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Abstract

Assessing narrative language is essential for evaluating early literacy devel-
opment, but manual scoring of children’s narratives is labor-intensive and
requires expert training. In this work, we study whether large language
models (LLMs) can reliably assess narrative structure in K–5 student stories,
focusing on rubric-based scoring of discourse elements such as character,
setting, and problem. We present a systematic evaluation of LLM-based
scoring across two expert-annotated datasets of transcribed oral narratives,
comparing fine-tuning and few-shot prompting approaches across a range
of modern LLM architectures. Using human inter-rater reliability (IRR)
as a reference, we find that even smaller-sized fine-tuned LLMs achieve
near-human Quadratic Weighted Kappa (QWK) accuracy on in-distribution
narratives, while few-shot prompting is less accurate. However, fine-tuned
models do not generalize robustly and exhibit substantial degradation on
out-of-sample story types. We find that few-shot prompting is competitive
in low-resource settings, while fine-tuning is preferable when sufficient
labeled data is available. This underscores a need for further research in
low-resource automated narrative assessment.

1 Introduction

A narrative is a telling or retelling of causally and temporally related events, such as the
characters, problem, attempts to resolve it, emotional responses, and the outcome. Narra-
tives serve as an important marker of linguistic and cognitive development. A substantial
body of research has shown that early oral narrative skills are strong predictors of later
reading comprehension and writing ability (Bishop & Edmundson, 1987; Dickinson & Mc-
Cabe, 2001; Snow et al., 2007; Kim et al., 2015). In educational settings, the assessment of
children’s narrative skills is important in monitoring language development and screening
for developmental language disorders. One widely used approach to assessing narratives
involves evaluating macrostructural features, such as the presence and clarity of canonical
discourse elements: Character, Setting, Problem, Plan, Action, Consequence, and Ending.
This type of scoring, often guided by story grammar rubrics, provides a structured way to
assess narrative coherence and complexity (Greenhalgh & Strong, 2001).

*Equal contribution.
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Narrative assessment is time-consuming and requires substantial expertise. Teachers and
specialists must be trained to recognize the story features and apply the rubrics consistently.
The effort required for narrative assessment is often beyond what educators can accom-
modate in their busy schedules, and this challenge has motivated research into automated
assessment systems. Early efforts focused on rule-based systems such as CLAN (MacWhin-
ney & Snow, 1985), and LLUNA (Fox et al., 2022), using metrics derived from word counts
and lexical and morphological variables. Traditional machine learning approaches such
as random forests have also been employed for automated assessment (Somasundaran
et al., 2015) using expert-crafted linguistic features. More recently, deep learning approaches
have been applied to narrative scoring tasks and have shown improved performance over
traditional approaches (Jones et al., 2019; Fernandez et al., 2022).

Large language models (LLMs), particularly instruction-tuned models such as the GPT
family (Brown et al., 2020; Ouyang et al., 2022), have enabled new approaches to educational
assessment by supporting both few-shot prompting (FSP), a term often used interchangeably
with in-context learning (ICL) in the literature, and task-specific fine-tuning. These models
have been successfully applied to a range of educational tasks, including automated essay
scoring and short-answer grading (Mizumoto & Eguchi, 2023). Prior work in automated
essay scoring (AES) has explored both encoder-based and generative approaches for multi-
trait scoring, including fine-tuned BERT models (Fernandez et al., 2022), sequence-to-
sequence methods such as T5 (Do et al., 2024a), and rationale-augmented or reinforcement
learning-based pipelines that aim to align predictions with scoring rubrics (Chu et al., 2024;
Do et al., 2024).

These advances suggest that LLMs may be capable of assessing more complex aspects
of student language, including narrative discourse. However, relatively little is known
about how well current models can evaluate structured narrative elements in children’s oral
storytelling, particularly in settings with limited labeled data and variation across narratives.
In this work, we address this gap by systematically evaluating LLM-based approaches to
scoring narrative discourse elements in K–5 student narratives.

We evaluate a range of model families, including encoder-based models (e.g., BERT,
RoBERTa (Liu et al., 2019), DeBERTa (He et al., 2021), ModernBERT (Warner et al., 2024)),
sequence-to-sequence models (FLAN-T5 (Chung et al., 2024)), and decoder-only large lan-
guage models (e.g., GPT-3.5/4, LLaMA (Grattafiori et al., 2024), Mistral (Jiang et al., 2023),
Qwen (Bai et al., 2023), and DeepSeek-R1 (Guo et al., 2025)). For decoder-only LLMs, we
consider both FSP approaches and task-specific fine-tuning. As a traditional baseline, we
include a Random Forest model trained on linguistic features. To contextualize model per-
formance, we also report human inter-rater reliability (IRR), which serves as an approximate
upper bound on achievable agreement.

Our evaluation is conducted on two datasets of transcribed oral narratives from K–5 stu-
dents, annotated using established rubric-based scoring schemes. We consider both in-
sample and out-of-sample settings to assess generalization across story types. Performance
is measured using Quadratic Weighted Kappa (QWK), a standard metric for agreement
in educational assessment. In addition, we examine the impact of training data size and
prompting strategies, enabling a comparison between data-efficient few-shot prompting
and fully supervised fine-tuning approaches.

This work provides a systematic study of LLM-based narrative assessment in a low-resource
educational setting. Our contributions are threefold: (1) a unified evaluation framework
that compares multiple model families under consistent conditions and against human
agreement; (2) an analysis of the trade-offs between few-shot prompting and fine-tuning,
including their data efficiency; and (3) empirical evidence that, while LLMs can achieve
near-human agreement on in-sample data, their performance degrades under distribution
shift, highlighting limitations for real-world deployment.
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Table 1: Definition of rubrics and their score ranges for each dataset

Rubrics Definition Alien
Data

ALPS
Data

Character (Char) Who in the story acts as the agent 0–3 0–3
Setting (Sett) Time/place where story takes place 0–3 0–3

Initiating Event (Prob) Event/problem that causes the story 0–3 0–4
Plan (Plan) Idea character has to fix the problem 0–3 NA

Action (Act) The action taken by character 0–3 NA
Plan & Attempt (Att) Plan/action taken by character NA 0–4
Consequence (Con) Event caused by character’s action 0–3 0–4

Ending (End) Action by character at the end NA 0–2
Emotion (Emo) Character’s feeling about the problem NA 0–3

2 Task and Experimental Setup

2.1 Narrative Story Datasets

We evaluate model performance on two datasets of transcribed oral narratives produced
by K–5 students: the Academic Language of Primary Students (ALPS) dataset (Spencer &
Staff, 2023) and the Alien Story dataset (Jones et al., 2019). These datasets differ in elicitation
protocols, scoring rubrics, and narrative diversity, allowing us to assess model performance
across varied narrative assessment conditions. Each narrative is assessed by trained human
raters using rubric-based scoring schemes that assign discrete scores to a set of discourse
elements (e.g., Character, Setting, Problem, Consequence). These elements capture key
aspects of narrative macrostructure and are commonly used in educational assessment.

2.1.1 ALPS Dataset

The ALPS dataset contains 2,695 narratives produced by students in kindergarten through
third grade. Narratives are elicited using picture-based prompts. There were nine sets of
three pictures, referred to as story types. Researchers would randomly pick a picture set and
display the three related pictures to a student. They would either model a grade-appropriate
story and ask the student to retell it or ask the student to generate a story about the pictures
without modeling (Kirby et al., 2021). All narratives are transcribed and assessed by human
experts using the Narrative Language Measures (NLM) framework (Petersen & Spencer,
2012) with discourse elements defined in Table 1. A subset of 823 narratives were assessed
by two different researchers, enabling estimation of inter-rater reliability.

