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Abstract

Despite the subjective nature of storytelling,
past works on automatic story generation
(ASG) have relied on limited ground truths
for training and evaluation. In this work, we
explore reinforcement learning (d-RLAIF) as
a post-training alternative to supervised fine-
tuning (SFT). We first apply Todorov’s Theory
of Narrative Equilibrium to establish princi-
ples that define desirable ASG qualities. We
prompt 7B and 14B LLM-as-judge models with
our principles to test alignment with human an-
notators and provide reward signals during d-
RLAIF. We use Gemini-3-Flash to evaluate the
output of our post-trained models and compare
them to human-written stories from the Time-
Travel dataset. We show that d-RLAIF offers
a viable alternative to supervised fine-tuning
(SFT)—producing stories that are more diverse
and aligned with human narrative conventions.
Our paper demonstrates the promise of rein-
forcement learning for linguistically grounded
post-training for subjective tasks such as ASG.

1 Introduction

Automatic Story Generation (ASG) involves the se-
lection and representation of sequence(s) of events
(Lietal., 2013), including the editing and reimagin-
ing of existing stories. Desirable ASG outputs are
often required to display qualities such as coher-
ence, creative diversity and alignment with human
narrative conventions while also meeting contextu-
ally dependent criteria, especially for applications
across various domains such as gaming (Kumaran
et al., 2023), education (Han and Han, 2025) and
mental health (Vieira Sousa et al., 2024).

While statistical metrics based on reference out-
puts have been a norm in natural language process-
ing (NLP), they have shown to correlate poorly or
even negatively with human judgements at evalu-
ating Al-generated stories (Qin et al., 2019). Intu-
itively, storytelling’s subjectivity precludes a single,
universally preferable ground truth. Instead, this

paper answers calls to incorporate literary and nar-
rative theory from linguistics and allied areas when
designing theory-informed systems of training and
evaluation (Alhussain and Azmi, 2021).

Due to their generative ability, large language
models (LLMs) offer practical solutions to apply-
ing narrative theories with minimal cost, expertise
and setup (Carroll, 2024) while outperforming ear-
lier models on ASG tasks (Wang et al., 2023). Cur-
rent approaches commonly apply structuralist theo-
ries from Classical Narratology' (Meister, 2011),
which find common formal and structural patterns
across all textual narratives’. While the path of
prompt-engineering has found success at applying
narrative theories to improve performance (Tian
et al., 2024), the path of post-training is compara-
tively unexplored—where the lack of common ASG
datasets, metrics and benchmarks form unavoid-
able roadblocks in model training and evaluation.

We believe a narrative theory-informed approach
to post-training offers potential and practicality in
moving forward with these challenges. By examin-
ing data from the training process and evaluating
the performance of our post-trained models, our pa-
per finds evidence to answer the research question:

“How can a narrative theory be applied in LLM
post-training to achieve desirable ASG qualities?”

To replace the pairwise-preference (standard in
RLHF) data-driven assessment of narrative qual-
ity with a narrative theory-driven assessment, we
use direct reinforcement learning from Al feedback
(d-RLAIF). We use an LLM-as-judge, prompted
with Todorov (1971)’s Theory of Narrative Equilib-
rium, to produce reward signals for group relative
policy optimisation (GRPO) (Shao et al., 2024).

'In comparison, Postclassical Narratology refers to a more
diverse and interdisciplinary practice involving contextual,
cognitive and transmedial/transgeneric perspectives that apply
narratology outside of literary and textual narratives.

A well-known example being Campbell (2008)’s The
Hero with a Thousand Faces.
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Figure 1: Our architecture that utilises d-RLAIF (Lee et al., 2024) w/ a narrative theory-informed LL.M-as-judge

generating the reward signal for GRPO (Shao et al., 2024)

The novelty of the paper lies in its utilisation
of reinforcement learning (Figure 1) for narrative
theory-informed ASG, based on Qin et al. (2019)’s
TimeTravel dataset. To address the research ques-
tion, we (1) Develop an annotation scheme and
evaluation criteria by applying Todorov’s theory.
(2) Compare how humans and LLMs annotate
and evaluate a dataset (n=200) of human and Al-
generated stories. (3) Train LLMs (7-8B parame-
ters) using our d-RLAIF pipeline. (4) Evaluate and
compare the performance of our d-RLAIF models
to instruction-tuned models, supervised fine-tuned
(SFT) models, and human crowd-workers.

