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Abstract

Creative plot generation presents a fundamen-
tal challenge for language models: transform-
ing a concise premise into a coherent narrative
while satisfying multiple narrative constraints,
including global coherence, character develop-
ment, pacing, tone consistency, and emotional
progression. Although recent Large Language
Models (LLMs) demonstrate strong fluency
on general-purpose tasks, they require pref-
erence alignment to perform well on domain-
specific tasks such as creative plot generation.
However, conducting such alignment at the
scale of frontier LLMs is computationally pro-
hibitive, significantly limiting accessibility and
practical deployment. To address this, we
present PLOTTWIST, a structured framework
that enables Small Language Models (SLMs)
with < 3B active parameters to generate high-
quality, premise-conditioned plots competitive
with frontier systems of vastly greater param-
eter scale. Our approach decomposes gener-
ation into three specialized components: (1)
an Aspect Rating Reward Model, trained via
a novel Positive-Negative prompting strategy;
(2) a Mixture-of-Experts (MoE) plot genera-
tor aligned via Direct Preference Optimization
(DPO); and (3) an Agentic Evaluation module
containing a cross-family jury that emulates
human critical judgment for unbiased, inde-
pendent post-hoc assessment. Extensive ex-
periments demonstrate that PLOTTWIST con-
sistently outperforms all baselines, including
frontier models, across multiple Narrative Qual-
ity Dimensions (NQDs), achieving higher win
rates against all but the strongest baseline, with
which it remains competitive. Further vali-
dation confirms strong sensitivity to narrative
quality, as the framework reliably distinguishes
plots derived from critically acclaimed versus
widely panned screenplays. Together, these
results establish structured, preference-based
alignment as a resource-efficient approach to
high-quality creative plot generation.

1 Introduction

Writers across film studios, streaming platforms,
and publishing houses constantly face the same
challenge: transforming a concise creative premise
into a compelling narrative outline under tight dead-
lines. A showrunner needs to develop episode arcs
for a new series. A screenwriter must pitch three
distinct treatments by week’s end. An educator re-
quires diverse story examples for a creative writing
course. In each case, the task is not simply to gen-
erate text, but to craft plots that exhibit coherent
structure, believable character arcs, consistent tone,
and emotionally resonant turning points, qualities
that distinguish professional storytelling from ar-
bitrary event sequences (Teleki et al., 2025; Yao
et al., 2019). While experienced writers navigate
these demands through years of training and intu-
ition, computational systems offer no comparable
mechanism for structured creative assistance, a gap
this work seeks to address.

The challenge of creative plot generation with
generative models extends beyond surface-level
text production. Unlike summarization or question-
answering, where local context often suffices, plot
generation demands long-horizon reasoning over
concise conditioning signals. A promising premise,
such as “a romantic comedy set in the modern
tech startup era”, provides minimal concrete
guidance to writers, yet must expand into a causally
connected sequence of events spanning setup, de-
velopment, climax, and resolution. The narrative
must maintain global coherence while ensuring that
early character motivations align with later deci-
sions, that tonal shifts feel earned rather than arbi-
trary, and that pacing sustains engagement across
the entire arc. These requirements pose significant
difficulties for standard autoregressive language
models, which optimize token-level likelihoods and
lack explicit mechanisms for enforcing discourse-
level constraints. Prior work has shown that hierar-



chical planning and explicit structural decomposi-
tion can improve narrative consistency (Fan et al.,
2018; Gurung and Lapata, 2025; Teleki et al., 2025;
Yao et al., 2019) but such approaches typically as-
sume large model capacities, task-specific supervi-
sion, or relaxed efficiency constraints, leaving open
the question of whether effective plot generation is
achievable under computational constraints.

Recently, LLMs have demonstrated impressive
fluency across creative writing tasks, yet their suc-
cess comes at a steep cost. Frontier models such
as GPT-4.1, Claude Sonnet 4, and Gemini 2.0
Flash operate at vastly greater parameter scales,
demanding substantial computational infrastruc-
ture for both training and inference, costs that are
ultimately passed on to end users. Beyond raw
cost, the literature consistently shows that task-
specific alignment yields meaningfully better per-
formance than relying on general-purpose models
alone (Ouyang et al., 2022; Sun et al., 2023). In
creative writing, this alignment imperative is com-
pounded by a deeper challenge: scale alone does
not reliably resolve long-horizon coherence. Even
the largest models exhibit narrative drift, inconsis-
tent characterization, and structural incoherence
when generating extended plots without additional
inductive biases (Fan et al., 2018; Yao et al., 2019).
Achieving professional-grade plot generation thus
requires targeted alignment to the creative domain,
yet for models of this scale, such alignment is com-
putationally prohibitive, particularly when the re-
sulting system is intended for a narrow, specialized
use case.