2.1.2 Alien Story Dataset

The Alien Story dataset consists of 414 narratives obtained from K-5 students (Jones et al.,
2019). The narratives were generated in response to prompts from the Test of Narrative
Language-2 (TNL) (Gillam & Pearson, 2004). The stories were elicited by showing a single
image depicting an alien family landing in the park. Narratives were transcribed and
scored by human experts following the Monitoring Indicators of Scholarly Language (MISL)
rubric (Gillam et al., 2017) with six narrative elements from Table 1. All narratives were
independently annotated by two experts.

2.2 Problem Statement

We formulate narrative assessment as a multi-output prediction task: given a transcribed
narrative, the model predicts a vector of rubric-based scores r = {r1, r2, ..., rm}, where
m is the number of discourse elements. This formulation reflects the structured nature
of narrative assessment, where multiple interdependent elements (e.g., problem, action,
consequence) must be evaluated jointly. Model outputs are constrained to valid score ranges
defined by the corresponding rubrics.
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2.3 Models for Narrative Assessment

2.3.1 Random Forest with Coh-Metrix Features (CMRF)

As a classical baseline, we train a Random Forest regression model on 108 linguistic features
extracted using Coh-Metrix (McNamara et al., 2014). These features capture lexical, syntactic,
and discourse-level properties of the narrative. Separate regressors are trained for each
discourse element. This baseline, referred to as CMRF, was proposed in (Somasundaran
et al., 2015) and serves as a lower bound comparison for modern language models.

2.3.2 Encoder-Based Models

We fine-tune encoder-based transformer models, including BERT-large (Devlin et al., 2018),
RoBERTa-large (Liu et al., 2019), DeBERTa-v3-large (He et al., 2021), and ModernBERT-large
(Warner et al., 2024), to predict rubric scores. For each discourse element, a regression head
is applied to the final representation, and models are trained using mean squared error loss.
Predictions are rounded to the nearest valid score.

2.3.3 Sequence-to-Sequence Model

We evaluate FLAN-T5-large (Chung et al., 2024), an instruction-tuned sequence-to-sequence
model, by framing narrative assessment as a text generation task. Given a narrative and
scoring prompt, the model generates structured outputs describing scores for each discourse
element. Numerical scores are extracted via post-processing.

2.3.4 Decoder-Only Language Models

We fine tune several decoder-only instruction-tuned models using an autoregressive objec-
tive, including GPT-3.5, GPT-4o-mini, LLaMA 3 (8B), Mistral-7B-Instruct-v0.3, Qwen3.5-4B,
and DeepSeek-R1-Distill-Qwen-7B. To improve fine-tuning efficiency, we use Low-Rank
Adaptation (LoRA) (Hu et al., 2022), updating a small set of adapter parameters rather than
the full model. All models are trained to jointly predict all rubric scores and outputs are
post-processed to extract numerical predictions.

In addition to fine-tuning, we also evaluated GPT-3.5, GPT-4o-mini, GPT-4o under FSP
paradigm, where models are prompted with task instructions and possibly a small number
of labeled examples, without updating model parameters. For FSP, we experiment with
variations in prompt design, including the number of exemplars and output formats.

The choice between fine-tuning and FSP depends on the availability of labeled examples.
Few-shot prompting is appealing when there are only a few labeled examples or even when
the labeled examples are unavailable. Alternatively, fine-tuning is appealing when the
labeled dataset is sufficiently large, where ”sufficiently large” depends on the application.

2.4 Evaluation Metric

We evaluate model predictions using Quadratic Weighted Kappa (QWK), a standard reliability
metric in educational assessment. It compares predictions to the true labels, adjusts for
agreement that could happen by chance, and rewards close mistakes more than large ones.
It is especially suitable for ordinal data, such as rubric scores, where the magnitude of
disagreement matters. QWK of 1 indicates perfect agreement, while 0 indicates agreement
equivalent to random guessing.

Since both ALPS and Alien dataset have narratives scored by two human annotators,
we can establish an upper-bound on model accuracy as the human inter-rater reliability
(IRR) calculated as QWK between two trained human annotators. The primary coder’s
annotations serve as the ground truth and the secondary coder’s as the prediction. We
compute element-wise and macro-averaged QWK across rubric dimensions.

4



Published as a conference paper at COLM 2026

Figure 1: Comparison of GPT fine-tuning and FSP on ALPS data. (a) Input-output training example
for fine-tuning. (b) Default prompt used for FSP on ALPS data.

3 Experiments

3.1 Experimental Protocol

3.1.1 Data Splits

Using ALPS data, we evaluate model performance on both in-sample and out-of-sample
settings to assess generalization across narrative types. We partition 2,695 narratives across
nine story types in ALPS dataset into: 1) an in-sample subset, consisting of narratives from
six story types, used for training (1,686), validation (186), and testing (573); and 2) an out-
of-sample test set, consisting of 250 narratives from the remaining three story types, which
are not observed during training. This setup enables evaluation of model generalization to
unseen narrative types.

To study data efficiency, we also construct a low-resource setting using 10% of the ALPS
training data (168 examples). In this setting, model selection is performed via 5-fold cross-
validation rather than a held-out validation set.

For the Alien Story dataset (414 narratives), we use a random split of 331 training, 33 valida-
tion, and 50 test examples. As all narratives correspond to a single story type, evaluation on
this dataset reflects in-sample performance.

In both datasets, a subset of narratives is annotated by multiple raters, allowing computation
of human inter-rater reliability (IRR) as an approximate upper bound on model performance.

The summary statistics for both datasets are shown in Table 4 in the Appendix.

3.1.2 Model Training

All models are trained on their respective training sets using consistent input–output formats
based on rubric scoring, as explained in the previous section. Hyperparameter settings
for training and fine-tuning are as follows: CMRF: Random Forest with 100 trees, default
scikit-learn settings. Encoder model fine-tuning: learning rate 5e-5, batch size 8, warmup
steps 25, linear scheduler, 30 epochs. FLAN-T5 fine-tuning: learning rate 1e-4, batch
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size 32, max sequence length 512. Decoder-only LLMs: (LLaMA 3, Mistral-7B, Qwen3.5,
DeepSeek-R1): fine-tuned with LoRA, rank 16, α = 32, dropout 0.05, learning rate 5e-6,
batch size 1 with gradient accumulation (8 steps), 30 epochs, early stopping patience 2. GPT
Fine-Tuning: We fine-tuned GPT-3.5 and GPT-4o-mini models. We used OpenAI manual
(OpenAI, 2024) defaults, temperature 0, stop token “##”. The specific input-output format
for GPT fine-tuning is illustrated in Figure 1. GPT Few-Shot Prompting: temperature 0,
max output length 512. The best model checkpoint is selected based on its performance on
validation set.