2 Preliminaries

Typically, ASG tasks are evaluated by multidimen-
sional criteria. For example, Chakrabarty et al.
(2024) designed a scheme to evaluate stories on the
desirable ASG qualities measured using 14 criteria.
To focus our efforts primarily on the application
of narrative theory through reinforcement learning,
we simplify our task by choosing a specific type
of storytelling that can be evaluated across signifi-
cantly fewer criteria—the task of story retelling.

Specifically, we choose Qin et al. (2019)’s Time-
Travel dataset and task of rewriting the ending of a
short story after a provided ‘counterfactual” event?
replaces the ‘initial” event. For example:

Premise: Alex and Blair were classmates.

Initial: They secretly liked each other.

Original Ending: Alex gave in to desire and asked
Blair on a date. They got married after graduation.
Counterfactual: They secretly hated each other.
Edited Ending: Alex decided to speak up and con-
fronted Blair. Surprisingly, they resolved their is-
sues. Since then, they’ve become lifelong friends.

3This is actually a counterfactual antecedent while the
‘Edited Ending’ is a counterfactual consequent.

The original authors show that an Al-generated
output’s similarity* to the human-written ground
truths correlates weakly and sometimes negatively
with desirable ASG qualities of coherence and rel-
evance. Intuitively, evaluating/training models on
their ability to generate a specific string seems un-
suitable for storytelling tasks. Instead, we aim to
utilise a particular narrative theory, described here-
after, for a linguistically grounded approach.

2.1 Todorov’s Theory of Narrative
Equilibrium

To develop suitable principles to guide the LLM-
as-judge, we first establish our formal definition of
a narrative. We choose to adopt Todorov (1971)’s
Theory of Narrative Equilibrium, which describes
narratives as sequences of causally and contextually
connected stages and transformations categorised
by 5 types of ‘Todorovian stages’:

Equilibrium: An initial status quo.

Disruption: Something changes the equilibrium.
Recognition: Awareness of the disruption.
Attempt: Action taken to address the disruption,
New Equilibrium: A new status quo.

We choose Todorov’s theory because it is com-
patible with the structure of the retelling task:

Equilibrium: Alex and Blair were classmates.
Disruption: They secretly liked each other.
Recognition: Alex gave in to desire

Attempt: and asked Blair on a date.

New Equilibrium: They got married after gradua-
tion.

We also adapt Todorov’s theory to formalise a
simplistic criterion of narrativity: the scalar quan-
tity of something being a narrative (Abbott, 2014).

“Measured using BLEU (Papineni et al., 2002), ROUGE
(Lin, 2004) & BERTScore (Zhang et al., 2020).



Todorov believes that the reader must be able to
interpret most types of Todorovian stages from a
narrative text. i.e. A text which contains all 5 types
of Todorovian stages is higher in narrativity than a
text which contains 3, while a text which contains
1 type would be unrecognisable as a narrative.

3 Data Annotation

3.1 Criteria

With myriad ways to make a desirable retelling, it is
more concise to define what it should not be, rather
than what it should be. Using Todorov’s theory, we
focus our evaluation criteria on what a desirable
retelling should avoid. All desirable retellings need
to satisfy the criteria:

Logical: The text is free from inconceivable sce-
nario(s) that contradict the text’s internal logic.
Rational: The text can be rationally interpreted
using Todorovian stage(s) in its entirety without
contextual/causal disconnection.

Completey: The text includes all key Todorvian
stage(s) from the original that make the text re-
mains as narratively complete as the original.’
mingrc: Since any desirable story needs to sat-
isfy % of the aforementioned criteria, we use
min(Logical, Rational, Complete ;) to represent a
text’s overall quality instead of the average. This
reflects the principle that failing even one criterion
makes the story completely undesirable.

3.2 Curation

To assess alignment between LLM-as-judge and
human annotators, we curate a pool of human and
Al-generated retellings. Starting from the first 3000
items in the TimeTravel supervised training split
(Qin et al., 2019), where each item provides an
‘input’ consisting of the premise, initial state, orig-
inal ending, and counterfactual, and the ground
truth human-written edited ending. For each in-
put, we produce three Al-generated edited end-
ings using Llama-3.1-8B-Instruct (Grattafiori et al.,
2024), Olmo-3-7B-Instruct (Ettinger et al., 2025),
and Qwen-3-8B (Yang et al., 2025) with thinking
disabled.