This observation motivates a natural question:
can Small Language Models (SLMs), defined here
as models with < 3B active parameters per token,
generate creative plots of comparable quality to
frontier LLMs when aligned using an appropriate
structural scaffolding? We hypothesize that the key
lies not in model scale, but in externalizing narra-
tive structure into explicit evaluative and training
signals. Rather than relying on a monolithic model
to implicitly learn all aspects of narrative quality
through token prediction, we propose decomposing
the generation process into specialized, modular
components. This architectural separation enables
SLMs to leverage explicit guidance where large
models rely on emergent capabilities, effectively
trading model capacity for structured workflow de-
sign. To operationalize this approach, we intro-
duce PLOTTWIST, a three-component framework
for concise premise-conditioned plot generation

with SLMs. The first component is an Aspect Rat-
ing Reward Model that evaluates plots across five
Narrative Quality Dimensions (NQDs): character
development, tone consistency, pacing, narrative
coherence, and emotional turning points. The sec-
ond component is a Mixture-of-Experts (MoE) Plot
Generator based on Qwen-3-30B-A3B (3B active
parameters), trained via Direct Preference Opti-
mization (DPO) (Rafailov et al., 2023) on prefer-
ence pairs derived from the aspect rating reward
model. The third component is an Agentic Evalua-
tion Module with a Cross-Family Jury that operates
independently of the training pipeline, providing
post-hoc assessment through structured, weakness-
focused criteria. The key contributions of this work
are as follows.

* Structured Workflow using SLMs for Plot
Generation. We propose a modular framework
comprising an Aspect Rating Reward Model, a
DPO-trained MoE Plot Generator, and an inde-
pendent Agentic Evaluation Module.

* Positive—Negative Prompting for Aspect Rat-
ing Reward Modeling. We introduce a novel
prompting strategy that mitigates positivity bias
in LLM-based evaluation, enabling reliable
aspect-level supervision across five NQDs.

¢ Agentic Evaluation using a Cross-Family Jury.
We develop a cross-family jury of five open-
weight LLMs, together with a pre-registered eval-
uation protocol incorporating structured delibera-
tion, a held-out judge, and reliability analyses.

¢ External Validation of Evaluation Compo-
nents. We demonstrate that both the reward
model and the agentic evaluator reliably dis-
tinguish acclaimed from critically panned plots
across all NQDs.

* Efficient, Quality-Adaptive Plot Generation.
We show that PLOTTWIST outperforms all base-
lines across multiple NQDs and achieves higher
per-premise win rates against all but the strongest
baseline, with which it remains competitive, de-
spite using only 3B active parameters. More-
over, PLOTTWIST exhibits principled interven-
tion scaling across quality strata, lightly refining
strong narratives while substantially restructuring
weak ones rather than uniformly inflating scores.

2 Related Work

Story and Plot Generation. Early neural methods
introduced hierarchical generation, decomposing
stories into premise and continuation stages (Fan



et al., 2018), while Plan-and-Write frameworks ex-
plicitly separated outline planning from surface re-
alization (Yao et al., 2019). More recently, Agents’
Room (Huot et al., 2024) simulates professional
writing rooms. Such systems remain tethered to
frontier-scale computation, and a recent survey
notes that structured, quality-aware generation re-
mains an open problem (Teleki et al., 2025).
Preference Alignment and Efficient Models.
Reinforcement Learning from Human Feedback
(RLHF) is effective for aligning LLMs with hu-
man preferences, but the training pipeline can be
computationally expensive. Direct Preference Op-
timization (DPO) (Rafailov et al., 2023) offers a
simpler, more stable alternative, making it attrac-
tive for resource-constrained settings, as is sparse
computation in MoE architectures (Shazeer et al.,
2017; Fedus et al., 2022).

