NARRATOR: Narrative-Aware Routing and Evaluation
of Large Language Models

Ahmed Hamdi' Jose G. Moreno!

Antoine Doucet??

Fabio A. Gonzalez*

'University of Toulouse, IRIT, Toulouse, France
2131, University of La Rochelle, La Rochelle, France
3FRI, University of Ljubljana, Ljubljana, Slovenia
4MindLab, Universidad Nacional de Colombia, Bogotd, Colombia
{ahmed.hamdi, jose.moreno}@irit.fr
antoine.doucet@univ-1r.fr
fagonzalezo@unal.edu.co

Abstract

Narrative NLP encompasses a diverse set of
competencies such as detecting whether a text
contains a narrative, classifying its genre or
function, completing its plot, and judging sim-
ilarity between stories. However, the relation-
ship between model capabilities across these
sub-tasks remains poorly understood and no
unified benchmark exists to evaluate large lan-
guage models across these dimensions simulta-
neously. In this paper, we introduce NARRATOR,
a unified benchmark of 96, 818 multiple-choice
questions derived from six narrative datasets
spanning detection, classification, story com-
pletion, and similarity. Evaluating 50 open-
weight LLMs in a zero-shot setting reveals that
LLM performance profiles are highly hetero-
geneous and no model dominates across all
sub-tasks. To exploit this complementarity effi-
ciently, we learn compact narrative competence
embeddings of LLMs using a matrix factorisa-
tion over a binary correctness matrix, without
accessing model weights. A single linear layer
on top of these frozen embeddings supports
model routing (71.1%), correctness forecasting
(65.3%), and benchmark accuracy prediction
(mean Kendall’s 7 = 0.72) at near-zero infer-
ence cost.

1 Introduction

Narrative understanding is one of the most de-
manding frontiers required of NLP systems. It
spans a heterogeneous set of sub-tasks: determin-
ing whether a text is a narrative (Piper and Bagga,
2025), classifying its genre or discursive func-
tion (Kar et al., 2018; Tikhonov et al., 2021; Liu
et al., 2022), completing or reasoning about its in-
ternal logic (Mostafazadeh et al., 2016), and judg-
ing similarity between stories along abstract di-
mensions of plot, theme, or character arc (Kawada
and Holyoak, 2026). Despite sustained research
interest, the field remains fragmented: each sub-
task is evaluated on its own isolated dataset, do-
main coverage is narrow, annotation quality varies

widely, and no unified benchmark exists across
sub-tasks (Hamilton et al., 2026). As a conse-
quence, it remains unclear how the capabilities
of large language models (LLMs) are structured
across the full spectrum of narrative competencies.
With hundreds of models now available, the het-
erogeneity of LLMs raises a central practical ques-
tion: given a narrative-understanding query, which
model should one call?

The practical difficulty is compounded by the
rapid proliferation of open-weight LLMs. With
dozens of models available at comparable parame-
ter counts, selecting the right model for a given
narrative task is non-trivial. Benchmarking ev-
ery model exhaustively is increasingly impracti-
cal: evaluating a single model across a large narra-
tive benchmark incurs substantial inference costs
and must be repeated for every new model or sub-
task. Our empirical evaluation of 50 open-weight
LLMs on NARRATOR reveals patterns that aggregate
scores cannot capture: (1) a 2B model outperforms
a 9B model overall, (2) a code-specialised model
achieves the highest accuracy on narrative detection
despite no explicit training on narrative data, and
(3) no single model dominates across all sub-tasks.

We address this challenge from two directions.
First, we introduce NARRATOR, a unified benchmark
of 96,818 multiple-choice questions derived from
six narrative datasets spanning narrative detection,
classification, story completion, and narrative simi-
larity. Second, motivated by the observed hetero-
geneity and complementarity of model profiles, we
learn compact narrative competence embeddings
of LLMs via matrix factorisation over a binary cor-
rectness matrix (Zhuang et al., 2025). Rather than
accessing model weights or architecture, our frame-
work learns a low-dimensional vector for each
model exclusively from its behavioural correctness
patterns across questions.

Beyond their practical utility, the learned embed-
dings offer an analytical window into the structure
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of narrative competence across LLMs. Probing
experiments show that the geometry of the embed-
ding space encodes theoretically motivated distinc-
tions: sub-tasks cluster by their cognitive demands,
annotation-poor datasets such as MND (Liu et al.,
2022) (Fleiss k = 0.24, near-random model per-
formance) are geometrically isolated from tasks
with reliable annotation, and model families form
coherent neighborhoods despite differences in size
and training regime.

Concretely, this paper addresses two research
questions: (RQ1) Do LLMs exhibit complemen-
tary narrative competence profiles, and are these
profiles predictable from model size or architec-
tural family? (RQ2) Can a compact vector rep-
resentation of LLMs, learned from behavioural
correctness data alone, support efficient narrative
model routing and competence forecasting? Our
paper makes the following contributions:

1. NARRATOR: a benchmark constructed by system-
atically converting six heterogeneous narrative
datasets (NarraDetect (Piper and Bagga, 2025),
MPST (Kar et al., 2018), StoryDB (Tikhonov
et al., 2021), MND (Liu et al., 2022), ROCSto-
ries/Story Cloze (Mostafazadeh et al., 2016),
and SemEval-2026 Task 4 (Hatzel et al., 2026))
into a unified multiple-choice questions (MCQ)
format, spanning narrative subtasks including
distractor generation, label normalisation, and
format validation across detection, classifica-
tion, completion, and similarity tasks.

2. A large-scale evaluation of 50 open-weight
LLMs in zero-shot setting, revealing heteroge-
neous narrative competence profiles: model size
is a poor predictor of performance and the or-
acle routing gain over the single-best model is
substantial, motivating sub-task-aware model
selection.

3. A sub-task-aware routing framework that
learns compact narrative competence embed-
dings of LLMs via matrix factorisation over be-
havioural correctness data, supporting model
routing, correctness forecasting, and benchmark
accuracy prediction with a single linear layer
and no access to model weights.

4. Probing experiments demonstrating that the
learned embedding space encodes sub-task
structure, model family structure and annota-
tion quality as a geometric signal in the question
embedding space.

2 Related Work

We situate NARRATOR within two lines of related
work: narrative benchmarking as well as LLM rout-
ing and model selection.