Because the models typically produce coherent,
contradiction-free, and structurally similar outputs,

SConsider this retelling: ‘Alex and Blair were classmates.
They secretly hated each other. They never spoke again.’
While the retelling is plausible and coherent, it is hard to see
it as a desirable retelling when it ‘loses’ some of the original’s
narrativity.

we introduce a filter in order to diversify the score
distribution in the annotation. For each input’s
3 Al-generated responses, we use DeBERTa-v3-
small (He et al., 2023) to compute all pairwise
distances (defined as 1 — BERTScore ;) and define
the diversity metric:

diversity = min(distances) x mean(distances)

We then select the 50 inputs with the highest diver-
sity and, for each, retain four retellings (the three
LLM endings plus the human retelling), yielding
an annotation set of n = 200.

Metric Rating A (%) B (%)
Agree 85.5 95.5
Logical Neutral 7.0 0.0
Disagree 7.5 4.5
Agree 60.5 67.5
Rational Neutral 19.5 0.0
Disagree 20.0 32.5
Agree 56.0 49.0
Completen Neutral 7.5 0.0
Disagree 36.5 51.0
Agree 36.5 32.5
ming rc Neutral 18.0 0.0
Disagree 45.5 67.5
Agree+ 49.0 14.0
Agree 31.5 42.0
Narrativity Neutral 8.0 25.0
Disagree 0.0 2.5
Disagree- 11.5 16.0

Table 1: Distribution: 2 human annotators (A and
B), percentages shown (n=200 per metric). Agree+ is
Strongly Agree; Disagree- is Strongly Disagree.

Criteria AC2 % Agree K

Logical 0.8986  0.9075  0.2751
Rational 0.7396  0.8063  0.4906
Completey 0.5659  0.6813  0.3403
ming gc 0.6197  0.7250  0.3739
Narrativity  0.7072  0.8519  0.3460

Table 2: Inter-annotator agreement measured by Gwet’s
AC2, % Agreement, and Quadratic Weighted «.



LLM Annotator Logical Rational Completey Overall minggrc Narrativity
#1 Reasoning then Score

Selene-1-mini 0.90/0.07 0.70/0.23 0.66/0.34 0.47/0.19 0.62/0.27 0.77/0.27
M-Prometheus 0.91/0.06 0.68/0.11 0.54/0.24  0.29/0.05 0.38/0.16 0.68/0.17
Gemini-3-Flash  0.88/0.28 0.71/0.23 0.60/0.34 0.37/0.15 0.48/0.27 0.68/0.04
#2 Score only

Selene-1-mini 0.91/-0.02 0.68/0.10 0.61/0.20 0.44/0.12 0.55/0.13 0.77/0.26
M-Prometheus 0.93/0.08 0.68/0.16 0.53/0.17 0.39/0.12 0.39/0.15 0.68/0.16
Gemini-3-Flash  0.84/0.27 0.71/0.33 0.62/0.41 0.52/0.29 0.55/0.31 0.76/0.40

Table 3: Agreement between LLM and human annotators reported by Gwet AC2 / Cohen’s weighted kappa.

3.3 Human Annotation

Two human annotators of English-speaking back-
grounds evaluated the human and Al-written stories
following this tag-and-evaluate process:

- Tag parts of text with Todorovian stages. The vari-
ety of tags is automatically counted and computed
into a 1-5 Narrativity score. (Section 2.1)

- Use 3-point Likert scales to evaluate on the
Logical/Rational/Completey criteria.

Since our LLMs generated logical and ratio-
nal stories in most cases, our rating distributions
are skewed (Table 1), leading to the known preva-
lence/bias paradox (Zec et al., 2017) for Cohen’s
k (e.g. k = 0.28 despite 91% agreement). We,
therefore, report Gwet (2014)’s AC2 alongside s
for inter-annotator reliability (Table 3), which is
more robust to prevalence and marginal bias.

Considering both AC2 and &, the annotators
reach fair to moderate agreement at worst and mod-
erate to substantial agreement at best, making dif-
ferent but equally faithful interpretations of Todor-
ovian story structures. Consider the original ‘Alex
and Blair’ story from section 2: it would be faithful
to tag ‘they secretly liked each other’ as the disrup-
tion and it would also be faithful to tag ‘Alex asked
Blair on a date’ as the disruption. The ‘Logical’
and ‘Rational’ criteria also draw on psychologi-
cal and philosophical considerations, placing them
beyond the scope of what’s definable by this paper.