Evaluation of Creative Text and Reliability of
LLM Judges. Evaluating creative generation re-
mains challenging. Despite their strong surface-
level fluency, LLM-generated stories often lack au-
thentic creativity (Chakrabarty et al., 2024). Con-
sequently, recent work has increasingly adopted
LLM-as-a-Judge frameworks (Zheng et al., 2023)
and dimension-specific benchmarks for creative
writing (Zheng et al., 2025; Kim and Oh, 2025).
However, LLM judges exhibit systematic biases, in-
cluding same-family preference (Panickssery et al.,
2024; Ye et al., 2024), verbosity bias (Dubois et al.,
2024), and limited agreement with expert eval-
uations (Fein et al., 2025). Existing mitigation
strategies include cross-family judge panels (Verga
et al., 2024), structured deliberation (Chan et al.,
2024), and evidence-based justifications (Jiang
et al., 2025); nevertheless, judge errors remain
correlated across models (Kohli, 2026), and con-
ventional agreement measures can be distorted by
skewed score distributions.

3 Problem Formulation

We consider premise-conditioned plot generation
with SLMs!: given a concise, high-level premise
specifying the narrative setting, genre, and the-
matic constraints (e.g., a romantic comedy set
in the modern tech startup era), the model
must produce a plot approaching professionally
authored narrative quality. Drawing on computa-

'We distinguish models by active parameter count rather
than total parameters, and refer to models with at most 3B
active parameters per token as SLMs, even when implemented
as MoE architectures with larger total parameter counts.

tional narrative modeling and affective narratology
(Chakrabarty et al., 2024; Hogan, 2011), we assess
quality along five Narrative Quality Dimensions
(NQDs): narrative coherence (global logical con-
sistency and causal connectivity), character devel-
opment (meaningful character evolution), pacing
(distribution of narrative progression), tone consis-
tency (stylistic alignment), and emotional turning
points (effectiveness of major affective transitions).
Together, these dimensions span the structural, tem-
poral, stylistic, character-centric, and affective as-
pects of narrative quality while keeping the eval-
uation space compact. Our objective is a struc-
tured SLM-based workflow that generates premise-
conditioned plots exhibiting strong performance
across all NQDs.

4 Proposed Methodology

As shown in Figure 1, PLOTTWIST comprises
three modules: an Aspect Rating Reward Model
that scores plots across the NQDs (Section 4.1),
a preference-aligned Plot Generator (Section 4.2),
and an independent Agentic Evaluation module
with a cross-family jury (Section 4.3).

4.1 Aspect Rating Reward Model

Our objective is to develop a reward model that
produces aspect-level ratings and can be used to
guide the plot generator model. We begin by con-
structing a dataset comprising plots paired with
their corresponding ratings across the considered
NQDs, and then fine-tune an LLM on this dataset
to assign continuous-valued scores to plots. For a
given plot-p and aspect-a, we use r4(p) to denote
the rating of plot-p along aspect-a in NQD.

4.1.1 Aspect rating dataset construction

As there are no existing datasets that provide
fine-grained ratings of plots across the considered
NQDs, we construct such a dataset synthetically
using LLMs. To the best of our knowledge, the
only widely available human-provided score is the
IMDb rating for movies. However, this rating
serves as a holistic assessment that encapsulates
many creative elements simultaneously. Conse-
quently, it cannot be used as a direct proxy for
individual aspect-specific ratings, but it can serve
as a coarse aggregate indicator of the overall quality
of the plot. Note that IMDD ratings are not used in
model training; they are employed solely for data
curation and stratification purposes. We begin by



Step 1

Train Reward Model

Training a Reward Model Using
Multi-Aspect Ratings

Generating Aspect Ratings via
Positive-Negative Prompting in |
a Model-Agnostic Setup

(£222) The Plot of a Detective Story Aspect Ratings
- Set in the World War Il Era |

SFT

Aspect Prediction Training

Step 2

Train PlotTwist Generator

Policy Learning for Plot Generation with
Aspect-Guided Reward Feedback

B

Generate Plot of a Romantic
Comedy Set in the Modern Tech
Startup Era

Generator MoE Model

Generating Plots from
Prompts Focused on
Synopsis and Genre

(] (&)

N A coder meets an Two startups collide
Candidate Plots unexpected rival. over innovation.
Generated by LLMs &
the Generator Model () [0}

A quirky app sparks
unlikely romance.

Love launches.

amid tech competition.