3.1.3 Few-Shot Prompting

We evaluate FSP using GPT-3.5, GPT-4o-mini, and GPT-4o. Prompts consist of task instruc-
tions, a set of labeled exemplars, and a target narrative to be scored. We explore two different
ways to present exemplars; one is just providing the stories with their assigned scores, and
another is providing scoring justifications together with the scores. ALPS and Alien datasets
do not come with any scoring justifications. Thus, we randomly selected 20 narratives
from the training data and asked an expert on our team to provide brief rubric-grounded
explanations for the already assigned human scores. These justifications were used solely as
prompt exemplars and were written after the human scores had already been assigned and
therefore did not influence the gold-standard annotations used for training or evaluation.
The FSP prompt with justifications is illustrated in Figure 1 in the main text and Figure 4 in
the Appendix.

By default, we use five exemplars sampled from the training set, each annotated with rubric
scores and brief justifications. As a baseline, we also explored the zero-shot approach where
only the task instructions are provided through the system prompt, without providing any
exemplars. We also perform ablation experiments with variations in prompt design, includ-
ing: number of exemplars (0, 1, 5, 10, 20), exemplar selection strategy, output format, and
inclusion of chain-of-thought reasoning. For efficiency, ablation experiments are conducted
on a subset of the ALPS test set (150 in-sample and 150 out-of-sample examples). For the
Alien dataset, we use a fixed prompt configuration without ablations.

3.2 Results

3.2.1 In-Sample Performance

Table 2 summarizes model performance on the ALPS in-sample test set (the table shows
only 4 of 7 discourse elements that are shared with the Alien dataset. The full Table 13 is
included in the Appendix). It includes performance of models trained or fine-tuned on the
full training dataset, 10% of the training dataset, and performance of FSP of GPT models.
In this subsection, we will focus on in-sample performance of models fine-tuned on the
full ALPS training dataset, which includes 1,686 narratives for training and another 168 for
validation. In-sample means that the models were tested on test narratives from the same 6
story types that were seen during training.

Across model families, language models fine-tuned on the full training data achieve mod-
erate to strong agreement with human raters. The best performing fine-tuned Modern-
BERT, FLAN-T5, and DeBERTa-v3 and slightly less accurate Mistral, gpt-4o-mini, Llama-3,
RoBERTa, BERT, gpt-3.5, and Qwen3.5 all approach human inter-rater reliability (IRR). In
particular, these models achieve macro-averaged QWK scores within a few points of the
human agreement level, indicating that many LLM-based systems can approximate expert
scoring under in-distribution conditions. In contrast to LLMs, the feature-based Random
Forest baseline performs substantially worse, highlighting the importance of semantic and
contextual modeling for narrative assessment.

Interestingly, in our experiments, encoder-based models are more accurate than decoder-
only models. This could probably be explained by their smaller sensitivity to the choice
of fine-tuning hyperparameters. We note that we did not have computational resources to
perform exhaustive hyperparameter search and mostly relied on common defaults.
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Table 2: QWK accuracy of models on in-sample (573) and out-of-sample (250) ALPS narratives. ”**”
indicates models fine-tuned on 10% (168) of the training data. FSP uses 5 exemplars.

in-sample - ALPS out-of-sample - ALPS

model Char Sett Prob Con Avg Char Sett Prob Con Avg

IRR 98.1 86.8 75.1 66.6 80.0 93.6 83.5 77.8 57.9 72.4

fine-tuning
CMRF 48.3 41.2 12.0 32.7 32.1 38.9 18.3 10.7 32.4 23.4
CMRF∗∗ 38.1 29.1 0.0 24.6 22.1 38.6 13.5 3.2 27.7 22.1
BERT-large 92.6 82.4 69.5 56.3 73.5 79.9 65.6 50.3 48.3 57.0
BERT-large∗∗ 72.9 50.7 39.4 25.0 42.9 37.9 34.2 14.3 26.0 26.1
DeBERTa-v3-large 91.9 86.2 72.5 71.0 78.3 86.8 71.1 60.0 66.1 64.7
DeBERTa-v3-large∗∗ 77.3 69.3 25.3 43.7 50.9 77.0 57.9 18.7 31.3 41.4
RoBERTa-large 93.0 84.0 65.1 64.7 75.1 84.2 65.2 61.6 52.4 56.4
RoBERTa-large∗∗ 77.0 68.9 51.7 56.2 59.9 66.9 38.7 11.6 37.7 42.5
ModernBERT-large 92.0 87.4 71.6 72.9 79.3 81.1 72.0 52.6 60.8 63.5
ModernBERT-large∗∗ 82.5 59.7 33.7 46.8 50.3 75.9 30.8 24.0 33.3 36.9
FLAN-T5-large 93.4 88.9 70.1 70.2 78.5 79.9 70.1 64.1 60.2 65.2
FLAN-T5-large∗∗ 87.9 73.8 56.8 53.3 66.1 84.2 59.3 24.4 33.6 50.2
Mistral-7B 90.6 83.7 72.6 71.3 77.8 83.3 65.4 58.4 57.1 63.1
Mistral-7B∗∗ 80.9 48.5 55.5 56.1 58.8 78.0 45.7 32.8 54.8 48.8
Qwen3.5-4B 88.9 74.9 61.1 63.6 72.7 83.0 55.2 50.2 57.5 60.6
Qwen3.5-4B∗∗ 67.1 52.1 65.1 52.8 54.9 62.0 38.3 41.4 53.8 48.8
DeepSeek-R1 (7B) 87.4 73.9 57.5 58.2 66.8 79.6 53.3 46.5 57.8 55.6
DeepSeek-R1 (7B)∗∗ 66.5 52.0 41.8 45.9 46.4 60.8 45.1 36.2 39.8 40.7
Llama-3-Instruct (8B) 89.8 81.6 66.9 67.4 75.2 80.4 66.8 56.8 52.7 63.0
Llama-3-Instruct (8B)∗∗ 76.3 69.2 57.6 52.3 62.1 69.9 36.7 39.7 45.7 46.2
gpt-3.5 90.3 84.0 62.1 64.9 72.8 78.5 71.7 56.7 61.9 62.2
gpt-3.5∗∗ 88.3 74.5 61.0 61.7 70.3 81.2 61.9 47.6 54.6 59.8
gpt-4o-mini 91.3 86.6 67.5 67.8 77.0 80.0 71.3 62.4 63.3 65.7
gpt-4o-mini∗∗ 89.3 80.7 68.2 68.3 74.7 83.8 63.3 60.8 63.5 64.9

few-shot prompting
gpt-3.5 77.0 53.4 31.5 38.2 49.5 68.7 28.9 39.1 44.3 43.0
gpt-4o-mini 80.4 60.8 60.0 68.4 60.3 69.9 44.4 47.3 61.8 51.9
gpt-4o 82.7 67.3 68.1 68.4 67.3 77.5 51.4 54.5 60.4 55.2

3.2.2 Out-of-Sample Generalization

To evaluate model robustness to change in distribution, we measure model performance on
ALPS narratives on three out-of-sample story types that were not observed during training
(Table 2). All models exhibit a decline of at least 10% in out-of-sample QWK compared to the
in-sample setting. This gap suggests that high agreement with human raters in controlled
settings does not necessarily translate to robust performance under distribution shift.

Interestingly, we observe that fine-tuned encoder-based models exhibited a larger reduction
in accuracy on out-of-sample data than the fine-tuned GPT models. As a result, gpt-4o-
mini emerges as the most accurate out-of-sample model. This behavior is not surprising
considering that pretrained gpt-4o-mini model is superior to pretrained encoder-based
models used in our study.