3.4 LLM-as-judge

We utilise 3 LLM-as-judge evaluators: Selene-1-
mini-8B (Alexandru et al., 2025), M-Prometheus-
14B (Pombal et al., 2025) and Gemini-3-Flash
(Google, 2025). The first two are recently re-
leased open-weight models specialising in evalu-

ation tasks, while Gemini-3-Flash is chosen as a
state-of-the-art (SOTA) proprietary model. Since
the two specialised models were trained to give
only a single rating, we run inference independently
for each criteria. Hoping to maximise speed and
token efficiency during d-RLAIF, we also instruct
each model to output an additional ‘overall’ score
with identical criteria to the ming gc score to see if
we can approximate the rating with less tokens.
We try 2 different output formats:

1. Generate the reasoning and then the score
2. Generate the score only®

We evaluate the models’ accuracy based on AC2
& x measured against the average of the human
annotators (Table 3). We found that the smaller
8B Selene-1-Mini is more accurate with reasoning,
Gemini-3-Flash is more accurate without, while
the 14B M-Prometheus is mostly indifferent.

4 Harnessing d-RLAIF for ASG

To study the effects of our d-RLAIF training on a
wide range of models, 3 instruction-tuned models
(Llama-3.1-8B, Qwen-3-8B, and Olmo-3-7B) are
chosen as policy models for generating retellings.
We use GRPO (Shao et al., 2024) and LoRA (Hu
et al., 2022) to optimise the d-RLAIF training pro-
cess with TimeTravel’s unsupervised learning split
as input. The policy model generates 16 outputs
for each input, which are then given to the LLM-
as-judge to evaluate and generate 16 reward scores.
The relative advantages are then calculated from
the reward scores and used to update the weights of

®We instruct the LLM to output the score then the rea-
soning because post-hoc reasoning can improve accuracy
(Lampinen et al., 2022; Lal et al., 2024). We stop inference
after the score is generated, since it is impossible for the sub-
sequent tokens to change the already-generated score.



the policy model’s LoRA adapter (Figure 1). Both
the policy and LLM-as-judge model fit on a single
H200 GPU with 141GB VRAM.

Using the results from Table 3, we initially
choose Selene-1-mini without reasoning as our fast
LLM-as-judge and reward signal generator.” While
the ‘overall’ score is less accurate than aggregating
miny grc from 3 separate inferences, we consider
it to be an acceptable degradation at % the token
cost and use it for our reward signal Rp. We also
conduct d-RLAIF with an alternative reward score
Ry based on narrativity (Figure 4).

We apply early stopping once training reaches
a reward plateau, defined as 200 consecutive opti-
miser steps for which the average reward remains
within 0.1 of the maximum achievable reward of 3
or 5, indicating no further measurable improvement
under the current reward signal. Additionally, we
introduce a length-based penalty for retellings that
exceed 3 times the length of the original to prevent
reward hacking by lengthy outputs.

However, we find that when Qwen and Olmo
are trained on Selene-1-mini’s Rp signal, they con-
verge® before and without reaching the goal reward
plateau (Figure 2). To ensure the reward plateau is
reached, we train all 3 models on M-Prometheus’s
Ro signal. They all reach the reward plateau within
500 global optimiser steps. (Figure 3) We sub-
sequently use M-Prometheus to train Llama on 2
additional reward signals, Ry and a modified Ros,
which changes the rubric to use a 5 point likert
scale instead of 3 to test the effects of changing the
ordinal scale.

To summarise, the reward signals we use are the:

* Ro signal from the ‘Overall’ prompt. (1-3)
* Ros signal from the ‘Overall’ prompt. (1-5)
* Ry signal from the ‘Narrativity’ prompt.

For comparison, we conduct standard SFT with
LoRA using TimeTravel’s supervised training split,
also with early stopping at convergence—defined by
when loss decreases < 0.01 for 3 consecutive train-
ing steps (Figure 5). All models converge faster
and with lower number of generations and opti-
miser steps during SFT than d-RLAIF.

"We choose to save the evaluation criteria—Logical, Ra-
tional & Completexn—and our most reliable LLM-as-judge—
Gemini-3-Flash without reasoning for final evaluation.