Step 3

Agentic Evaluation

Evaluation of Plots with an Agentic

Aspect-Focused Framework

Generate the Plot of a Sci-Fi
Drama Set in the Early Mars
Colonization Era.

Generating Plots
Using Prompt and
Genre Inputs for
Evaluation

PlotTwist MoE Model

i

Aspect-Wise
Independent Evaluation
by Juror LLMs with
Deliberative Reasoning
Alignment and Final

via Supervised Fine-Tuning
with Huber Loss

B

Reward Model

Plot Generation Policy
Updates via DPO Using
Reward Model Preference

aspectHalngs and Thresholds

(€< The Plot of Military Rescue

| > Story Set in the World War Il Era G 4

Plot-Based Aspect Prediction for Character Development,
Pacing, Narrative Coherence, and Other Aspects

Consolidation by the
Judge LLM.

B

0>0>0>0

Reward Model
Ranks Plots

Aspect Rating of Plots
for Aspects such as
Narrative Coherence,
Pacing, and Character
Development

8 8

Figure 1: PlotTwist Framework

randomly sampling 5000 movies from the Movie-
Lens (Harper and Konstan, 2015) dataset spanning
a broad range of IMDDb ratings to ensure diversity.
For each movie, we then scrape its corresponding
plot from Wikipedia 2. Next, we employ LLMs to
generate synthetic aspect-level ratings for each plot.
We emphasize that LLMs are used solely in the re-
ward model, while the final plot generator model,
described in the following section, is implemented
as an SLM.

For each plot p, we generate ratings for all as-
pects in NQDs using positive-negative prompt-
ing 3 in a model agnostic setup, described be-
low. This style of prompting mitigates the inher-
ent positive bias often observed in LLMs (Zheng
et al., 2023) and yields stronger correlation with
external indicators, enabling more accurate and
balanced critique of plots. We first take five
LLMs, namely Qwen-2.5-7B, Llama-3.3-70B,
Llama-3.1-8B, DeepSeek-14B and Gemma-27B, to
avoid model bias in the aspect rating. We then
prompt them with a plot to output a rating, on
a scale of 1-10, for each aspect by only consid-
ering the positives present in the plot along that
aspect, denoted as ,,,, (p) where m identifies the
LLM. Similarly, we prompt LLMs to output a rat-
ing, on a scale of 1-10, by only considering the

To meet the token output and computation requirements
we select only movies with plots of at most 4000 words.

3For reference, both positive and negative prompts for all
aspects are given in the Appendix A.

negatives present in the plot along each aspect, de-
noted as 7, ,,,(p). Note that, if an aspect is well
captured in the plot then we expect 7/, (p) and
Tam(p) to be high and low respectively. Then,
the final aspect rating of a plot is calculated as

Ta(p) = Zm (Ti_,m<p) - Tczm(p))'
4.1.2 Supervised Fine-Tuning (SFT)

We fine-tune Qwen-3-32B with 4-bit quantization
on the aspect-rating dataset using a joint language-
modeling and regression objective. The token-level
Cross-Entropy (CE) loss supervises generation of
the target response, whereas the Huber loss penal-
izes deviations between predicted and target as-
pect ratings. For an input sequence x.7, target
sequence y1.7, and model parameters 6, the CE
loss is defined as

1 T
Lep(d) = -7 >, logpo (ye | w1e).

Let r denote the residual between a predicted as-
pect rating and its target value. The Huber loss is
defined as

1,..2
R Eiar |r| <&
Ls(r) = {5(7’ — 1), Jr|>6°

where we set 6 = 1 in all experiments.

4.2 Plot Generator Model

We adopt Qwen-3-30B-A3B, an MoE architecture
that enables increased model capacity and expert
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Figure 2: The Cross-Family Jury - Agentic Evaluation Framework

specialization while maintaining efficient inference
(Fedus et al., 2022; Shazeer et al., 2017). Although
the MoE model has a total parameter count of 30B,
only 3B parameters are active per token, which clas-
sifies it as an SLM under our definition. To further
align the model toward producing higher-quality
plots, we employ Direct Preference Optimization
(DPO), a Reinforcement Learning from Human/Al
Feedback (RLHF/RLAIF) approach that directly
optimizes preference objectives without requiring
an explicit reward model or on-policy reinforce-
ment learning. Given that the Qwen-3-30B-A3B
model already exhibits strong instruction-following
capabilities, we omit SFT for instruction alignment
and focus exclusively on preference-based opti-
mization.

