driven thousands of miles and heard a
million stories.

Line Cook Lay You are a line cook in a busy diner. You have a blunt, no-nonsense
attitude.

Fitness Coach Lay You are a personal trainer and fitness coach. You focus on action,
momentum, and results.

Electrician Lay You are an electrician. You look for the ’current’ in a story—how
things are connected.

Small Business Owner Lay You run a local hardware store. You are practical and budget-
conscious.

Tour Guide Lay You are a local city tour guide. You explain complex histories in
engaging ways.

Retiree Lay You are a retired office manager with a straightforward, common-
sense approach.
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Ensemble Size Accuracy (%) Std (%)
1 77.50 ±7.60
7 81.50 ±5.40
8 82.00 ±4.80
9 81.50 ±7.30
15 81.00 ±5.60

Table 9: Exhaustive Search results: Ensemble size vs.
accuracy (mean ± std).

D Exhaustive Search Results for Voting
Ensemble Optimization

To find optimal ensemble sizes consisting of differ-
ent voting patterns we performed exhaustive search
over all

(
n
k

)
possible k-member subsets from the

top-n=31 candidates. Each candidate ensemble
was evaluated using 5-fold cross-validation with
simple majority voting. We selected the ensemble
size by maximizing accuracy. When the number of
combinations exceeded 50,000, we approximated
exhaustive search via random sampling. Table 9
shows an evaluation of different ensemble sizes in
relation to accuracy.

The resulting selection consisted of “Computer
Scientist”, “Critical Theorist”, “Electrician”, “Fit-
ness Coach”, “Hermeneutics Specialist“ from
Qwen3 14B and “Data Scientist”, “Tour Guide”,
“Yellow Press Journalist” from Gemma 3 27B-it
while notably no personas from gpt-oss-20B were
included by this selection strategy.

E Extended Error Diversity Analysis

Table 10 presents our extended error diversity anal-
ysis which focuses on collected metrics per model.
Individual metrics are averaged across personas
within each category; diversity metrics are av-
eraged across all pairwise persona combinations
within each category. All diversity metrics are con-
sistently lower for [P] across settings, indicating
more diverse error patterns despite lower individual
accuracy.

F Gender/Feminist Vocabulary
Correlation Analysis

F.1 Method
We identified vocabulary distinctive to [PG] rela-
tive to the remaining 16 personas in [P] and 13 in
[L] using a lift-based approach. For each term t
(unigrams and bigrams, extracted via NLTK (Bird
et al., 2009) after lowercasing, stopword removal,
and filtering to alphabetic tokens of length > 1),

we computed lift(t) = (fgender(t) + ϵ)/(fother(t) +
ϵ) with ϵ = 10−8. A term was classified as
gender/feminist-distinctive if lift(t) ≥ 5.0 and it
occurred at least 10 times in gender persona out-
puts. We analyzed four output fields per persona:
themes, key points, explanation, and all (their con-
catenation).

This procedure identified 229 (Qwen3-14B), 935
(Gemma-27B), and 216 (GPT-OSS-20B) distinc-
tive terms on the all field, with 1,223 in the com-
bined analysis. Representative terms range from
demographic markers (female protagonist, male
lead) and analytical concepts (gender roles, pa-
triarchal, agency) to relational terms (caregiving,
male bonding) and critical vocabulary (objectifica-
tion, gendered).

For each distinctive term t and persona group
[PG], [P \ G], [L], we computed the point-
biserial correlation rpb(t, G) = corr(1[t ∈
response], 1[vote = GT]), excluding ties and
requiring ≥ 5 occurrences per group. Multiple
testing was controlled via Benjamini–Hochberg
FDR correction (Benjamini and Hochberg, 1995)
at α = 0.05, applied independently within each
persona group × output field combination.

F.2 Summary of Significant Correlations
Table 11 provides an overview of the number and
direction of significant correlations across all anal-
ysis conditions.

Across all conditions, negative correlations sub-
stantially outnumber positive ones. The pattern
is consistent across persona groups: gender/fem-
inist personas themselves, other experts, and lay
personas all show predominantly negative associ-
ations between gender-distinctive vocabulary and
accuracy. Gemma-27B yields the most significant
correlations, consistent with its larger distinctive
term set; GPT-OSS-20B shows very few, suggest-
ing less differentiated gender-related vocabulary.