8For the gradient norm graph, see figure 8.
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Reteller

Logical Rational Completey min;gc Narrativity BLEU-4 ROUGE-L

TIMETRAVEL ‘GROUND TRUTHS’

Human Crowd Workers 2.884 2927 2.933 2811 4.718 1.000 1.000
LLAMA-3.1-8B-INSTRUCT

BASE 2.735 2.385 2.528 2.080 4.347 0.340 0.502
SFT 2.320 2.501 2.934 2260 4.692 0.810 0.835
d-RLAIF-Rp-Prometheus 2.801  2.825 2.594 2400 4.534 0.179 0.386
d-RLAIF-Rgps-Prometheus 2.917  2.943 2.059 2.019 453 0.007 0.194
d-RLAIF-Rn-Prometheus 2.655  2.717 2.246 2.058 4.219 0.163 0.357
d-RLAIF-Rp-Selene 1.820 2.080 2.779 1.761  4.489 0.174 0.458
d-RLAIF-Ryn-Selene 2.785  2.860 2.740 2.554 4.733 0.087 0.299
QWEN-3-8B

BASE (non-thinking) 2429 2132 2.759 1.940 4.551 0.572 0.667
SFT 2.402  2.532 2.925 2317  4.693 0.790 0.823
d-RLAIF-Rg-Prometheus 2.717  2.336 2.566 2.024  4.356 0.337 0.491
d-RLAIF-Rn-Selene 2.781 2.890 2.705 2516 4.894 0.003 0.192
OLMO-3-7B-INSTRUCT

BASE 2762 2812 2.400 2222  4.328 0.097 0.315
SFT 2295 2441 2910 2211  4.647 0.787 0.821
d-RLAIF-Rp-Prometheus 2.770  2.857 2.491 2.325  4.460 0.090 0.309
d-RLAIF-Rn-Selene 2.793 2.893 2.595 2434 4.899 0.002 0.178

Table 4: Evaluation of post-trained LLMs using the test split (n=1871) from TimeTravel dataset.

5 Results

We evaluate the performance of our models on
TimeTravel’s test split (n=1871) by prompting
Gemini-3-Flash for evaluation based on our cri-
teria. Each item in the test split contains 3 slightly
different human-written edited endings—we eval-
uate each and use their average for the results in
Table 4. We also use BLEU-4 and ROUGE-L to
calculate the average similarity of each model’s
generation to the nearest human-written ending to
measure linguistic similarity.

Table 4 shows that while human crowd workers
do not receive the highest scores for any of the first
3 criteria, their stories perform significantly bet-
ter than LLMs when considering minj rc, which is
more faithfully represents story quality and model
performance than the average, as all desirable sto-
ries must score perfectly across the 3 criteria.

SFT achieves the highest Completey, BLEU-
4 and ROUGE-L for all models. SFT results in
an increase of ming gc performance for Qwen and
Llama but degrades the performance of the best-
performing base model Olmo. Stories generated by
the SFT models were highest in linguistic similar-
ity to the human-written stories, as well as the most

structurally similar to the original stories (mea-
sured by Completen). Meanwhile, d-RLAIF mod-
els trained on Ry produced more linguistically dif-
ferent stories compared to those trained on Ro.’

We highlight that d-RLAIF with M-
Prometheus’s Rp improves the overall perfor-
mance of all tested models, where Selene-1-mini’s
narrativity-based reward signal Ry results in the
best miny rc performance, second only to humans.
Their outputs also contain the highest narrativity.

From the additional models post-trained from
Llama-3.1-8B-Instruct, those trained by M-
Prometheus achieve better performance when
trained using Rp and worse when trained using
Ry compared to those trained by Selene-1-mini.
When the LLM-as-judge model is instructed to out-
put a 5-point Likert score instead of the original
3-point and the group relative advantage is calcu-
lated from Rgs instead of Rg, the policy model’s
outputs improve at the Logical and Rational criteria
but significantly degrade at the Completey criteria.

"We do not evaluate Qwen and Olmo trained on Selene-1-
mini’s Ro since they do not reach the reward plateau during
d-RLAIF.
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Figure 6: LLM-as-judge on the annotation set. Left: ‘Narrativity’ distribution. Right: ‘Overall’ distribution.