For DPO training, we first construct a dataset of
pairwise plot preferences (Figure 3 in Appendix B).
Each sample in the dataset consists of a premise,
a pair of plots generated under that premise, and
a preference ordering between them. We generate
premise descriptions for each of the 5,000 plots,
as mentioned in Section 4.1, using the Gemma-
27B model. For each premise, we prompt the
base Qwen-3-30B-A3B MoE model, along with
several frontier models (Claude Sonnet 4, Gemini
2.0 Flash, and GPT-4.1), to generate plots condi-
tioned on the same premise. All generated plots
are evaluated using the reward model described in
Section 4.1, with aspect-level ratings averaged to
obtain a final reward for each plot. To align our
MoE model toward higher-quality plot generation,
we retain only those samples in which a frontier
model achieves the highest reward score, exceeds a
score threshold of 8, and outperforms the next-best

model by a margin of at least 0.5. Applying this pro-
cedure across all 5,000 premises yields 160 high-
confidence preference samples. Although modest
in size, this dataset is intentionally curated to en-
sure reliable preference signals, and prior work has
shown that DPO can effectively leverage a small
number of high-quality preference pairs. We sub-
sequently perform DPO on the Qwen-3-30B-A3B
model using this dataset, yielding the final plot gen-
erator model. Computational infrastructure details
are provided in Appendix H.

4.3 Agentic Evaluation of Plots using
Grounded Cross-Family Jury

Following plot generation, reliable validation of
creative quality is essential. Although the aspect
rating reward model provides structured supervi-
sion across the predefined NQDs, it remains a pre-
dictive model optimized for aspect-level signals
derived from training data. Relying solely on this
model risks evaluation bias, as it may reward pat-
terns correlated with learned signals rather than
reflect broader narrative soundness. Although di-
rect evaluation by domain experts remains the gold
standard for assessing plot quality, it is often im-
practical due to limited availability, time, and cost.
Therefore, following prior work (Teleki et al., 2025;
Kim and Oh, 2025), we adopt an independent agen-
tic evaluation framework, described below and il-
lustrated in Figure 2. Our agentic evaluation frame-
work performs structured, multi-criteria assessment
across the NQDs independently of the aspect rating
reward model. It employs a panel of five inde-
pendent Juror LLMs to assess each generated plot
across five NQDs. Each juror performs its evalua-



tion independently to encourage diverse and unbi-
ased assessments. Their individual judgments are
then provided to a Judge LLM, which consolidates
the evaluations through two rounds of structured de-
liberation with the jurors, resolving disagreements
and calibrating scores where necessary. The Judge
LLM produces the final consensus score for each
NQD, yielding a robust, consistent, and transparent
assessment while reducing the variance inherent in
single-model evaluations.

To ensure evaluation that is reliable, consistent,
and independent of the identity of the LLM apply-
ing it, each NQD is specified through a rubric of
ten explicit, instruction-level criteria that translate
abstract narrative concepts into concrete and ob-
servable failure modes; each criterion is scored on
a [0, 1] scale, and the criterion scores are summed
to yield an aspect score out of ten. Narrative coher-
ence, for example, is assessed by identifying break-
downs in logical progression, causal relationships,
and structural consistency, including plot holes,
contradictions, and incoherent world-building. The
remaining four dimensions are specified in the
same style; the full rubrics and exact prompts ap-
pear in Appendix C.

5 Experiments

We first validate both the proposed Aspect Rating
Reward Model and the Cross-Family Jury-based
Agentic Evaluation framework. Next, we evaluate
the PlotTwist under varying conditions and intro-
duce the baselines. Finally, we compare PlotTwist
against these baselines and present ablation studies.

5.1 Aspect Rating Reward Model and Agentic
Evaluation: Validation

We verify that both components assign higher
scores to high-quality plots than to low-quality
ones. Since IMDb ratings are an imperfect proxy
for plot quality, we instead use critically acclaimed
plots from the 101 Greatest Screenplays of All
Time (GSAT) and critically panned plots from the
Golden Raspberry Screenplay Awards (Razzies).
Owing to the class imbalance (37 Razzie vs. 94
GSAT)*, we employ repeated balanced subsam-
pling, fixing the Razzie set and sampling an equal
number of GSAT films over 1,000 runs.