2.1 Narrative Benchmarking

Early narrative benchmarks focused on isolated
sub-tasks. Mostafazadeh et al. (2016) introduced
the ROCStories corpus and the Story Cloze Test,
framing narrative understanding as story comple-
tion; despite its influence, it covers only everyday
fictional narratives and exposes models to mini-
mal linguistic variation. Kar et al. (2018) and
Tikhonov et al. (2021) provide genre classifica-
tion datasets derived from movie synopses and
Wikipedia plots, respectively, but they rely on folk-
sonomy tags with no inter-annotator agreement re-
ported. In the political domain, Piskorski et al.
(2025) and Fraile-Hernandez et al. (2024) target
narrative identification in news and social media,
with higher annotation quality (Cohen’s k ~ 0.78)
but narrow domain coverage. Piper and Bagga
(2025) introduce the only detection-focused dataset
grounded in narrative theory and show that super-
vised models trained on one domain collapse out-
of-domain, while LLMs generalise better. Most
recently, Kawada and Holyoak (2026) frame narra-
tive similarity as a structured ranking task. These
efforts are complementary but disjoint: no prior
work provides a unified, multi-task benchmark en-
abling direct cross-sub-task comparison of LLM
capabilities. NARRATOR fills this gap by aggregating
six datasets into a single MCQ format across detec-
tion, classification, completion, and similarity.

General-purpose  benchmarks  such  as
MMLU (Hendrycks et al., 2020), BIG-Bench (Sri-
vastava et al., 2022), and HELM (Liang et al.,
2022) have established the practice of evaluating
LLMs across heterogeneous tasks in a zero-shot
or few-shot setting. MMLU, in particular, showed
that aggregate scores mask large variance across
domains, a finding we replicate and sharpen in the
narrative domain: sub-task accuracy in NARRATOR
ranges from near-chance (MND, ~30% against
a 25% baseline) to near-ceiling (ROCStories,
>95% for top models). Myrzakhan et al. (2024)
and subsequent community leaderboards have
shown that model rankings are highly sensitive
to task selection, and that parameter count is
a poor predictor of performance on specific
domains (Chia et al., 2024).
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2.2 LLM routing and model selection

The heterogeneity of LLM capabilities has moti-
vated a line of work on adaptive model selection
and routing. Chen et al. (2023) propose a cas-
cade of models ordered by cost, routing queries to
cheaper models when confidence is sufficient. Ong
et al. (2025) learn a router from human preference
data to select between a strong and a weak model,
reducing inference cost with minimal quality loss.
Shnitzer et al. (2023) train task-specific classifiers
to route queries across a fixed pool of models. More
recent work has explored routing based on query
complexity (Sakota et al., 2024) or via embedding-
based similarity to past queries (Zeng et al., 2023).
These approaches share a common limitation: they
require task-specific training and do not generalise
across domains or model pools without retraining.
Our framework learns a single set of model embed-
dings from behavioural correctness data without
access to model weights or query-level supervision.

The idea of representing models as vectors in a
shared latent space was introduced in EmbedLLM
(Zhuang et al., 2025), which showed that matrix
factorisation over a binary correctness matrix pro-
duces compact LLM embeddings useful for routing,
correctness forecasting, and benchmark accuracy
prediction across general-domain tasks. Their ap-
proach is inspired by collaborative filtering in rec-
ommender systems (Koren et al., 2009), where user
and item embeddings are learned jointly to recon-
struct an interaction matrix. Prior to EmbedLLM,
Polo et al. (2024) showed that small, carefully se-
lected subsets of benchmark questions can accu-
rately predict full benchmark performance, sug-
gesting that correctness patterns carry structured
information about model capabilities. Vivek et al.
(2024) extend this by learning item response theory
(IRT) models over correctness matrices, estimating
latent model ability and question difficulty as scalar
parameters. Our work specialises this paradigm in
narrative NLP, where sub-task structure is theoreti-
cally motivated, and provides the first evaluation of
behavioural embeddings for domain-specific com-
petence profiling. Specifically, our work differs
from EmbedLLM in four ways: (i) a task-aware
question encoder with empirical ablation; (ii) appli-
cation to a theoretically structured domain enabling
sub-task geometry analysis; (iii) probing experi-
ments revealing annotation quality as a geometric
signal; and (iv) NARRATOR as a primary dataset con-
tribution.

3 Benchmark Construction

3.1 Task Taxonomy

NARRATOR organises narrative NLP into four sub-
tasks that reflect the main dimensions along which
the field has been structured in the literature (Hamil-
ton et al., 2026):

* Narrative Detection: The task of determin-
ing whether a given text contains a narrative,
framed as binary classification. Following
Piper and Bagga (2025), we adopt a theory-
grounded definition of narrativity along three
dimensions: Agency, Event Sequencing, and
World Building (Herman, 2017). Negative
examples include legal documents, academic
articles, and other expository genres.

* Narrative Classification: The task of as-
signing one or more predefined labels to a
text already identified as a narrative. This
covers genre and tag classification (MPST,
StoryDB), narrative function classification
(MND), and political narrative identification.
Label schemas range from expert-grounded
taxonomies to user-generated folksonomy
tags, with corresponding variation in anno-
tation reliability.

* Narrative Similarity: The task of reasoning
about the internal logic of a narrative: how
events relate to each other, how stories are
structured and what makes them coherent or
similar. We operationalise this through story
completion (ROCStories / Story Cloze Test)
and narrative similarity judgment (SemEval-
2026 Task 4).

* Entity and Role Analysis: The task of iden-
tifying actors in a narrative and determin-
ing their role (protagonist, antagonist, or sec-
ondary character). This sub-task is absent
from the current release due to the lack of
qualifying datasets. It is included in the tax-
onomy as a target for future extension.

3.2 Datasets

Our benchmark aggregates six publicly available
datasets, summarised in Table 1. Dataset selec-
tion required text availability without API hydra-
tion or registration, and compatibility with the
MCQ format. For these reasons, two additional
datasets, DIPROMATS (Fraile-Herndndez et al.,
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Dataset Sub-task Choices Records Domain TAA Avg. chars
StoryDB Genre classification 4 56,766  Fiction (multilingual =EN)  — 2,447
MPST Genre classification 4 14,316  Movies - 5,166
NarraDetect Narrative detection 2 13,543 Mixed (18 genres) a=0.37 691

MND Narrative function 4 5,515 Movies k=024 114
ROCStories Story completion 2 3,742 Everyday fiction Human-validated (Mostafazadeh et al., 2016) 185
SemEval-2026 Task-4  Narrative similarity 2 2,936  Movie plots Annotation-filtered 560

Total 96,818 -

Table 1: Datasets included in NARRATOR, with sub-task, number of answer choices, total records, domain, inter-
annotator agreement (IAA) from the original source (- indicates none reported), and average input length in
characters. StoryDB covers 42 languages; we retain the English subset only.