3.2.3 Data Efficiency and Learning Paradigms

In this subsection we focus on understanding the impact of training data size and learning
paradigm by comparing models trained on the full ALPS dataset with those trained on its
10% random subset (Table 2).
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Table 3: QWK accuracies of models on 50 Alien test stories. Fine-tuned models use 331 training
instances; FSP uses 5 exemplars.

Char Sett Prob Con Avg QWK

IRR 95.6 60.1 54.7 41.0 55.5

fine-tuning
CMRF 33.0 18.8 34.3 26.7 27.0
BERT-large 93.8 26.8 39.6 31.7 48.5
DeBERTa-v3-large 97.8 34.0 37.8 47.9 52.9
RoBERTa-large 96.7 40.6 48.9 47.0 52.6
ModernBERT-large 95.5 14.3 37.7 42.0 44.4
FLAN-T5-large 95.5 26.8 44.2 42.3 44.5
Mistral-7B 76.9 15.2 46.3 60.0 47.0
Qwen3.5-4B 75.8 29.0 43.3 47.0 47.5
DeepSeek-R1 (7B) 72.4 34.8 46.1 44.7 45.1
Llama3-Instruct (8B) 67.0 39.4 26.6 51.8 45.6
gpt-3.5 93.9 39.8 45.1 53.1 57.4
gpt-4o-mini 97.7 41.3 50.0 49.3 54.9

few-shot prompting
gpt-3.5 36.0 12.1 35.8 35.9 32.5
gpt-4o-mini 59.8 20.1 63.8 53.3 48.5
gpt-4o 59.0 29.3 56.5 57.8 50.0

Not surprisingly, reducing the amount of training data leads to a consistent decrease
in performance across all model families. Interestingly, the degradation is much more
significant in encoder-only models than in gpt models, where QWK decreased only slightly.
As a result, gpt-4o-mini fine-tuned on 10% of training data achieves QWK of 74.7, while
the best fine-tuned encoder-only RoBERTa-large achieves QWK of only 59.9. It appears that
large pre-trained decoder-only models can benefit from relatively small fine-tuning training
data, while the smaller models require much larger fine-tuning training data to reach state
of the art performance.

FSP offers a competitive alternative when labeled data is extremely scarce. Table 2 lists GPT
FSP results when only 5 exemplars of labeled narratives with justifications are available.
The resulting QWK are smaller than for fine-tuned GPT models, but the difference is not
extremely large.

Table 3 shows QWK for all models on the Alien dataset (full Table 15 with all 6 discourse
elements is in the Appendix), which includes only a single narrative type and no out-of-
sample test split. All models are trained on 331 training and 33 validation narratives, which
is comparable in size to the 10% ALPS training dataset. The results are consistent with the
10% ALPS results, in that fine-tuned GPT models are the most accurate. Interestingly, gpt-4o
FSP model that sees only 5 exemplars is more accurate than all but two (RoBERTa-large,
DeBERTa-v3-large) non-GPT fine-tuned models.

Together, these results highlight the complementary strengths of FSP and fine-tuning, and
suggest that the choice of approach should depend on the availability of labeled data and
the desired level of robustness. The results suggest that while FSP is viable in low-resource
settings, supervised fine-tuning provides more reliable performance when a moderate to
large training dataset is available.

3.2.4 Few-Shot Prompt Design Ablations

To understand how prompt construction affects few-shot prompting performance, we
conducted several ablation studies described in more detail in the Appendix. We varied
the number and selection of exemplars and prompts. We observed that selecting exemplars
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randomly is sufficiently successful. We observed that using 5 or more exemplars is better
than using single or no exemplars in the prompt. Five exemplars resulted in comparable
accuracy to 10 and 20 exemplars. Given the cost of prompting, 5 exemplars appears to be a
good choice. We also observed that including justifications for each score consistent with the
chain-of-thought approaches resulted in improved accuracy compared to using exemplars
without justifications. Finally, we observed that FSP is superior to zero-shot learning that
relies only on instructing how to assess the narratives rather than demonstrating it through
examples.

These results confirm that FSP for educational assessment tasks is highly sensitive to prompt
engineering. Since the ablation experiments were conducted on subsets of the test data, we
view these findings as exploratory rather than definitive.

3.3 Cost Analysis

In addition to accuracy, we analyze the monetary cost associated with different modeling
approaches. Table 12 in the Appendix presents the specific dollar cost of training each
model on the full ALPS training set for one epoch and testing on the full ALPS test set.
For API-based models, cost is estimated based on token usage during both inference and
fine-tuning, following provider pricing at the time of experimentation. For locally trained
models on an NVIDIA RTX A5000 GPU, we use an on-demand rate of $1.006 per hour,
which reflects the current cost of renting the same GPU through Amazon cloud services.

Our results reveal a trade-off between cost and performance. Fine-tuned LLMs achieve the
highest accuracy but require substantially more resources due to the need for supervised
training on labeled data. In contrast, FSP avoids training costs but incurs higher per-instance
inference cost, as each prediction requires processing multiple exemplars within the prompt.

Despite these differences, FSP remains a practical option in low-resource settings, where
labeled data is limited and fine-tuning may not be feasible. However, as the number of
predictions increases, the cumulative cost of FSP can exceed that of fine-tuned models,
particularly when using larger models with longer prompts.

Among the evaluated approaches, smaller fine-tuned models (e.g., FLAN-T5 and encoder-
based models) offer a favorable balance between cost and performance, achieving com-
petitive accuracy at significantly lower computational expense. These findings suggest
that model selection for narrative assessment should consider not only accuracy but also
deployment constraints, such as data availability, inference scale, and computational budget.

4 Conclusions

In this work, we evaluated the use of LLMs for automated assessment of narrative discourse
in K–5 student stories. Across two datasets and multiple model families, we found that
fine-tuned LLMs can achieve strong agreement with human raters, approaching inter-rater
reliability on in-distribution narratives. However, this performance does not generalize
robustly as all models deteriorate when evaluated on out-of-sample narrative types. We also
observed that few-shot prompting provides a flexible and data-efficient alternative when
labeled data is scarce, while fine-tuning yields more reliable performance when training
data is plentiful. Future work should focus on improving robustness under distribution
shift and exploring methods that better capture and utilize relationships among discourse
elements such as problem, plan, consequence, and ending. Several discourse elements that
proved challenging for automated scoring also exhibited relatively low human inter-rater
reliability. Future work should investigate whether these difficulties arise primarily from
limitations of current models or from ambiguity in how certain discourse elements are
defined and assessed.

5 Limitations

Our study has several limitations that warrant consideration.

9



Published as a conference paper at COLM 2026

First, our evaluation focuses on relatively short oral narratives produced by students in
lower school. It remains to be seen how well current models scale to longer, more complex
stories or to writing from older students. Additionally, our datasets are drawn from U.S.-
based, English-speaking populations using fixed picture prompts. Thus, generalization
to other languages and educational contexts remains an open question. In settings where
labeled data are unavailable or expensive to obtain, our low-resource results suggest that
few-shot prompting may provide a practical alternative to task-specific fine-tuning, but this
remains to be studied in multilingual narrative assessment.

Second, our models are trained and evaluated against specific scoring rubrics (NLM and
MISL). Their adaptability to alternative assessments remains an open question.

Third, we did not have access to student demographic information, which would be useful
in revealing different types of biases in the narratives and their human and automatic
assessments.