Aspect Rating Reward Model. The reward model

*The imbalance arises because the Razzie Awards were
established only in 1981, the Worst Screenplay award is not
presented every year, and our 4,000-word plot-length filter
further reduces the available Razzie pool.

consistently separates GSAT and Razzie plots
across all NQDs. GSAT plots achieve an overall
mean score of 8.28 compared with 7.21 for Razzie
plots, yielding a mean difference of +1.07 (95%
CI]0.96, 1.19]), with GSAT outperforming Razzie
plots in 100% of subsampling runs. The largest
improvements are observed in pacing (+1.41),
emotional turning points (+1.13), and narrative
coherence (41.12), while character development
(40.75) and tone consistency (+0.96) also exhibit
clear separation. All NQDs show large effect sizes
(Cohen’s d = 2.77-4.68), and Welch’s t-tests con-
firm statistically significant differences across all di-
mensions, including the aggregate score (t = 9.69,
p=3.41 x 10718).

Agentic Evaluation. The Cross-Family Jury-based
agentic evaluator exhibits similar behavior, assign-
ing consistently higher scores to GSAT plots across
all NQDs. The overall mean score increases from
6.58 (Razzie) to 8.33 (GSAT), corresponding to a
mean difference of +1.75 (95% CI [1.66, 1.85]),
with GSAT outperforming Razzie plots in 100% of
subsampling runs. The largest separations occur
in narrative coherence (42.64), tone consistency
(+1.99), and pacing (+1.91), followed by char-
acter development (41.22) and emotional turning
points (4-0.98). All NQDs exhibit very large ef-
fect sizes (Cohen’s d = 4.36-9.34), and Welch’s
t-tests confirm statistically significant differences
across all dimensions, including the aggregate
score (t = 16.54, p = 2.96 x 1073%).

Together, these results demonstrate that both the
proposed reward model and the Cross-Family Jury-
based agentic evaluator reliably distinguish criti-
cally acclaimed from critically panned plots across
all NQDs.

5.2 Quality-Stratified Analysis of PlotTwist

We consider 160 films partitioned into four IMDb-
defined quality strata: Excellent (IMDb > 8), Good
(7 < IMDb < 8), Mid (6 < IMDb < 7), and Low
(IMDb < 6). For each source plot, we derive a
premise using Gemma-27B and use it to condition
PlotTwist. The final dataset contains 160 complete
original-generated pairs (40 Excellent, 40 Good,
40 Mid, and 40 Low). Within each stratum, we
compare paired original and generated plots across
the five NQDs under the same Cross-Family Jury
protocol as Section 5.4; uncertainty is estimated by
resampling films rather than individual scores.
The overall improvement increases monotoni-
cally as source quality decreases: +0.31 points



for Excellent films (95% CI [0.09,0.57]; paired
Cohen’s d, = 0.38), +0.65 for Good films
([0.51,0.79]; d, = 1.40), +0.98 for Mid films
([0.81,1.17]; d, = 1.68), and +1.28 for Low films
([1.09,1.48]; d, = 2.01). Within the Excellent stra-
tum, the clearest gains occur in character develop-
ment (+0.50, [0.20, 0.88]) and narrative coherence
(40.40, [0.13,0.72]), whereas pacing remains un-
changed within uncertainty (—0.02, [-0.21,0.19]).
In the Low stratum, the largest improvements are
observed in narrative coherence (+1.82) and tone
consistency (+1.40), with generated plots outper-
forming their paired originals on at least 97.5%
of films across every NQD. This monotonic trend
indicates quality-adaptive generation: PlotTwist
primarily refines already strong narratives while
progressively restructuring weaker ones (full per-
stratum results are provided in Appendix F).

5.3 Baselines

We evaluate PlotTwist against baselines selected
to provide a holistic comparison across three or-
thogonal axes: model scale, architectural design,
and plot generation paradigm (see Appendix E for
a complete overview of all models and their roles
in the framework). Closed-source frontier mod-
els (GPT-4.1(OpenAl, 2025), Claude Sonnet 4(An-
thropic, 2025), and Gemini 2.0 Flash(DeepMind,
2024)) and large open-weight models (Llama-3.3-
70B and Qwen-3-32B (Team, 2025b)) test whether
the structure of the framework can substitute for
raw scale; instruction-tuned, reasoning-distilled,
and reasoning-optimized models of comparable
scale (Qwen-2.5-14B (Team, 2024), DeepSeek-
R1-14B (DeepSeek-Al, 2025), Mistral Small 2501
(Team, 2025a), and Phi-4 Mini (Microsoft, 2025))
separate the contribution of preference optimiza-
tion from sparse activation and capacity; and two
narrative-specific paradigms, Agents’ Room (Huot
etal., 2024) and WizardLM (TheBloke et al., 2023),
situate PlotTwist among purpose-built story gener-
ation systems.