2024) and SemEval-25 Task 10 (Piskorski et al.,
2025), were excluded due to the unavailability of
raw text at the time of construction (tweet IDs only,
and registration-gated access, respectively). More-
over, Moviel01v2 (Yue et al., 2025) was excluded
as it requires video input incompatible with text-
based MCQ inference.

Annotation quality. A notable feature of
NARRATOR is the wide variation in inter-annotator
agreement (IAA) across its constituent datasets.
MND reports a Fleiss « of only 0.24, well below
the commonly cited threshold of 0.667 (Landis
and Koch, 1977), which the authors themselves ac-
knowledge is descriptive rather than prescriptive,
while NarraDetect reports a Krippendorff « of 0.37.
MPST and StoryDB report no IAA, relying on user-
generated folksonomy tags. This variation is not
merely a methodological concern: it constitutes a
prior on empirical difficulty for LLMs. MND is re-
tained in NARRATOR not as a diagnostic benchmark
but as a calibration case: its near-random model
performance and low annotation agreement provide
a controlled lower bound that anchors the annota-
tion quality spectrum and validates our hypothesis
that IAA is predictive of empirical difficulty (Sec-
tion 6).

3.3 Data Normalisation

All datasets are converted to a unified MCQ for-
mat. Each item contains an id, source, task,
input (passage and optional context), question,
choices (A-D), answer, and metadata preserv-
ing original labels, language, and domain. Samples
of this normalisation can be found in Appendix D.

Distractor generation. For datasets with a single
correct label (NarraDetect, ROCStories, SemEval-
2026 Task 4), the binary format is preserved as
a two-choice MCQ. For multi-label classification
datasets (MPST, StoryDB), we select the dominant
label as the correct answer and sample three dis-
tractors from the dataset vocabulary. The dominant

label is defined as the tag among the item’s own
annotated tags with the highest corpus-wide fre-
quency. Formally, arg max;e7; freq(t), where 7;
is the item’s tag set and ties are broken by global
corpus frequency. For MPST, three distractors are
sampled uniformly at random from the top-40 vo-
cabulary (tags occurring >20 times corpus-wide),
excluding all of the item’s own tags. For StoryDB,
distractors are sampled uniformly at random from
the top-30 genre vocabulary (tags occurring >30
times), excluding all of the item’s own tags. For
MND, the 15 Save the Cat! story beats are mapped
to a four-choice MCQ by sampling three distrac-
tors uniformly at random from the 12 most frequent
beats, excluding the correct beat, with a fallback to
the full 15-beat set if fewer than three eligible beats
remain. Illustrative transformation examples for
MPST and MND are provided in Appendix E. All
items follow a single-answer MCQ format: exactly
one option is correct, with two options for binary
tasks and four for multi-class tasks.

Dataset splits. We perform a random 80%—10%—
10% train/validation/test split across the full bench-
mark pool, yielding 77, 454 training, 9, 681 valida-
tion, and 9, 683 test questions. The split is applied
globally rather than per dataset. As a result, each
source dataset lands at approximately 80% training
naturally (Table 2). At the (model, question) pair
level, 0.6-0.7% of pairs carry a label of —1 (model
failed to produce a valid response) and are excluded
from training and evaluation. Format failures are
model-specific and show no correlation with ques-
tion difficulty. The per-model breakdown of —1
label rates is provided in Appendix F. Although
our data splits may differ from the original ones to
maintain uniform experimental conditions across
datasets, this variation does not alter our ﬁndings.l

"For SemEval-2026 Task 4 specifically, the accuracy fig-
ures are not directly comparable to the competition leader-
board due to differences between our splits and those of the
task organizers.
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Dataset Train Val Test Total
StoryDB 45,384 5,631 5,751 56,766
MPST 11,396 1,450 1,470 14,316
NarraDetect 10,876 1,377 1,290 13,543
MND 4,459 560 496 5,515
ROCStories 3,003 377 362 3,742
SemEval-2026 2,336 286 314 2,936
Total 77,454 9,681 9,683 96,818

Table 2: Train/validation/test splits across datasets.
Counts reflect questions per split.

4 Narrative Competence Embeddings

4.1 Problem Formulation

Let M = {Mj,...,Myn} be a set of N LLMs
and @ = {q1,...,qr} be the set of T questions in
NARRATOR. We define a binary correctness matrix:

Y € {0, 1}V*7)Y;; = 1[M; answers ¢; correctly]

where N 49 (excluding TinyLlama) and
T 96, 818. Each question ¢; carries
two categorical metadata fields: a dataset
source s; € & and a task type 7; € T =
{detection, classification, completion, similarity},
both of which are used to condition question
representations.

Our goal is to learn two embedding functions:
ém : M — R? (narrative competence embedding
of a model), and ¢, : Q — RY (task-aware diffi-
culty embedding of a question).

4.2 Matrix Factorisation

Building on the EmbedLLM architecture (Zhuang
et al., 2025), we extend the question encoder with
two narrative-specific conditioning signals, a task-
type embedding e, and question features f;, while
retaining the Hadamard decoder and BCE training
objective. The model encoder remains unchanged.

Model encoder. Each model M; is represented

by a trainable embedding vector V%) € R?, ini-
tialised from N(0,0.01) and optimised via back-
propagation. Model weights are never accessed:
the encoder is a lookup table over a trainable matrix
E,, € RV*? whose rows constitute the narrative

competence embeddings of the /N models.

Task-aware question encoder. Each question
qj is encoded by concatenating a frozen sentence
transformer embedding (all-mpnet-base-v2, 768-d
(Reimers and Gurevych, 2019)), a learned task-
type embedding e;, € R? and scalar question

)

features f; € R% comprising input length bins,
dataset source (one-hot), and estimated difficulty
cfj. The estimated difficulty is defined as czj =
1-— % ZZ Y, the empirical error rate across all N
models in the training split; it is set to 0 for vali-
dation and test questions to prevent label leakage.
The effect of including cfj is analysed in Table 3:
it improves routing but degrades forecasting, sug-
gesting that difficulty scores bias the correctness
predictor toward the majority class. These three
components are concatenated and projected to the
shared embedding space:

V((IJ) = hproj([gST(qj) H €r; H fj]) ) (1)
where hpyo; : R708+dr+ds — R g a single linear
layer and H denotes concatenation. This design
allows the question encoder to capture both seman-
tic content (via gst) and structural properties (task
type, source, and difficulty) in a unified representa-
tion, without modifying the decoder architecture.