6 Discussion

In this section we discuss the performance of our
models, the practical implications of post-training
for ASG, interpretability derived from this exper-
iment, and future implications of utilising this
pipeline for narrative theory-informed ASG.

The results of our Ry-rewarded training suggest
that abstract and theoretical narrative structure can
be learned through reinforcement learning, and
is beneficial in producing logical, rational, struc-
turally complete and linguistically different stories.
Comparatively, a qualitative examination of the
SFT models’ outputs shows that they often gener-
ate edited endings that are phrased identically to
the original endings. This suggests that it is harder
for SFT to achieve syntactically and creatively di-
verse storytelling. Intuitively, it would not make
sense to teach a student storytelling by assigning
them a task then evaluate what they write based on
the teacher’s own ground truth. d-RLAIF is a more
intuitive choice for linguistically driven ASG since
humans naturally learn storytelling as a commu-
nicative practice through reinforcement learning
(Hineline, 2018).

Since both of our d-RLAIF and SFT training
processes use less than a single epoch from the
dataset to reach convergence, it suggests that mas-
sive datasets are not be necessary for LLM post-
training. Efforts to curate datasets for ASG tasks
may instead focus on comparatively smaller and
query-only datasets compared to other tasks.

We also show that a larger model is not always
needed to teach a smaller model. Our experiments
show that ASG d-RLAIF can be carried out using
an 8B student and an 8B teacher—it does not al-
ways require pairing a larger teacher model with
a smaller student model to achieve noticeable im-

provements.

The crucial role of LLM-as-judge in d-RLAIF
suggests that the path of Automatic Story Gen-
eration (ASG) through LLM reinforcement learn-
ing will be influenced by findings from Automatic
Story Understanding (ASU). Using d-RLAIF, meth-
ods of effective ASU can offer great assistance in
providing the reward signals needed for the train-
ing of future ASG models. We believe it to be
beneficial to have unified knowledge and methods
between generation and understanding. Addition-
ally, we show that for the evaluation of effective
ASU models, it is important to curate balanced
datasets of high and low quality stories, which is a
task that invites collaboration from ASG.

Our findings support claims that the most accu-
rate LLM-as-judge (Selene-1-mini) is not neces-
sarily the best teacher for reinforcement learning
(Razin et al., 2025). Looking at the distribution
of scores given to the annotation set in figure 6,
we see that Selene-1-mini is a harsher judge than
M-Prometheus. While harshness may have pre-
vented models trained by Selene-1-mini’s Rp from
reaching the goal reward plateaus or improve per-
formance as opposed to those trained by the more
lenient M-Prometheus, the same harshness may
have contributed to being a better teacher of narra-
tivity. This shows we need additional measures of
LLM-as-judge beyond accuracy and alignment.

A key challenge we encounter is the early stag-
nation during d-RLAIF training with GRPO, where
policy models converge prematurely without reach-
ing the optimal reward plateaus. To investigate this,
we compare the standard 3-point Likert scale (Rp)
against a more granular 5-point scale (Ros), hy-
pothesising that increased reward variance would
mitigate signal loss in GRPO and improve learn-



ing. Interestingly, the Rps-rewarded policy model
becomes better at producing Logical and Ratio-
nal outputs but significantly worse at retelling the
narrative structure, degrading overall performance.
This suggests that simply increasing scale granu-
larity is insufficient to prevent gradient starvation
(Pezeshki et al., 2021) in GRPO setups if the un-
derlying reward distribution remains sparse or satu-
rated, where the LLM-as-judge fails to meaningful
differentiate between outputs.

The application of narrative theory has been cru-
cial for our experiment. At the same time, while
we had initially hoped that Todorov’s narrative the-
ory would provide a foundation for usable story
metrics that could be shared across tasks for eval-
uation and training, our annotation process only
reach fair/moderate agreement. It indicates that the
subjectivity of storytelling remains a quality that is
perhaps incompatible with common metrics/bench-
marks; it also suggests that Todorov’s structural
theory alone is not sufficient at modelling all of
narrative’s qualities. e.g. The ‘Logical’ and ‘Ra-
tional’ criteria also drawing on psychological and
philosophical considerations. This echoes the view-
points of Postclassical Narratology, which empha-
sise the contextual and cognitive perspectives of
storytelling as a practice beyond structuralist and
formalist traditions (Meister, 2011).