5.4 PlotTwist Performance Evaluation

Jury composition in Agentic Evaluation. Since
LLMs have been shown to exhibit bias to-
ward outputs generated by models from the
same family (Panickssery et al., 2024; Ye et al.,
2024), we construct a jury comprising five open-
weight LLMs from five model families differ-
ent from our aspect rating reward model (Qwen):
GPT-OSS-120B(OpenAl et al., 2025), Gemma-4-

31B(Team et al., 2026), Mistral-Medium-3.5-128B,
Nemotron-3-Super-120B(NVIDIA et al., 2025),
and GLM-4.6V (Team et al., 2025), with Llama-
3.3-70B serving as the Judge LLM. Each juror ap-
plies the same ten-criterion rubric described in Sec-
tion 4.3, ensuring that only the underlying judge
model varies across the panel (implementation de-
tails are provided in Appendix G).

Evidence grounding. Each criterion score must
cite a span quoted verbatim from the plot being
scored, turning written justifications (Jiang et al.,
2025) into mechanically checkable claims: be-
tween 94% and 99% of the roughly 478,000 quoted
spans verify against the source text. Grounding is
measured rather than enforced, avoiding the se-
lection bias of dropping cells (Appendix G). We
compare PlotTwist against the eleven baselines de-
scribed in Section 5.3 using the Cross-Family Jury
Agentic Evaluation framework (Figure 2). Evalua-
tion is performed on a held-out set of 160 premises
sampled from the 5,000-premise dataset.

Mean scores. PlotTwist and Claude Sonnet 4
achieve the highest overall jury mean scores, 8.36
and 8.35, respectively (Table 1), with PlotTwist
leading in narrative coherence, tone consistency,
and pacing. Given the marginal difference in over-
all scores, we rely on the per-premise win rate
(Table 2) as the primary comparison metric.

Win rates. Following a pre-specified analysis plan,
the primary endpoint is the per-premise paired win
rate of PlotTwist against each baseline (ties counted
as 0.5), evaluated using premise-level bootstrap
95% confidence intervals and Holm-corrected ex-
act sign tests (Holm, 1979) (Table 2). PlotTwist
achieves win rates of at least 0.95 against every
open-weight baseline, 0.94 against Gemini 2.0
Flash, 0.91 against GPT-4.1 (95% CI [0.86, 0.95]),
and 0.73 against Agents’ Room, all remaining sta-
tistically significant after Holm correction for mul-
tiple comparisons (p < 10~%). The GPT-4.1 result
is consistent across jurors: each prefers PlotTwist
on a majority of premises, and leave-one-juror-
out analysis maintains a win rate of at least 0.85
(Appendix G). In contrast, the comparison with
Claude Sonnet 4 is inconclusive, with a win rate
of 0.56 (95% CI [0.49, 0.64]); neither the sign test
(p = 0.13) nor the equivalence test (Lakens, 2017)
establishes superiority or equivalence. We there-
fore conclude only that PlotTwist is competitive
with Claude Sonnet 4.

Ablations. The jury results show that PlotTwist’s
gains are not attributable to model scale, archi-