Decoder. The probability that model M; cor-
rectly answers question g; is estimated as follows:

s =o(o(vid oviD)),

where ® denotes the Hadamard product, ¢ : R% —
R? is a linear classifier, and o applies the sigmoid
to the difference between the two output logits.

2

Training objective. Parameters
{Em, hproj, @, {€r }re7} are jointly optimised by
minimising binary cross-entropy loss:

|D|Zleogs” +(1-Y;;) log(1— s”)]
3)

Relation to matrix factorisation. The system in
Equations (1), (2) and (3) extends standard low-
rank matrix factorisation (Koren et al., 2009) in
two ways: the question factor is not a free pa-
rameter but a structured encoding of semantic and
task-type content, and the model factor is condi-
tioned on question features via the Hadamard in-
teraction. Unlike scalar item response theory (IRT)
models (Vivek et al., 2024), which estimate a sin-
gle latent ability per model, our embeddings are
d-dimensional vectors encoding distinct narrative
competence profiles.
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4.3 Model Combination Strategies

Once training converges, E,, and the question en-
coder are frozen. For a test question g, the vector
84 € [0, 1]V of predicted correctness scores is com-
puted in a single forward pass. We define three
routing strategies (MF-1, MF-k, MF-ctx) and com-
pare them against two baselines (SB, WR) :

MF-1 routes to the highest-scoring model:
M*(q) = argmax; §;4, the direct narrative-
domain adaptation of EmbedL.LM (Zhuang et al.,
2025). MF-k selects the k highest-scoring models
and takes a majority vote over their answers; we
evaluate k € {3, 5,10} and select the best k on the
validation set. MF-ctx is the full model combin-
ing MF-1 with complete contextual conditioning
(er and f; in Equation 1). SB always routes to
the model with the highest average training accu-
racy, regardless of the question: WR routes are
randomly weighted by the MF-1 routing distribu-
tion, isolating the benefit of question-level discrim-
ination from the effect of preferring better models
more frequently.

Model e f; Routing Forecast
MF-1 (base) X X 70.4 65.3
MF-1 + task v oox 71.1 65.4
MF-1 + features x v 70.9 574
MF-ctx(full) v v 71.1 574

Table 3: Ablation of contextual conditioning in the ques-
tion encoder. e;: task-type embedding. f;: question
features (length, source, difficulty). Routing accuracy
and correctness forecasting accuracy (%) on the test set.

Table 3 shows that e, improves routing by 0.7
points with negligible effect on forecasting, while
f; introduces a trade-off: routing improves slightly
but forecasting accuracy drops from 65.3% to
57.4%, likely because difficulty scores bias the
predictor toward the majority class. We retain the
full model for routing experiments and report base
model results for forecasting.

4.4 Downstream Applications

Beyond routing, frozen embeddings E,,, support
two additional tasks with a single linear layer: cor-
rectness forecasting predicts Y;; for a held-out
(model, question) pair from the frozen decoder
without fine-tuning; and benchmark accuracy
prediction trains a linear regression E,,,3 ~ a to
predict per-dataset accuracy without any additional
inference.

5 Experimental Setup

Models. We evaluate 49 open-weight LLMs
in a zero-shot manner (50 minus TinyLlama-
1.1B, excluded for systematic format failure),
spanning 360M-9B parameters across general-
purpose, chat-optimised, and one code-specialised
model (Qwen2.5-Coder-7B). The full list is in Ap-
pendix B.

Inference. Models are evaluated using
vLLM (Kwon et al., 2023) (v0.19.1) on NVIDIA
L40S 48GB GPUs. Each model receives a
narrative-expert system prompt followed by
the passage, question, and labelled choices.
Generation is constrained to 3 output tokens (1,024
for reasoning models) to enforce single-letter
responses; the first letter (A-D) is extracted as the
answer.

Embedding training. Questions are encoded
with frozen all-mpnet-base-v2 (Reimers and
Gurevych, 2019). Embedding dimension d, learn-
ing rate, and batch size are tuned across 16 config-
urations; full details are in Appendix A.

Baselines. Beyond SB and WR (Section 4.3), we
compare against KNN, which uses each model’s
correctness vector on training questions as an im-
plicit representation and classifies via k-nearest
neighbours (k tuned on validation).

Metrics. We report routing accuracy (the pro-
portion of correctly answered test questions, glob-
ally and per dataset), oracle routing gap (oracle
vs. SB, quantifying headroom for any routing sys-
tem), correctness forecasting accuracy on held-
out (model, question) pairs, and benchmark accu-
racy prediction via Kendall’s 7 across 100 random
model splits.

6 Results

6.1 LLM Performance on NARRATOR

Zero-shot LLM performance is reported in Ap-
pendix C across the six datasets. Three observa-
tions emerge.

Model size is a poor predictor of narrative com-
petence. Granite-3.1-2B (63.0%) outperforms Yi-
1.5-9B (54.5%) overall, and Hermes-3-8B (68.2%)
outperforms Llama-3.1-8B (64.2%) despite com-
parable parameter counts. The Spearman corre-
lation between parameter count and overall ac-
curacy is p = 0.615 (p < 0.001), confirm-
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ing that size explains only a fraction of perfor-
mance variance (p?> = 0.38) and that architec-
tural and training differences account for the re-
mainder. Moreover, model family matters more
than size: Qwen2.5 scales consistently across size,
while Qwen3 slightly underperforms at comparable
parameter counts, suggesting that disabling chain-
of-thought reasoning removes beneficial implicit
narrative reasoning.

Competence profiles are highly heterogeneous.
No model dominates across all datasets. Qwen?2.5-
Coder-7B leads in NarraDetect (88.3%) despite
being code-specialised. However, it ranks 19th
overall (60.5%). InternLM2.5-7B reaches 99.1%
on ROCStories but ranks 4th overall (67.3%). This
heterogeneity motivates sub-task-aware routing: an
oracle router achieves 97.1% accuracy compared
to 70.5% for the single-best model. For 97.1% of
test questions, at least one of the 49 models an-
swers correctly, confirming that the model pool
provides complementary coverage across narrative
sub-tasks. The gap of 26.3 points between this cov-
erage ceiling and the single-best model (70.5%)
quantifies the maximum gain achievable by a per-
fect per-question router which motivates sub-task-
aware model selection.