Fourth, while our results indicate usefulness of few-shot prompting in low-resource regimes,
they also reveal fragility: performance varies substantially depending on prompt design,
number and type of examples, and presence of rubric-based justifications. This sensitivity
may limit the reliability of few-shot prompting in uncontrolled environments.

Finally, several of our strongest-performing models such as GPT-4o and GPT-4o-mini are
proprietary and accessed via closed APIs. This constrains transparency, reproducibility, and
accessibility for practitioners in low-resource settings. Exploring open-weight alternatives
remains an important direction.

Despite these limitations, our work provides evidence that fine-tuned LLMs can approach
or exceed human-level scoring accuracy on narrative discourse tasks, even with limited
training data. Future work should explore model calibration, fairness, and transfer learning
across rubrics and populations, and integrate these systems into end-to-end educational
tools, including speech-to-text pipelines.
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A Appendix

A.1 Basic Statistics for ALPS and Alien Story Data

Table 4: Statistics of the ALPS and Alien datasets

Alien ALPS

Story Types 1 9
Number of story types for training 1 6
Number of training instances 331 1686
Number of validation instances 33 186
Number of testing instances 50 823
In-sample test instances [story types] 50 [1] 573 [6]
Out-sample test instances [story types] NA 250 [3]

A.2 Ablation study of few-shot prompting on ALPS data

To explore the effectiveness of various prompt engineering techniques, we conducted
experiments on several zero-shot and few-shot prompting settings using GPT-4o and GPT-
4o-mini models. QWK was measured on 150 narratives randomly chosen from the in-sample
ALPS test set and 150 narratives randomly chosen from the out-of-sample ALPS test set. Our
evaluation focused on exemplar selection strategy, number of exemplars and prompting.

A.2.1 Ablation study of exemplar selection

We used the prompt illustrated in the right panel of Figure 1 with five exemplars. The
ablation experiments varied how those five exemplars were selected from the available set
of 20 candidate exemplars with justifications from ALPS training data:
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• Random Selection: Five exemplars were selected randomly.
• Quantile-Based Selection: Candidate exemplars were sorted by their total score.

One exemplar was randomly chosen from each fifth of the sorted list.
• Single-Story Type: All 5 exemplars were taken from a single story type.

Table 5 shows QWK accuracies and their standard deviations on 150 ALPS in-sample test
narratives by the few-shot prompting of GPT-4o model. Table 6 shows QWK accuracies
of the same model on 150 ALPS out-of-sample test narratives. Tables 7 and 8 are the same
as Tables 5 and 6, but using GPT-4o-mini model. The results indicate that random story
selection might be superior to the other two options. Selection of the exemplars from a single
story type appears to be inferior, which can be explained by the lower diversity of assessed
narratives. We notice that the QWK differences between the three selection strategies
are small compared to their standard deviations. Therefore, we view these findings as
exploratory rather than definitive.

A.2.2 Ablation study of exemplar numbers

We used the prompt illustrated in Figure 1 with N = 1, 5, 10, 20 in-context exemplars
randomly selected from the 20 candidate exemplars. We evaluated both GPT-4o (Table 9)
and GPT-4o-mini (Table 10) models on 150 in-sample ALPS test examples. We could observe
that N = 1 appears inferior to other choices of N. The differences between N = 5, 10, 20
choices appeared to be statistically insignificant on our test data. This result justifies choice
of N = 5 because it results in smaller prompts and reduced inference costs.

A.2.3 Ablation study of alternative prompt configurations

We refer to the default prompt format shown in Fig 1 with 5 randomly selected exemplars as
In-Context with Justification + Scores. We examined the following alternative configurations:

• Zero-Shot (No Flowchart): This configuration includes only the task instructions
through the system prompt, without providing any exemplars.

• Zero-Shot (Flowchart): The same as the previous non-exemplar setting, but the
system prompt includes a point-by-point guide for how teachers should score a
narrative, following a structured flowchart (See Figure 3).

• In-Context with Scores Only: In this variation, the scores for exemplars were
provided without justifications (See Figure 2).

• In-Context with Scores + Justification refers to the setup where the justification is
provided first, followed by the score, which is the opposite of the default.

Table 11 presents QWK accuracies of GPT-4o with different prompt configurations on
150 ALPS in-sample test examples. Among the tested setups, the In-Context with Scores +
Justification configuration achieved the highest overall performance, with an average QWK
score of 67.3%, followed by the default In-Context with Justification + Scores configuration
with 65.7%. Following these, the Zero-Shot (Flowchart) configuration emerged as the best
exemplar-free setup, achieving an overall QWK score of 56.4%. However, the instruction for
this configuration is longer than the default one, which makes the experiments more costly.

The results also underscore the critical role of providing reasoning in prompts. This is
evident from the performance of the In-Context with Scores Only configuration, which
resulted in a significant drop in overall QWK score to 53.6%, marking a 12.1% decrease
compared to the In-Context with Justification + Scores configuration. These findings highlight
the importance of incorporating detailed reasoning and task demonstrations in prompt
design to enhance model performance across narrative scoring tasks.

We also examine how the GPT model’s performance is affected by the order of score and
justification in both the output and in-context examples. As shown in Table 11, placing the
score before the justification yields slightly better results.
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Table 5: Performance of GPT-4o with few-shot prompting on 150 in-sample ALPS narratives.

Configuration Char Sett Prob Att Cons End Emo Avg
QWK

Random [5] 82.0 ± 3.0 67.3 ± 4.2 64.2 ± 10.1 69.5 ± 6.6 69.7 ± 7.1 37.7 ± 6.5 69.8 ± 5.1 65.8 ± 3.1
Quantile [5] 83.1 ± 2.5 59.6 ± 5.3 67.8 ± 10.3 68.6 ± 6.7 61.9 ± 7.2 37.0 ± 6.2 79.1 ± 3.9 65.3 ± 3.0
Single Story Type [5] 61.5 ± 3.8 62.1 ± 4.8 64.3 ± 10.0 61.2 ± 7.2 56.4 ± 8.4 32.3 ± 6.0 72.6 ± 4.7 58.6 ± 3.1
IRR 96.7 ± 1.4 88.1 ± 2.7 72.7 ± 9.3 82.2 ± 4.5 68.4 ± 7.0 61.7 ± 6.4 83.2 ± 4.4 79.0 ± 2.7

Table 6: Performance of GPT-4o with few-shot prompting on 150 out-of-sample ALPS narratives.

Configuration Char Sett Prob Att Cons End Emo Avg
QWK

Random [5] 75.2 ± 3.5 52.1 ± 6.1 62.4 ± 7.9 63.1 ± 6.6 61.5 ± 7.0 24.2 ± 6.2 39.1 ± 6.5 53.9 ± 2.9
Quantile [5] 77.7 ± 3.3 50.0 ± 6.2 54.0 ± 8.7 65.1 ± 6.6 62.0 ± 6.7 24.4 ± 5.9 51.1 ± 6.9 54.9 ± 2.8
Single Story Type [5] 58.2 ± 4.4 42.7 ± 6.3 62.3 ± 7.7 65.2 ± 6.6 63.7 ± 7.3 22.1 ± 6.0 47.6 ± 7.4 51.7 ± 3.1
IRR 95.7 ± 1.5 85.8 ± 3.9 82.2 ± 4.8 56.7 ± 8.2 52.2 ± 6.8 52.1 ± 6.6 70.8 ± 6.4 70.8 ± 2.3

Table 7: Performance of GPT-4o-mini with few-shot prompting on 150 in-sample ALPS narratives.