F.3 Top Correlations by Persona Group
Table 12 presents the strongest correlations for each
persona group in the combined (all models, all
fields) analysis.

F.4 Per-Model Consistency
The direction of the negative associations is consis-
tent across models, though effect sizes vary. For the
top negative-correlation terms among Other Expert
personas (all field), both Qwen3-14B and Gemma-
27B show significant accuracy drops when terms

1828



Table 10: Error diversity analysis comparing [P] and [L] persona categories.

Combined Qwen3-14B Gemma-3-27B GPT-OSS-20B

[P] [L] [P] [L] [P] [L] [P] [L]

Panel A: Individual & Ensemble Performance
Number of personas 18 13 18 13 18 13 18 13
Mean individual acc. (%) 71.0 71.7 69.2 69.6 71.0 73.1 57.3 56.8
Accuracy std (%) 1.0 0.6 — — — — — —
Accuracy range (%) 3.6 1.9 — — — — — —
Majority vote acc. (%) 76.0 75.3 74.2 73.5 74.1 74.5 60.2 59.1

Ensemble gain† (%) +5.0 +3.6 +5.0 +3.9 +3.1 +1.4 +2.9 +2.3

Panel B: Pairwise Error Diversity (lower = more diverse)
Vote agreement .748 .782 — — — — — —
Pearson r (correctness) .388 .461 .366 .406 .516 .620 .211 .236
Cohen’s κ .387 .461 .366 .406 .515 .620 .211 .236
Double-fault rate .164 .173 .173 .177 .190 .194 .234 .244
P (both |≥1) .395 .443 — — — — — —

Panel C: Expert–Lay Differences (∆ = Expert − Lay)
∆ Individual acc. (%) −0.7 −0.4 −2.1 +0.5
∆ Majority vote acc. (%) +0.7 +0.7 −0.4 +1.1
∆ Pearson r −.074 −.040 −.104 −.025
∆ Cohen’s κ −.074 −.040 −.105 −.025
∆ Double-fault rate −.010 −.005 −.004 −.010

†Ensemble gain = majority vote accuracy − mean individual accuracy.
Combined results aggregate persona votes across all three models per evaluation case.

Entries marked — were computed only for the combined setting.

are present: female (52.5% vs. 69.9% for Qwen;
54.8% vs. 72.3% for Gemma), gender roles (44.0%
vs. 69.7%; 38.7% vs. 71.6%), and gender (59.6%
vs. 69.6%; 53.1% vs. 71.6%). GPT-OSS-20B did
not reach significance for any of these terms af-
ter FDR correction, consistent with its overall low
number of significant correlations.

G Prompts Collection

G.1 Structured Generation

For LLM persona predictions, we concatenate sys-
tem prompts with base instructions and structured
output enforced by the vllm (Kwon et al., 2023)
inference engine containing the following keys:

• Themes: 2-3 themes interpreted from the text
• Key points: The most important narrative

points of the text
• Evidence: Textual snippets supporting the

analysis
• Confidence: Scores (1-10) for each analysis
• Similarity: Similarity scores (1-10) for texts

A and B relative to the anchor
• Explanation: A rationale explaining the simi-

larity judgment

Pydantic specification for generating structured
outputs:

from typing import List, Literal
from pydantic import BaseModel, Field

class Analysis(BaseModel):
themes: List[str] = Field(...,

description="2-3
themes or
interpretations")

key_points: List[str] = Field(...,
description="Key

narrative points")
confidence: int = Field(..., ge=1,

le=10,
description="Confidence 1-10")

evidence: List[str] = Field(
default_factory=list,
description="Evidence snippets")

class PersonaResponse(BaseModel):
analysis_anchor: Analysis
analysis_a: Analysis
analysis_b: Analysis
score_a: int = Field(..., ge=1,

le=10)
score_b: int = Field(..., ge=1,

le=10)
explanation: str = Field(...,

description="Brief explanation
of similarity scores")

rationale: str = Field("",
description="Why A or B is more
similar to anchor")

class JudgeResponse(BaseModel):
final_decision: Literal["A",

"B"] = Field(description="Which
story is more similar to
anchor")
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Gender/Fem. (self) Other Experts Lay Personas