Annotation quality is consistent with empirical
difficulty. MND, with the lowest IAA (Fleiss
k = 0.24), yields near-random performance across
all models (25-37% against a 25% chance base-
line). ROCStories, verified to 100% human accu-
racy, is the easiest dataset (>95% for top models).
This directional consistency across the two datasets
with reported IAA motivates the geometric analy-
sis in Section 7.3, which provides a richer signal
across all six datasets.

6.2 Correctness Forecasting

Table 4 shows that MF base (65.3%) marginally
outperforms KNN (kK = 20, 65.0%), confirm-
ing that the learned embeddings capture model-
specific correctness patterns beyond simple nearest-
neighbour retrieval in question space. However,
MF-ctx (57.4%) underperforms both baselines, a
consequence of the trade-off identified in Table 3:
question features f; improve routing but bias the
correctness predictor towards the majority class.
We therefore report MF base as our primary fore-
casting result.

Method Accuracy (%)
KNN (k = 20) 65.0
MF base (ours) 65.3
MF-ctx (full) 574

Table 4: Correctness forecasting accuracy on held-out
model—question pairs.

Method MND MPST NarDet ROCSt StoryDB Sem26 Overall

SB 31.0 43.0 86.7 95.6 752 79.9 70.5
WR 29.8 40.0 71.9 872 54.8 67.1 68.5
MEF-1 29.6 459 86.7 99.2 752 815 71.1
MF-3 28.0 43.6 87.7 98.3 72.5 84.1 69.2
ME-5 27.6 41.8 875 97.8 715 82.5 68.2
MF-10 23.6 40.5 86.7 98.1 67.0 81.8 65.0
Oracle 97.0 93.3 99.3 100.0 97.1 100.0 97.1

Table 5: Routing accuracy (%) per dataset and overall.

6.3 Model Routing

Table 5 reports routing accuracy for all strategies
on the test set (best hyperparameters: d = 128,
Ir = 1074, bs = 1024). MF-1 (71.1%) outper-
forms the single-best router SB (70.5%) and sub-
stantially outperforms the weighted random base-
line WR (68.5%), confirming that the learned em-
beddings capture question-level model strengths
beyond aggregate accuracy. MF-k strategies un-
derperform MF-1 in this configuration, suggesting
that majority voting introduces noise when model
competencies are heterogeneous. Per-dataset re-
sults range from near-perfect (ROCStories 99.2%)
to near-random (MND 29.6%), which is consistent
with the annotation quality gradient.

6.4 Benchmark Accuracy Prediction

Table 6 reports Kendall’s 7 significance across 100
random model splits. The MF embeddings pre-
dict per-dataset accuracy with statistically signifi-
cant correlation on 91-97% of splits across all six
datasets, with mean 7 ranging from 0.710 (MPST)
to 0.734 (ROCStories). Notably, MND achieves
96% significance despite being the hardest dataset
for routing (29.6%). The embeddings capture rela-
tive model rankings on MND even when absolute
performance is near-random. This suggests that the
embedding space encodes latent difficulty struc-
tures that are not visible in aggregate accuracy.

7 Probing the Narrative Embedding
Space

We conduct a series of probing experiments using
the frozen embeddings from the best configuration
(d=128,Ir = 107, bs = 1024).
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Dataset Significance (%) Mean 7
NarraDetect 93 0.714
MPST 91 0.710
StoryDB 96 0.733
MND 96 0.727
ROCStories 97 0.734
SemEval-2026 93 0.728

Table 6: Benchmark accuracy prediction: proportion of
100 random model splits with statistically significant
Kendall’s 7 (p < 0.05) between predicted and actual
per-dataset accuracy. Best configuration: d = 128,
Ir = 1074, bs = 1024.

7.1 Structural Validity of Model Embeddings

We verify that models with similar characteris-
tics are closer in ¢5 distance than dissimilar ones.
We define six binary communities based on pa-
rameter count (1B, 3B, 7B+) and model family
(Qwen, Llama, Mistral) and compare mean intra-
community vs. inter-community /o distances.
Table 7 reports the results. Size-based commu-
nities (1B, 3B, 7B+) show consistent intra < inter
separation (ratios 0.667—0.867), confirming that
parameter count organises the embedding space.
Family-based separation is more nuanced: Mis-
tral versions cluster tightly (ratio 0.753), while
Qwen and Llama models are more dispersed than
their inter-community distances (ratios 1.082 and
1.160 respectively), reflecting their wide parameter
ranges (0.5B-9B) which introduce more within-
family variance than between-family variance.

Community N Intra/¢, Inter ¢/ Ratio
1B models 16 0.784 0.904 0.867
3B models 11 0.455 0.683 0.666
7B+ models 22 0.548 0.768 0.714
Qwen family 11 0.796 0.736 1.082
Llama family 3 1.000 0.861 1.160
Mistral family 3 0.454 0.604 0.753

Table 7: Mean intra- vs. inter-community /5 distances.
Ratio < 1 indicates models within a community are
closer to each other than to outside models. Size-based
communities show consistent separation (ratio < 1).

7.2 Task-Type Geometry of Question
Embeddings

We probe whether the question embedding space
encodes narrative task-type structure by training a
linear classifier to predict the dataset source s; from
(4)

the frozen question embedding v, using 5-fold

cross-validation. The linear probe achieves 99.9%
accuracy against a chance level of 1/6 ~ 16.7%,
confirming that the embedding space separates nar-
rative sub-tasks. Figure 1 shows a t-SNE projection
of 5,000 randomly sampled question embeddings,
coloured by dataset source.

t-SNE of question embeddings by dataset source

MND
MPST

NarraDetect
ROCStories
SemEval-2026Task-4
StoryDB

60

40

-40

-80 -60 -40 -20 0 20 40 60

Figure 1: Projection of 5,000 question embeddings
coloured by dataset source.

7.3 Annotation Quality as a Geometric Signal

Dataset Mean /o TAA
NarraDetect 0.841 a=0.37
StoryDB 0.539 —

MPST 0.374 —

MND 0.367 k=0.24
SemEval-2026 0.277 Human-annotated
ROCStories 0.197 Human ceiling

Table 8: Mean pairwise /2 distance between question
embeddings within each dataset, sorted by dispersion.