Configuration Char Sett Prob Att Cons End Emo Avg
QWK

Random [5] 79.9 ± 3.1 60.4 ± 4.9 49.4 ± 10.8 62.3 ± 6.0 58.9 ± 7.3 40.7 ± 6.9 66.2 ± 4.9 59.7 ± 3.1
Quantile [5] 85.0 ± 2.2 61.2 ± 5.5 49.3 ± 10.4 58.2 ± 6.6 58.6 ± 6.5 42.5 ± 6.6 57.4 ± 6.0 58.9 ± 3.1
Single Story Type [5] 83.8 ± 2.3 59.2 ± 5.0 46.5 ± 9.1 57.7 ± 7.0 64.5 ± 5.9 37.5 ± 6.2 55.0 ± 5.2 57.8 ± 3.0
IRR 96.7 ± 1.5 88.1 ± 2.7 72.7 ± 10.0 82.2 ± 4.6 68.4 ± 7.1 61.7 ± 6.7 83.2 ± 4.2 79.0 ± 2.7

Table 8: Performance of GPT-4o-mini with few-shot prompting on 150 out-of-sample ALPS narratives.

Configuration Char Sett Prob Att Cons End Emo Avg
QWK

Random [5] 76.8 ± 3.8 48.0 ± 6.2 45.8 ± 9.1 61.2 ± 6.3 65.3 ± 6.3 21.2 ± 6.3 52.9 ± 6.6 53.0 ± 2.9
Quantile [5] 75.1 ± 3.4 48.1 ± 5.6 47.8 ± 8.5 54.5 ± 6.3 53.4 ± 6.2 25.3 ± 6.7 48.2 ± 6.5 50.3 ± 2.9
Single Story Type [5] 75.0 ± 3.3 49.7 ± 5.6 51.5 ± 8.1 62.5 ± 6.0 57.7 ± 7.2 26.4 ± 6.2 40.4 ± 6.1 51.9 ± 2.8
IRR 95.7 ± 1.5 85.8 ± 3.7 82.2 ± 5.0 56.7 ± 7.8 52.2 ± 7.1 52.1 ± 7.2 70.8 ± 6.0 70.8 ± 2.3

Table 9: Performance of few-shot prompting for GPT-4o model based on different number of in-context
samples chosen randomly. The results are reported on 150 in-sample narratives from the ALPS dataset.

# of In-Context Samples Char Sett Prob Att Cons End Emo
Avg
QWK

1 79.3 ± 2.9 70.0 ± 4.9 54.1 ± 9.5 77.5 ± 4.7 66.4 ± 5.8 25.1 ± 5.5 67.7 ± 4.8 62.9 ± 2.7
5 84.7 ± 2.8 66.5 ± 4.4 62.9 ± 10.6 70.0 ± 6.4 67.9 ± 7.0 42.5 ± 6.4 75.4 ± 4.2 67.1 ± 3.1
10 82.4 ± 2.9 62.9 ± 4.8 67.0 ± 10.5 62.0 ± 7.4 70.0 ± 6.9 35.1 ± 6.4 72.5 ± 4.9 64.6 ± 3.0
20 88.5 ± 2.6 69.2 ± 4.2 53.4 ± 12.3 61.8 ± 8.1 64.6 ± 7.2 41.2 ± 6.4 84.2 ± 3.3 66.1 ± 3.5

Table 10: Performance of few-shot prompting for GPT-4o-mini model based on different number of
in-context samples chosen randomly. The results are reported on 150 in-sample narratives from the
ALPS dataset.

# of In-Context Samples Char Sett Prob Att Cons End Emo
Avg
QWK

1 72.3 ± 3.0 43.2 ± 5.8 47.4 ± 8.1 54.9 ± 7.2 62.5 ± 6.2 23.7 ± 5.3 51.4 ± 5.2 50.8 ± 3.5
5 84.7 ± 2.4 56.9 ± 5.3 47.1 ± 9.0 59.1 ± 7.0 59.8 ± 7.4 38.1 ± 5.9 46.7 ± 5.8 56.1 ± 3.4
10 90.8 ± 1.7 48.7 ± 5.0 46.7 ± 11.4 51.2 ± 8.1 65.4 ± 6.3 39.0 ± 6.4 78.5 ± 4.1 60.0 ± 3.2
20 82.7 ± 2.4 57.3 ± 5.2 56.1 ± 10.8 55.0 ± 8.2 63.7 ± 7.0 42.3 ± 6.6 75.5 ± 4.5 61.8 ± 3.4
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Table 11: Experiments comparing different prompting strategies for few-shot prompting with GPT-4o
on 150 ALPS in-sample narratives.

Configuration Char Sett Prob Att Cons End Emo Avg
QWK

Zero-shot (No FlowChart) 34.1 ± 6.0 61.6 ± 4.7 59.5 ± 9.6 64.5 ± 6.6 58.1 ± 7.7 28.6 ± 6.3 49.0 ± 5.6 50.8 ± 3.5
Zero-shot (FlowChart) 86.4 ± 2.8 58.5 ± 5.4 39.8 ± 8.2 55.8 ± 7.3 50.9 ± 8.0 25.1 ± 6.2 78.5 ± 4.5 56.4 ± 3.0
In-Context with Scores Only 63.2 ± 4.4 64.2 ± 4.1 56.4 ± 9.9 56.9 ± 7.3 64.0 ± 5.8 31.0 ± 5.9 39.3 ± 4.6 53.6 ± 3.4
In-Context with Justification + Scores 84.9 ± 3.0 70.3 ± 3.7 61.6 ± 8.9 63.0 ± 6.5 67.9 ± 5.8 45.4 ± 6.2 66.7 ± 4.8 65.7 ± 2.9
In-Context with Scores + Justification 86.3 ± 2.8 67.8 ± 3.6 67.0 ± 10.3 77.5 ± 5.4 68.6 ± 7.2 34.2 ± 6.4 69.5 ± 4.8 67.3 ± 2.9

 

System 
#Instruction 
you are an intelligent assistant and your task is to help a teacher to assess 
the children narrative story. There are 7 narrative elements required for 
assessment, each have different score range and definition as detailed 
below: 
- Character [0-3]: specify the characters in the story) 
- Setting [0-3]: explain time, activity, location at the beginning of the 
story 
- Problem [0-4]: explain the main character’s problem 
- Plan_Attempt [0-4]: what did the main character do to solve the 
problem 
- Consequence [0-4]: what happened after the attempt, or what did the 
secondary character do 
- Ending [0-2]: what the main character did at the end of the story 
- Emotion [0-3]: how did the main character feel 
 
#Output Format 
The output MUST be in JSON format, without any markdown 
formatting. The score MUST be within the corresponding range for each 
element. For example: 
scores= {"Character":3 , "Setting":2, "Problem":4, "Plan_Attempt":1, 
"Consequence":0, "Ending":1, "Emotion":2} 
 

Figure 2: An example of the system prompt for ALPS data without assessment justifications.
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 System 
#Instruction 

You are an intelligent assistant and your task is to help a teacher to 

assess the children’s narrative story. There are 7 narrative elements 

required for assessment, each with a different score range and definition 

as detailed below: 

-"Character [0-3]": specify the characters in the story 

    3 if a proper noun for the main character and a general noun for the 

secondary character is stated. 

    2 if a proper noun for the main character is stated in the story and no 

mention of a secondary character. 