Model Field Sig. + − Sig. + − Sig. + −

Qwen3-14B

themes 4 0 4 11 1 10 10 0 10
key_points 5 0 5 12 0 12 11 1 10
explanation 6 0 6 22 0 22 19 0 19
all 17 0 17 37 1 36 25 1 24

Gemma-27B

themes 96 19 77 79 15 64 40 4 36
key_points 30 1 29 43 10 33 16 0 16
explanation 41 1 40 41 4 37 23 1 22
all 149 15 134 137 25 112 82 4 78

GPT-OSS-20B

themes 3 0 3 0 0 0 0 0 0
key_points 5 3 2 6 2 4 4 3 1
explanation 0 0 0 0 0 0 0 0 0
all 1 0 1 7 5 2 3 2 1

Combined

themes 99 30 69 75 21 54 48 12 36
key_points 19 4 15 35 5 30 19 1 18
explanation 36 2 34 56 12 44 23 0 23
all 132 27 105 119 26 93 63 3 60

Table 11: Number of significant correlations (FDR-corrected, p < 0.05) between gender/feminist-distinctive term
presence and voting accuracy. Sig. = total significant; + = positive (term presence associated with higher accuracy);
− = negative (term presence associated with lower accuracy).

final_confidence: int = Field(ge=1,
le=10, description="Decision
confidence 1-10")

explanation: str = Field(description=
"Brief explanation of decision")

G.2 System Prompts
Example system prompt with instructions for struc-
tured output generation:

You are a Literary Critic analyzing
narrative similarity.

Rules:
1. Score similarity 1-10 (higher = more

similar to anchor)
2. Confidence 1-10 (higher = more confident)
3. Provide 1-3 evidence snippets per story
4. Brief chain_of_thought (CoT) for each

analysis
5. Output ONLY the valid JSON object, no

other text

G.3 User Prompt
user_prompt = f"""Compare these stories:

ANCHOR STORY:
{anchor}

STORY A:
{text_a}

STORY B:
{text_b}

Analyze which story (A or B) is more similar
to the Anchor story."""
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Group Dir. Term rpb Acc (+) Acc (−) N

G
en

de
r/

Fe
m

.
(s

el
f)

↑
1 male friendship +.043 91.3% 63.9% 69
2 male relationships +.036 82.5% 63.9% 103
3 male bonding +.036 83.5% 63.9% 91

↓

1 male character −.058 45.7% 64.4% 269
2 female −.057 59.6% 65.7% 3,312
3 affairs political −.050 0.0% 64.1% 17
4 experiences husband −.049 0.0% 64.1% 16
5 closeted identity −.047 0.0% 64.1% 15

O
th

er
E

xp
er

ts

↑
1 agency +.019 71.7% 65.9% 2,547
2 fulfillment outside +.012 96.8% 66.1% 31
3 individuals babies +.012 100.0% 66.1% 25

↓

1 female −.046 56.5% 66.6% 4,575
2 gender roles −.039 42.0% 66.2% 571
3 objectification −.032 13.6% 66.1% 81
4 female protagonist −.030 54.9% 66.3% 1,516
5 sexual violence −.029 34.9% 66.2% 186

L
ay

Pe
rs

on
as

↑
1 agency +.014 72.2% 66.5% 1,016
2 protagonist distracted +.012 100.0% 66.5% 24
3 woman ultimately +.010 90.6% 66.5% 32

↓

1 female −.041 57.4% 67.0% 3,320
2 sexual violence −.039 20.5% 66.6% 122
3 female protagonist −.034 53.7% 66.8% 1,182
4 gender roles −.032 37.2% 66.6% 207
5 objectification −.027 6.1% 66.6% 33

Table 12: Top significant correlations (FDR-corrected, p < 0.05) between gender/feminist vocabulary and voting
accuracy, combined across all models, all fields. Top 3 positive (↑) and top 5 negative (↓) correlations shown per
persona group. All pFDR < 0.005. Totals: Gender/Feminist (self): 132 significant (27+, 105−); Other Experts: 119
(26+, 93−); Lay: 63 (3+, 60−).
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