Table 8 shows that NarraDetect has the high-
est dispersion (¢ = 0.841), reflecting its broad
domain coverage across 18 genres rather than its
moderate IAA alone. ROCStories, with human-
verified labels, is the most tightly clustered ({2 =
0.197). Interestingly, MND exhibits low disper-
sion (¢ = 0.367) despite its low inter-annotator
agreement (k = 0.24), suggesting that its questions
are semantically similar but unreliably labelled due
to annotation noise rather than semantic ambigu-
ity. This finding refines our hypothesis: embedding
dispersion reflects semantic diversity rather than
annotation quality directly, though the two are cor-
related across most datasets. This reframes MND’s
role in NARRATOR: far from being a noisy outlier, it
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serves as a controlled calibration case whose ge-
ometric isolation reflects annotation noise rather
than semantic ambiguity. This distinction would
be invisible from agreement scores alone.

7.4 Model Family Structure

Figure 2 shows a t-SNE projection of the 49 model
embeddings coloured by model family. Models
organise primarily by parameter count rather than
family: smaller models cluster toward the bottom-
right regardless of architecture. The size-based or-
ganisation of the embedding space reflects average
behavioural similarity, not per-question predictabil-
ity; the two are distinct, and it is the latter that
routing targets.

t-SNE of model embeddings by family

7.5

5.0

0.0

-25

-75

2 4 6 8 10 12

Figure 2: Projection of 49 model embeddings coloured
by family.

8 Conclusion

‘We introduced NARRATOR, a unified benchmark of
96,818 MCQ spanning four sub-tasks and a binary
correctness matrix of 50 open-weight LLMs, pro-
viding an evaluation resource and a behavioural
snapshot of current LLMs on narrative tasks. Our
results show that narrative competence profiles are
heterogeneous and not predicted by model size, and
an oracle routing gap of 26.3 points confirms sub-
stantial headroom for sub-task-aware selection. A
matrix factorisation framework learns compact nar-
rative competence embeddings from behavioural
correctness data alone, supporting routing (71.1%
vs. SB 70.5%), forecasting (65.3%), and bench-
mark accuracy prediction (mean 7 0.71-0.73, sig-
nificant on 91-97% of splits). Probing shows
that task-type structure and annotation quality are
geometrically encoded in the embedding space.

NARRATOR, data and code are publicly released.”
Future work includes inductive model encoding
from small probe sets, without full retraining, the
integration of entity and role analysis datasets as
a fourth narrative sub-task, cross-dataset transfer
analysis, and extension to multilingual and multi-
modal narratives, a direction we are currently pur-
suing with a parallel English-Chinese corpus of
news narratives.

Limitations

Our model pool is restricted to open-weight models
of up to 9B parameters, which represent the most
practically deployable range for narrative NLP ap-
plications. Extension to larger models (70B+) and
to closed-weight APIs is left for future work, as
is the question of whether behavioural embedding
quality scales with model size.

All models are evaluated under a single system
prompt. Prompt sensitivity, which is relevant for
smaller and older models with less instruction tun-
ing, is not explored and may affect the correctness
matrix and the resulting embeddings. Our training
signal is binary (correct/incorrect); richer signals
such as calibrated probabilities or human prefer-
ence judgments could improve embedding expres-
sivity.

The current framework requires retraining when
new models are added to the pool, as model embed-
dings are learned parameters rather than being com-
puted from model weights. NARRATOR is currently
limited to written English narratives. Multilingual,
visual and spoken narratives are out of scope. Two
planned datasets (DIPROMATS, SemEval-2025
Task 10) could not be included due to access re-
strictions at the time of construction.

Finally, MCQ may underestimate model capa-
bilities on generative narrative tasks such as open-
ended comprehension or story generation.
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A Hyperparameter Details

We explored 16 combinations of hyperparameters
as indicated in Table 9 and selected best configu-
ration on validation using MF-1. Full results are
presented Table 10.

Hyperparameter Values / Setting
Embedding dim d {32,64, 128,256}
Learning rate {107%,107*}
Batch size {1024, 2048}
Task emb. dim d- 16

Question feature dim dy 10

Optimiser Adam

Weight decay 1074

Early stopping patience 5 epochs

Max epochs 50

ST model all-mpnet-base-v2

Table 9: Hyperparameter grid and fixed settings.

d Ir bs MF-1 7 mean
32 1072 1024 69.7 0.519
32 1072 2048 70.6 0.507
32 107 1024 704 0.510
32 107* 2048 704 0.523
64 1072 1024 707 0.543
64 1072 2048 708 0.602
64 107* 1024 70.6 0.648
64 107 2048 704 0.655
128 1072 1024  70.1 0.578
128 1072 2048 68.5 0.658
128 107% 1024 711 0.724
128 107% 2048 705 0.750
256 107% 1024  69.6 0.533
256 107 2048 70.2 0.581
256 107% 1024 707 0.778
256 107* 2048 705 0.784

Table 10: Grid search results across 16 configura-
tions. Bold: best MF-1 routing accuracy and best mean
Kendall’s 7. The selected configuration (d = 128,
Ir= 104, bs= 1024) maximises routing accuracy.

B Full Model List

The detailled list of LLMs, number of params, fam-
ily, and type are presented in Table 11.

Model Params Family Type

Qwen2.5-7B-Instruct 7B Qwen General
Qwen2-7B-Instruct 7B Qwen General
Qwen2.5-3B-Instruct 3B Qwen General
Qwen2.5-1.5B-Instruct 1.5B Qwen General
Qwen2.5-0.5B-Instruct 0.5B Qwen General
Qwen2-1.5B-Instruct 1.5B Qwen General
Qwen2.5-Coder-7B 7B Qwen Code

Qwen3-8B 8B Qwen General
Qwen3-4B 4B Qwen General
Qwen3-1.7B 1.7B Qwen General
Qwen3-0.6B 0.6B Qwen General
Llama-3.1-8B-Instruct 8B Llama General
Llama-3.2-3B-Instruct 3B Llama General
Llama-3.2-1B-Instruct 1B Llama General
Mistral-7B-v0.1 7B Mistral General
Mistral-7B-v0.2 7B Mistral General
Mistral-7B-v0.3 7B Mistral General
Granite-3.1-2B 2B Granite General
Granite-3.2-2B 2B Granite General
Granite-3.2-8B 8B Granite General
Phi-3-mini-4k 3.8B Phi General
Phi-3.5-mini 3.8B Phi General
Phi-4-mini 3.8B Phi General
Phi-1.5-1.3B 1.3B Phi General
Gemma-2-2B-IT 2.7B Gemma General
Gemma-3-4B-IT 4B Gemma General
Gemma-3-1B-IT 1B Gemma General
InternLM2.5-7B 7B InternLM  General
InternLM2.5-1.8B 1.8B InternLM  General
EXAONE-3.5-7.8B 7.8B EXAONE  General
EXAONE-3.5-2.4B 2.4B EXAONE  General
Hermes-3-8B 8B Hermes Chat