    1 if only a general noun is used for the main character. 

    0 if no character is stated, or only pronouns are used for the main 

character. 

 

- "Setting [0-3]": explain time, activity, and location at the beginning of 

the story 

   3 if all of the time, activity, and location are stated in the story. 

   2 if only two of them are stated. 

   1 if only one of them is stated. 

   0 if the story does not have setting information. 

 

- "Problem [0-4]": explain the main character’s problem 

   4 if the story has two complete and clear problems. 

   3 if the story has one complete and clear problem. 

   2 if the story has an incomplete or unclear problem. 

   1 if the problem is implied from the story. 

   0 if there is no problem stated in the story. 

 

- "Plan_Attempt [0-4]": what did the main character do to solve the 

problem 

   4 if the story has two complete and clear attempts to solve the problem 

by the main character or storyteller. 

   3 if the story has one complete and clear attempt by a secondary 

character. 

   2 if the story has an incomplete or unclear attempt by any character. 

   1 if the plan or action is not related to the problem. 

   0 if there is no attempt to solve the problem. 

 

- "Consequence [0-4]": what happened after the attempt, or what did the 

secondary character do? 

   4 if the story has two complete and clear consequences related to the 

problem or attempt. 

   3 if the story has one complete and clear consequence related to the 

problem or attempt. 

   2 if the story has an incomplete or unclear consequence related to the 

problem or attempt. 

   1 if the consequence-like information is not related to the problem or 

attempt. 

   0 if there is no consequence in the story. 

 

- "Ending [0-2]": what the main character did at the end of the story 

   2 if there is a complete and clear ending. 

   1 if the ending is incomplete and unclear. 

   0 if there is no ending in the story. 

 

- "Emotion [0-3]": how did the main character feel at the end of the story 

   3 if two or more emotions are explicitly mentioned in the story. 

   2 if one emotion is explicitly mentioned in the story. 

   1 if a general emotion or emotional behavior (e.g., crying) is stated. 

   0 if no emotion is stated. 

 

  #Output Format 

  The output MUST be in JSON format, without any markdown 

formatting. You need to provide a short justification for the provided 

score for all elements. The scores MUST be within the corresponding 

range for each element. For example: 

  scores= {"Character":{"justification":"short reason", "score":3} , 

"Setting":{"justification":"short reason", "score":2},...} 

 

Figure 3: An example of system prompt with detailed scoring flowchart for zero-shot scenario on
ALPS data.
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System 
#Instruction 

you are an intelligent assistant and your task is to help a teacher to assess 

the children narrative story. 

There are 6 narrative elements required for assessment as detailed 

below: 

- Character [0-3]: specify the characters in the story) 

- Setting [0-3]: explain time, activity, location at the beginning of the 

story 

- Problem [0-3]: explain the main character’s problem 

- Plan [0-3] : The idea the character has to fix the problem in the story 

- Action [0-3] : The action taken by the character in response to the 

initiating event 

- Consequence [0-3]: A casually linked event following the main 

character’s action 

#Output Format 

The output MUST be in JSON format, without any markdown 

formatting. You need to provide a short 

justification for the provided score for all elements. The scores MUST 

be within the corresponding range 

for each element. For example: 

scores= {"Character":3 {"justification":"short reason", "score":3} , 

"Setting":{"justification":"short reason", 

"score":2},...} 

 

User 
Story: 

the aliens were in outer space) Theyre going down. And then there was 

shuffling. Do the X X. 

then people found them doing the X X. they were jumping up and down. 

they thought there 

were aliens the humans. But they werent. There were humans. they were 

the aliens. then he 

laughed at everybody. No. No. a guy blasted every alien in the world. 

scores= 

 

Assistant 
{'Character': {'justification': 'The story mentions aliens and humans, but 

does not clearly 

specify or develop individual characters.', 'score': 1}, 

'Setting': {'justification': "The setting is vaguely described as 'outer 

space,' but lacks specific 

details about time or location.", 'score': 1}, 

'Problem': {'justification': 'There is a hint of a problem with the presence 

of aliens and humans, 

but it is not clearly defined.', 'score': 1}, 

'Plan': {'justification': 'There is no clear plan or idea presented by any 

character to address the 

problem.', 'score': 0}, 

'Action': {'justification': 'There is an action described where a guy blasts 

every alien, but it lacks 

context and development.', 'score': 1}, 

'Consequence': {'justification': 'There is no clear consequence or 

outcome following the action 

taken by the character.', 'score': 0}} 

 

User 
Story: 

There are some people with some weird people. And they were scared of 

them. So they 

runneded away. But the kid said no I wanna go play. 

scores= 

 

 

 

 

 

N
 x

 p
a
ir

 o
f 

U
se

r 
a
n
d
 A

ss
is

ta
n
t 
a
s 

T
e
st

 i
n
-c

o
n
te

x
t 
e
x
a
m

p
le

s 

 
T

e
st

 

Figure 4: An example of few-shot prompting prompt for Alien story dataset. Only one exemplar is
shown.
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Table 12: Model training and testing cost.

model type model train cost (USD) test cost (USD)

other models (fine-tuning)
BERT-large 0.0783 0.0027
DeBERTa-v3-large 0.1462 0.0031
RoBERTa-large 0.0849 0.0029
ModernBERT-large 0.1374 0.0033
FLAN-T5-large 0.0587 0.0096
Mistral-7B 0.6124 0.1089
Qwen3.5-4B 0.3912 0.0873
DeepSeek-R1 (7B) 0.6543 0.1247
Llama3-Instruct 0.5420 0.0961

GPT-4o
GPT-4o (fine-tuning) 8.4755 0.5008
Zero-shot (no flowchart) 0 1.6065
Zero-shot (flowchart) 0 2.2813
FSP [1] (justification + scores) 0 2.0452
FSP [5] (justification + scores) 0 3.8106
FSP [10] (justification + scores) 0 6.0117
FSP [20] (justification + scores) 0 10.4163
FSP [5] (scores only) 0 1.1681

GPT-4o-mini
GPT-4o-mini (fine-tuning) 0.9249 0.0318
Zero-shot (no flowchart) 0 0.0928
Zero-shot (flowchart) 0 0.1306
FSP [1] (justification + scores) 0 0.1286
FSP [5] (justification + scores) 0 0.2293
FSP [10] (justification + scores) 0 0.3660
FSP [20] (justification + scores) 0 0.6279
FSP [5] (scores only) 0 0.0701
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Table 13: QWK for 573 in-sample narratives from the ALPS dataset. ”**” indicates models fine-tuned
on 10% (168) of the training data.