Nevertheless, the significant performance im-
provement and variance in training times for differ-
ent instruction-tuned models when using narrativity
as the reward signal Ry during d-RLAIF (compared
to SFT or d-RLAIF with Rp) suggests that narrativ-
ity may be a non-arbitrary quality that is exhibited
differently in models’ behaviours and embeddings.
This phenomenon is worth investigating by com-
puter scientists and narratologists alike. In addition
to being an insight into model behaviour and in-
terpretability, it is worthwhile to consider an LLM
itself as a narrative artefact-how a computational
model trained on narrative texts exhibit narrative
behaviour.

7 Related Work

Qin et al. (2019)’s TimeTravel dataset and its ‘coun-
terfactual story retelling’ task have been used by
a number of past works, experimenting with: un-
supervised learning (Qin et al., 2020; Chen et al.,
2022), Program-of-Thought prompting (Liu et al.,
2023) and ConceptNet (Ashwani et al., 2024). All
these past works position storytelling as a task that

tests the ability of a large language model (LLM) to
reason and understand causality. In this paper we
choose to distance away from viewing the task as a
benchmark of causal inference and rather position
the task as primarily a narrative task that requires
an approach informed by literary narrative theories.

d-RLAIF (Lee et al., 2024) has been shown to
perform on par with RLHF at tasks such as sum-
marisation, helpful dialogue generation, and harm-
less dialogue generation. While peer-reviewed pa-
pers of d-RLAIF for narrative generation has been
lacking, Wei et al. (2025)’s paper showed that it can
perform well at improving creative-writing for gen-
erating Chinese greetings, and their findings gave
us the confidence to proceed with our experiments.

8 Conclusion and Future Work

Our paper is a novel exploration at the intersection
of LLMs and narrative studies. We applied Todorov
(1971)’s Theory of Narrative Theory of Equilib-
rium for Qin et al. (2019)’s counterfactual story
retelling task. We used the theory to define eval-
uation principles and criteria which appear as re-
ward signals. We tested the alignment between hu-
mans and LLMs-as-judge using a dataset (n=200)
of human and Al-written stories and find fair to
moderate agreement. We employed d-RLAIF op-
timised by GRPO and LoRA using the subopti-
mally accurate but efficient Selene-1-mini-8B and
M-Prometheus-14B LLM-as-judge models to gen-
erate various reward signals. After training 3 open-
weight LLMs (Llama-3.1, Qwen-3 & Olmo-3) for a
comparative study, we find that d-RLAIF generally
performed better than SFT and instruction-tuned
models, while training using the narrativity reward
score Ry produced the best-performing models—as
evaluated using Gemini-3-Flash prompted with our
Todorovian principles.

Our results show that reinforcement learning—
namely, d-RLAIF—is a viable post-training ap-
proach for training LLMs in ASG. A key part of
our methodology is the principle-guided LLM-as-
judge. While our results show that d-RLAIF can
achieve improvements even with a sub-optimal
LLM-as-judge, it is still the centrepiece of this
promising methodology. We believe that the inter-
active practice of storytelling is inseparable from
story understanding. Our paper sets the promise
of linguistic theories as the basis of evaluation and
reward models for future research in ASG.



Limitations

We do not compare our models with those devel-
oped by others (Li et al., 2023; Liu et al., 2023;
Ashwani et al., 2024) using the TimeTravel dataset.
This is primarily because none of them are reason-
able baselines for our experiments, particularly in
the context of a theory-informed ASG. We only
focused on training 7/8B models, the effectiveness
of our method for smaller/larger LLMs is mostly
untested. Also, we did not compare the final accu-
racy of Gemini-3-Flash’s evaluations with human
judgements. While the fact that it rates human-
written stories more highly than Al-generated sto-
ries provides some evidence of alignment, our re-
liance on LLM-as-judge to approximate human
judgement is an assumption and limitation.

Ethics Statement

We use benchmark datasets, and do not have any
additional ethical considerations to report. Our hu-
man evaluators are authors on the paper. GitHub
Copilot and Google Al studio were used to as-
sist with coding tasks and debugging. Microsoft
Copilot was used for formatting the latex in the
manuscript. Outputs generated by these tools were
carefully reviewed and validated by the authors to
maintain accuracy and correctness.

Our dataset, tasks and generated stories are in
English and refer to Western contexts. We use an
European narrative theory. It is well know in the
narrative studies community that cultural differ-
ences can affect how we perceive narratives and
their underlying themes and structures (Aziz, 2023;
Phillips et al., 2025). As such, our paper’s represen-
tation of storytelling is biased and does not reflect
all cultures.