OpenHermes-2.5-7B 7B Hermes Chat

OpenChat-3.5-7B 7B OpenChat  Chat

Dolphin-2.9-7B 7B Dolphin Chat

Vicuna-7B-v1.5 7B Vicuna Chat

Zephyr-7B-beta 7B Zephyr Chat

Zephyr-7B-Gemma 7B Zephyr Chat

Falcon3-7B-Instruct 7B Falcon General
Falcon3-3B-Instruct 3B Falcon General
Falcon3-1B-Instruct 1B Falcon General
Yi-1.5-9B-Chat 9B Yi Chat

Yi-1.5-6B-Chat 6B Yi Chat

OLMo-2-7B 7B OLMo General
MiniCPM3-4B 4B MiniCPM  General
SmolLM2-1.7B 1.7B SmolLM General
SmolLM2-360M 0.36B SmolLM General
StableLM-Zephyr-3B 3B StableLM  Chat

StableLM2-Zephyr-1.6B  1.6B StableLM  Chat

Table 11: The 49 LLMs evaluated in NARRATOR zero-
shot setting, grouped by model family. Parameter counts
are approximate. TinyLlama-1.1B is excluded due to
systematic format-following failure (generates verbose
multi-token outputs instead of single letters).

C Zero Shot Accuracy

Accuracy performances for all models using the six
datasets are presented in Table 12.
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D NARRATOR Samples

In this section, we present examples of the multiple-
choice transformation of the NARRATOR benchmark,
illustrated for each of the six source datasets: Nar-
raDetect (Table 13), MPST (Table 14), StoryDB
(Table 15), MND (Table 16), ROCStories (Ta-
ble 17), and SemEval-2026 (Table 18).

E MCQ Transformation Examples

Table 19 illustrates the transformation pipeline for
two datasets. Each item shows the original format
alongside the resulting NARRATOR MCQ item.

F Per-Model Format Failure Rates

Table 20 reports the percentage of —1 labels (failed
format responses) per model. TinyLlama-1.1B is
excluded entirely due to systematic failure. For
the remaining 49 models, failure rates are sparse
(almost < 1%) and show no systematic pattern cor-
related with question difficulty or dataset source.

Model -1 rate (%)
InternLM2.5-1.8B 0.003%
InternLM2.5-7B 0.001%
Vicuna-7B-v1.5 0.002%
Phi-1.5-1.3B 1.217%
Mistral-7B-v0.1 0.095%
Mistral-7B-v0.2 0.476%
Mistral-7B-v0.3 0.005%
MiniCPM3-4B 0.001%
OpenChat-3.5-7B 0.031%
StableLM2-Zephyr-1.6B 4.869%
OpenHermes-2.5-7B 0.212%

Table 20: Per-model format failure rates (—1 labels).
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Model Params MND MPST NarDet ROCSt Sem26 StoryDB Overall

Qwen2.5-7B-Instruct 7B 35.8 434 87.5 95.9 84.4 74.9 70.9
Qwen2-7B-Instruct 7B 29.4 42.6 86.1 95.6 85.2 72.0 68.5
Hermes-3-8B 8B 329 44.6 81.0 95.7 77.4 72.3 68.2
InternLM?2.5-7B 7B 31.5 46.3 86.1 99.1 85.1 68.5 67.3
EXAONE-3.5-7.8B 7.8B 31.6 44.0 87.0 98.3 82.2 65.4 65.1
OpenChat-3.5-7B 7B 34.1 459 83.2 98.9 86.0 65.4 65.1
Llama-3.1-8B-Instruct 8B 30.7 43.6 83.8 96.6 59.3 66.0 64.2
Qwen3-8B 8B 29.7 41.7 87.5 96.4 79.7 64.4 64.0
OLMo-2-7B 7B 26.7 44.7 85.8 90.8 80.3 64.6 63.9
Granite-3.1-2B 2B 28.4 39.8 81.9 91.6 64.8 65.7 63.0
Granite-3.2-2B 2B 29.0 40.3 78.5 91.0 60.5 65.9 62.6
Qwen2.5-3B-Instruct 3B 333 41.6 78.0 84.2 69.6 65.1 62.5
Phi-3-mini-4k 3.8B 30.7 44.0 87.1 97.0 81.3 60.3 62.0
Dolphin-2.9-7B 7B 31.1 39.0 77.4 96.3 74.4 64.0 61.9
Falcon3-7B-Instruct 7B 27.9 47.1 85.7 96.5 83.2 59.1 61.5
Mistral-7B-v0.1 7B 31.9 44.4 79.5 93.8 62.4 62.1 61.4
Phi-3.5-mini 3.8B 30.6 48.9 84.5 96.5 69.5 58.8 61.1
Qwen2.5-1.5B-Instruct 1.5B 33.6 48.4 75.7 91.5 76.0 60.4 60.9
Qwen2.5-Coder-7B 7B 36.9 44.6 88.3 95.8 80.6 56.8 60.5
MiniCPM3-4B 4B 34.4 41.7 85.1 95.8 83.5 57.8 60.1
Gemma-2-2B-IT 2.7B 30.9 453 77.7 89.0 67.2 58.3 59.0
OpenHermes-2.5-7B 7B 33.8 44.5 79.8 96.1 83.9 55.7 58.6
Vicuna-7B-v1.5 7B 323 39.3 75.5 74.1 68.3 60.1 584
Granite-3.2-8B 8B 334 39.1 74.0 96.9 69.0 58.3 58.1
Zephyr-7B-beta 7B 32.0 42.6 85.4 93.1 68.9 54.5 57.7
Gemma-3-4B-IT 4B 323 40.0 87.5 94.4 82.1 52.6 57.0
Qwen3-4B 4B 31.3 35.0 85.6 92.5 78.8 53.6 56.3
Qwen2-1.5B-Instruct 1.5B 30.7 36.7 62.3 92.6 72.7 58.5 56.0
InternLM2.5-1.8B 1.8B 354 46.3 64.8 89.9 66.7 54.9 55.6
Qwen3-1.7B 1.7B 31.2 40.1 80.5 81.6 57.1 54.0 55.5
EXAONE-3.5-2.4B 2.4B 26.6 36.2 86.7 96.6 79.2 51.5 55.3
Phi-4-mini 3.8B 28.9 43.1 82.6 95.7 80.3 49.9 54.9
Zephyr-7B-Gemma 7B 33.7 40.0 80.7 94.7 60.3 51.5 54.8
Yi-1.5-9B-Chat 9B 34.0 39.2 87.1 96.2 81.8 48.4 54.5
Falcon3-3B-Instruct 3B 33.7 38.0 75.2 91.6 75.0 514 54.0
SmolLM2-1.7B 1.7B 27.9 28.6 61.9 82.5 50.1 58.5 535
Mistral-7B-v0.2 7B 324 48.3 85.2 89.7 55.8 46.1 53.1
StableLM-Zephyr-3B 3B 29.1 40.8 83.0 90.8 71.1 47.5 52.8
Mistral-7B-v0.3 7B 334 40.1 74.8 94.3 54.5 49.6 52.7
Yi-1.5-6B-Chat 6B 25.3 36.2 74.9 93.7 79.5 49.8 52.5
Llama-3.2-3B-Instruct 3B 25.7 33.7 71.1 89.4 53.8 46.1 48.5
Gemma-3-1B-IT 1B 25.0 42.5 64.9 64.5 50.3 44.8 47.1
Falcon3-1B-Instruct 1B 24.8 35.8 62.4 774 57.9 422 44.9
Phi-1.5-1.3B 1.3B 304 36.4 61.8 83.7 304 423 44.7
Qwen2.5-0.5B-Instruct 0.5B 30.5 39.2 61.8 55.6 51.2 42.0 44.5
Llama-3.2-1B-Instruct 1B 234 40.5 61.9 70.4 49.7 40.1 43.7
Qwen3-0.6B 0.6B 24.5 31.1 82.5 64.5 50.1 37.6 43.6
StableLM2-Zephyr-1.6B 1.6B 28.4 29.9 68.2 55.0 56.9 39.2 424
SmolLM2-360M 0.36B 25.1 26.2 78.0 51.6 47.0 26.6 352