ALPS
(in-sample) Char Sett Prob Att Con End Emo Avg

IRR 98.1 86.8 75.1 83.5 66.6 61.5 88.4 80.0

Fine-tuning
CMRF 48.3 41.2 12.0 34.0 32.7 38.1 18.3 32.1
CMRF∗∗ 38.1 29.1 0.0 25.5 24.6 30.6 6.6 22.1
BERT-large 92.6 82.4 69.5 70.7 56.3 59.4 83.8 73.5
BERT-large∗∗ 72.9 50.7 39.4 41.1 25.0 38.7 32.2 42.9
DeBERTa-v3-large 91.9 86.2 72.5 80.1 71.0 60.1 86.4 78.3
DeBERTa-v3-large∗∗ 77.3 69.3 25.3 55.6 43.7 26.0 59.1 50.9
RoBERTa-large 93.0 84.0 65.1 71.0 64.7 59.2 88.4 75.1
RoBERTa-large∗∗ 77.0 68.9 51.7 63.5 56.2 32.6 69.7 59.9
ModernBERT-large 92.0 87.4 71.6 79.0 72.9 64.1 88.0 79.3
ModernBERT-large∗∗ 82.5 59.7 33.7 51.5 46.8 31.2 46.6 50.3
FLAN-T5-large 93.4 88.9 70.1 77.0 70.2 63.5 86.1 78.5
FLAN-T5-large∗∗ 87.9 73.8 56.8 57.6 53.3 51.9 81.7 66.1
Mistral-7B 90.6 83.7 72.6 76.5 71.3 61.6 88.1 77.8
Mistral-7B∗∗ 80.9 48.5 55.5 57.4 56.1 38.9 74.4 58.8
Qwen3.5-4B 88.9 74.9 61.1 76.3 63.6 59.1 85.4 72.7
Qwen3.5-4B∗∗ 67.1 52.1 65.1 48.3 52.8 36.1 62.8 54.9
DeepSeek-R1 (7B) 87.4 73.9 57.5 60.9 58.2 45.7 83.7 66.8
DeepSeek-R1 (7B)∗∗ 66.5 52.0 41.8 48.6 45.9 31.7 38.4 46.4
Llama-3-Instruct (8B) 89.8 81.6 66.9 77.1 67.4 57.4 86.0 75.2
Llama-3-Instruct (8B)∗∗ 76.3 69.2 57.6 56.4 52.3 46.8 76.2 62.1
gpt-3.5 90.3 84.0 62.1 68.9 64.9 54.3 85.1 72.8
gpt-3.5∗∗ 88.3 74.5 61.0 73.5 61.7 49.8 83.1 70.3
gpt-4o-mini 91.3 86.6 67.5 77.1 67.8 62.8 85.7 77.0
gpt-4o-mini∗∗ 89.3 80.7 68.2 79.3 68.3 50.8 86.1 74.7

Few-shot prompting
gpt-3.5 77.0 53.4 31.5 44.5 38.2 32.1 69.9 49.5
gpt-4o-mini 80.4 60.8 60.0 68.5 68.4 32.8 51.4 60.3
gpt-4o 82.7 67.3 68.1 77.1 68.4 37.0 70.7 67.3
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Table 14: QWK for 250 out-of-sample narratives from the ALPS dataset. ”**” indicates models
fine-tuned on 10% (168) of the training data.

ALPS
(out-sample) Char Sett Prob Att Con End Emo Avg

IRR 93.6 83.5 77.8 61.7 57.9 53.6 77.9 72.4

Fine-tuning
CMRF 38.9 18.3 10.7 36.7 32.4 19.1 7.8 23.4
CMRF∗∗ 38.6 13.5 3.2 34.9 27.7 24.1 12.3 22.1
BERT-large 79.9 65.6 50.3 47.1 48.3 37.9 69.6 57.0
BERT-large∗∗ 37.9 34.2 14.3 38.3 26.0 27.2 4.8 26.1
DeBERTa-v3-large 86.8 71.1 60.0 55.9 66.1 39.4 73.4 64.7
DeBERTa-v3-large∗∗ 77.0 57.9 18.7 38.9 31.3 19.6 46.2 41.4
RoBERTa-large 84.2 65.2 61.6 48.6 52.4 11.3 71.8 56.4
RoBERTa-large∗∗ 66.9 38.7 11.6 49.0 37.7 29.9 63.4 42.5
ModernBERT-large 81.1 72.0 52.6 56.0 60.8 48.2 74.0 63.5
ModernBERT-large∗∗ 75.9 30.8 24.0 42.6 33.3 20.2 31.3 36.9
FLAN-T5-large 79.9 70.1 64.1 62.3 60.2 47.8 72.0 65.2
FLAN-T5-large∗∗ 84.2 59.3 24.4 47.4 33.6 36.5 66.0 50.2
Mistral-7B 83.3 65.4 58.4 59.4 57.1 43.2 75.1 63.1
Mistral-7B∗∗ 78.0 45.7 32.8 50.8 54.8 21.1 58.2 48.8
Qwen3.5-4B 83.0 55.2 50.2 58.7 57.5 46.8 72.8 60.6
Qwen3.5-4B∗∗ 62.0 38.3 41.4 57.6 53.8 40.9 47.5 48.8
DeepSeek-R1 (7B) 79.6 53.3 46.5 58.8 57.8 28.4 64.9 55.6
DeepSeek-R1 (7B)∗∗ 60.8 45.1 36.2 42.7 39.8 27.4 33.1 40.7
Llama-3-Instruct (8B) 80.4 66.8 56.8 62.0 52.7 51.5 70.7 63.0
Llama-3-Instruct (8B)∗∗ 69.9 36.7 39.7 47.4 45.7 26.4 57.5 46.2
gpt-3.5 78.5 71.7 56.7 60.7 61.9 41.9 64.1 62.2
gpt-3.5∗∗ 81.2 61.9 47.6 59.3 54.6 46.7 67.2 59.8
gpt-4o-mini 80.0 71.3 62.4 63.7 63.3 45.5 73.9 65.7
gpt-4o-mini∗∗ 83.8 63.3 60.8 60.5 63.5 49.3 73.0 64.9

Few-shot prompting
gpt-3.5 68.7 28.9 39.1 33.8 44.3 26.3 60.6 43.0
gpt-4o-mini 69.9 44.4 47.3 63.1 61.8 28.4 48.6 51.9
gpt-4o 77.5 51.4 54.5 61.1 60.4 27.9 53.7 55.2
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Table 15: QWK accuracies of models on 50 Alien test stories. Fine-tuned models use 331 training
instances; FSP uses 5 exemplars.

Char Sett Prob Plan Act Con Avg QWK

IRR 95.6 60.1 54.7 40.0 41.7 41.0 55.5

fine-tuning
CMRF 33.0 18.8 34.3 14.9 34.0 26.7 27.0
BERT-large 93.8 26.8 39.6 39.2 59.6 31.7 48.5
DeBERTa-v3-large 97.8 34.0 37.8 46.2 53.7 47.9 52.9
RoBERTa-large 96.7 40.6 48.9 47.4 35.3 47.0 52.6
ModernBERT-large 95.5 14.3 37.7 28.0 49.0 42.0 44.4
FLAN-T5-large 95.5 26.8 44.2 12.3 45.8 42.3 44.5
Mistral-7B 76.9 15.2 46.3 29.4 54.2 60.0 47.0
Qwen3.5-4B 75.8 29.0 43.3 38.7 51.3 47.0 47.5
DeepSeek-R1 (7B) 72.4 34.8 46.1 -8.0 68.0 44.7 45.1
Llama3-Instruct (8B) 67.0 39.4 26.6 46.1 42.6 51.8 45.6
gpt-3.5 93.9 39.8 45.1 61.6 50.8 53.1 57.4
gpt-4o-mini 97.7 41.3 50.0 47.0 43.9 49.3 54.9

few-shot prompting
gpt-3.5 36.0 12.1 35.8 30.8 44.3 35.9 32.5
gpt-4o-mini 59.8 20.1 63.8 46.4 47.7 53.3 48.5
gpt-4o 59.0 29.3 56.5 39.6 57.7 57.8 50.0
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