Storytelling is a highly effective communication
tool that can be used for influence and manipula-
tion. Development of ASG methods with the goal
of matching human storytelling qualities raise po-
tential malicious or unintended harm.
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A License

The TimeTravel dataset is used under the MIT Li-
cense. Hugging face’s Transformers and TRL li-
braries are used under the Apache License 2.0 li-
cense. Llama 3.1 is used under the LLaMA 3.1
Community License. Olmo 3, Qwen 3 and Selene-
I-mini are used under the Apache License 2.0.

We use these artifacts in a way that’s consistent
with intended use for the purpose of academic re-
search.

B TimeTravel Dataset

The TimeTravel dataset is constructed from the
ROCStories corpus (Mostafazadeh et al., 2016)
which consist of over 100k human written five-
sentence short stories. In TimeTravel, there are
1.87k items in the test set, 1.87k items in the valida-
tion set, and 16.8k items in the supervised training
set, all with human written counterfactual endings.
Furthermore, the entire 100k ROC stories can be
used for unsupervised training.

The dataset includes narratives that may allude to
violent themes, and some generated outputs could
be distressing. To the best of our knowledge, these
stories are entirely fictional and do not represent
real individuals.

C Computational Budget

Inference and d-RLAIF and SFT training was con-
ducted on a single H200 GPU. Each training pro-
cess took between 30 minutes - 4 hours.

Evaluation using Gemini-3-Flash was done us-
ing OpenRouter API, and was allocated $50 in
credits.

D Hyperparameters

We detail the hyperparameters applied for super-
vised fine-tuning (SFT) and GRPO-based deep re-
inforcement learning from Al feedback (d-RLAIF).
All training and inference were performed using
Hugging Face’s Transformers and TRL libraries.
Unless otherwise specified, the same hyperparame-
ter configuration was maintained across all experi-
mental settings. Early stopping was implemented
for both SFT and d-RLAIF.
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D.1 Supervised Fine-Tuning (SFT)

For SFT, we train the model using the AdamW op-
timiser with a fixed learning rate and Low-Rank
Adaptation (LoRA) parameterisation (Hu et al.,
2022). Training is conducted for a single fine-
tuning stage, with evaluation performed periodi-
cally on a held-out validation set. The best model
checkpoint is selected based on validation loss us-
ing early stopping.

LoRA-specific hyperparameters are set as fol-
lows:

e Rank r = 64
e Alpha oo = 128
* Dropout = 0.05

Other training hyperparameters are:

* Per-device batch size = 8

* Gradient accumulation steps = 8

* Learning rate = 1 x 10~*

* Number of epochs = 1

* Maximum sequence length = 640 tokens

Mixed-precision training is enabled using
bfloat16 (bf16). Gradient check pointing is used
to reduce memory usage. No extensive hyperpa-
rameter tuning was performed; values were chosen
heuristically.

D.2 d-RLAIF with GRPO

For d-RLAIF, we employ GRPO with LoRA pa-
rameterisation for the policy model. At each train-
ing step, 16 candidate completions are generated
per prompt, and early stopping is used based on
evaluation metrics.

LoRA-specific hyperparameters for d-RLAIF
are:

e Rank r = 64

e Alpha oo = 128

 Target modules: q_proj, k_proj, v_proj,
0_proj

* Dropout = 0.05

¢ Bias mode: none

Other training hyperparameters are:

Per-device batch size = 24
Gradient accumulation steps = 2
Learning rate = 5 x 1076
Number of epochs = 1
* Maximum prompt and completion length =
512 tokens
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Mixed-precision training using bfloat16 (bf16) is
enabled. No extensive hyperparameter search was
performed; hyperparameters were selected heuristi-
cally for stability. All experiments use fixed hyper-
parameters across conditions to ensure comparabil-
ity. Sensitivity to hyperparameter choices is left to
future work.

E Annotation

While we hypothesised that there would be a cor-
relation between narrativity and desirable qualities
of ‘Logical’ and ‘Rational’, we only found weak
correlation. (Figure 7)
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Figure 7: Correlation between each criteria in the human
annotations.
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Figure 8: Policy model gradient norm during d-RLAIF
using the reward signal Rp generated by Selene-1-mini.
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