Table 12: Zero-shot accuracy (%) of 49 LLMs on NARRATOR, sorted by overall accuracy. Bold: best per column.
MND performance is near-random for all models, consistent with its low inter-annotator agreement (x = 0.24).

43301



Task: Binary — is the text a narrative or not?

Text: "Confidentiality. Concurrently with this Agreement, the parties shall enter into a
confidentiality agreement (the "Confidentiality Agreement”), a copy of which has been
attached hereto as Exhibit A, which shall govern the confidentiality of any Confidential
Information..."

Question: Is this text a narrative?

A) Yes, this text contains a narrative with story elements

B) No, this is expository or non-narrative text

Table 13: Random sample of the NarraDetect in the MCQ format. Correct answer is B for this example.

Task: Identify the primary genre tag of a movie plot synopsis (4 choices, 3 distractors)

Text: "In 1969, ten-year-old Frank Sears is confronted by his hysterical mother Eleanore,
who carves the message 'S3 V12' into the palms of his hands with a pencil and warns him
to never forget her warning before murdering her husband and committing suicide...”
Question: What is the primary genre or theme of this movie plot?

A) murder

B) psychedelic

C) romantic

D) revenge

Table 14: Random sample of the MPST in the MCQ format. Correct answer is A for this example.

Task: Identify the genre of a Wikipedia story plot (4 choices, 3 distractors).

Text: "<p>The story follows survivors dealing with a pandemic that causes its victims to
carry out their most evil thoughts. Carriers of the virus are generally known as the
'Crossed' due to a large, cross-like rash that appears on their faces...”

Question: What is the genre of this story?

A) film

B) comedy

C) horror

D) television

Table 15: Random sample of the StoryDB in the MCQ format. Correct answer is C for this example.

Task: Identify the Save the Cat story beat for a movie scene (4 choices). Scene dialogue comes from
OpenSubtitles ‘.srt‘ files aligned to MND scene timestamps (42/45 movies covered; 3 fall back to scene
feature metadata).

Text: "[Harry Potter And The Sorcerer's Stone, scene 174] Take care of Ron.

Then go to the owlery. Send a message to Dumbledore. Ron's right. I have to go on.
You'll be okay, Harry. You're a great wizard. You really are. Not as good as you.
Me? Books and cleverness. There are more important things. Friendship and bravery.
And, Harry, just be careful.”

Context: Harry Potter And The Sorcerer's Stone

Question: What is the narrative function of this movie scene?

A) Finale

B) Final Image

C) Break Into Three

D) Dark Night of the Soul

Table 16: Random sample of the MND in the MCQ format. Correct answer is A for this example.
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Task: Choose the correct ending to a 4-sentence story (2 choices).

Text: "Katie decided it would be fun to dye some Easter eggs. She got her siblings
together and they started dying a dozen. They chose all different colors. When they
were done they looked beautiful.”

Question: Which ending correctly completes this story?

A) They were proud of their eggs.

B) They were sad about the eggs.

Table 17: Random sample of the ROCStories in the MCQ format. Correct answer is A for this example.

Task: Which of two candidate stories is more narratively similar to an anchor story (2 choices)?

Anchor: "Grammy Award-winning music act Milli Vanilli become the first act to have
their prize stripped after being exposed as a fake enterprise with lip-syncing singers.
The movie follows their meteoric rise to one of the most successful pop duos..."
Question: Which story (A or B) is more narratively similar to the anchor story?
A) Story A: "The landowner Philipp Klapproth finances his nephew's medical studies.
The truth is, the nephew has completely different plans he can neither see blood,
nor has he ever studied medicine...”
B) Story B: "In 1927, unemployed actor Harry Frommermann creates a German singing group.
They meet international fame but eventually run into trouble when the Nazis come to power..."

Table 18: Random sample of the SemEval-2026 Task 4 in the MCQ format. Correct answer is A for this example.

Original format NARRATOR MCQ

MPST (illustrative)

plot_synopsis: “Jules and Vincent, two hitmen...” Text: “Jules and Vincent, two hitmen...”

tags: cult, violence, nonlinear, dark question: What is the primary genre or theme?

choices: [A. cult, B. romance, C. dark, D. biography]
answer: A (cult)

MND (illustrative)

movie: Pulp Fiction, scene: 12 Text: “{Extracted from OpenSubtitles str files using

beat_label: Set-Up scene-timestamp information}...”

features: dur=45.3s, shots=12 guestion: What is the narrative function of this scene?
choices: [A. Midpoint, B. Set-Up, C. Finale, D. Bad
Guys Close In]

answer: B (Set-Up)

Table 19: Illustrative MCQ transformation examples for MPST and MND. Original labels are preserved in metadata.
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