Character Tone Narrative Emotional

Model Development Consistency Pacing Coherence Turning Points Overall

Qwen-2.5-14B 7414059 7.53+0.43 7.524+0.31 7.69+0.48 7.954+0.39 7.624+0.33
Claude Sonnet 4 830+0.41 823+0.35 8.09+024 849+0.38 8.63+0.24 | 835+0.24
Gemini 2.0 Flash 8.01+0.41 798+0.32 791+0.19 8.27+0.32 8.40 + 0.29 8.11+0.24
GPT-4.1 7.88+0.52 814+0.29 7.99+0.19 837+0.34 8.41£0.28 8.16 £0.24
Llama-3.3-70B 7114069 7.39+0.55 6.94+0.56 6.89+0.75 7.56 +0.53 7.18 £0.48
DeepSeek-R1-14B | 7.29 £0.66 7.67+0.42 7.53+0.31 7.61+0.48 7.89 +0.41 7.60+0.35
Phi-4 Mini 6.58+0.94 695+1.27 6.27+1.55 6.21+1.54 6.88 +1.07 6.58 + 1.18
Qwen3-32B 7.66+0.57 8.104+0.34 7.624+0.39 7.830.57 8.28 +0.31 7.90+£0.33
Mistral Small 24B | 7.38 £0.54  7.70+0.42 7.494+0.31 7.57+0.53 7.85 4+ 0.42 7.60 +0.34
Agents’ Room 8.15+0.38 815+£0.37 797+£0.37 840+£0.34 8.57 + 0.38 8.25 + 0.26
WizardLM-30B 6.52+0.80 7.07+£0.55 6.81+0.55 6.53+0.70 6.97 + 0.62 6.78 +0.51
PLOTTWIST | 811+£0.60 842+041 814+033 851+044 8.61+0.32 |836+0.35

Table 1: PlotTwist Performance Evaluation. Results are reported as mean =+ standard deviation over 160 test
premises using the Cross-Family Jury Agentic Evaluation framework. The best and second-best results in each

column are shown in bold and underlined, respectively.

Baseline | Mean WR | 95% CI DHolm

Claude Sonnet 4 8.35 0.563|[0.488, 0.638] 0.13

Agents’ Room 8.25 0.734|[0.663,0.800] 4.4 x 107°
GPT-4.1 8.16 0.906 | [0.863,0.950] 2.0 x 1027
Gemini 2.0 Flash | 8.11 0.938 | [0.900,0.975] 1.3 x 10732
Qwen-3-32B 7.90 0.987[0.969,1.000] 2.1 x 10~
Qwen-2.5-14B 7.62 0.950|[0.913,0.981] 6.4 x 1073°

Mistral Small 24B | 7.60
DeepSeek-R1-14B | 7.60
Llama-3.3-70B 7.18
WizardLM-30B 6.78
Phi-4 Mini 6.58

0.994 | [0.981, 1.000] 2.4 x 107%°
0.994 | [0.981, 1.000] 2.4 x 107%°
0.988 | [0.969, 1.000] 1.2 x 10~*3
0.994 | [0.981, 1.000] 2.4 x 10~*°
0.994 | [0.981, 1.000] 2.4 x 107%°

Table 2: Per-premise paired win rates of PlotTwist
against each baseline under the Cross-Family Jury
framework (ties counted as 0.5), with premise-level
bootstrap 95% CIs and Holm-corrected exact sign tests.
Mean: the baseline’s overall mean from Table 1.

tecture, or generation paradigm. It outperforms
similarly sized instruction-tuned models (Qwen2.5-
14B: 7.62; DeepSeek-R1 14B: 7.60), the dense
Qwen3-32B baseline (7.90) despite using roughly
one-tenth as many active parameters per token
(win rate 0.99), and the multi-agent Agents’ Room
framework (8.25), achieving a higher overall mean
(8.36) with a win rate of 0.73 using a single model
and inference pass. To isolate the effect of prefer-
ence optimization, we evaluate the base Qwen-3-
30B-A3B model before and after DPO using the
development evaluator, observing an overall score
increase from 8.03 to 8.81 (+0.78) after alignment
on 160 high-confidence preference pairs.

Reliability. Raw inter-juror agreement is moderate
(Krippendorff’s a = 0.41 (Krippendorff, 2004)),
largely reflecting calibration differences rather than
ranking disagreement. Consistent with this, Gwet’s
AC2 is 0.89 (Gwet, 2008), recentering juror scores

increases « to 0.64, and system rankings are highly
consistent across jurors (mean pairwise Spearman
0.97, Kendall’s W = 0.98). Accounting for cor-
related judgments, the panel provides an effec-
tive sample size of approximately 1.3 independent
judges rather than five (Kohli, 2026), motivating
the per-judge and leave-one-judge-out analyses.
Deliberation and final judge. To probe shared
error, score disagreements of at least two points
between any pair of jurors are resolved through
two round of structured deliberation, followed by
adjudication from a held-out sixth-family judge,
Llama-3.3-70B. Neither step alters the conclusions;
accordingly, we report the independent first-round
panel throughout. The system ranking is likewise
robust to removing same-family judges, enforcing
grounded evaluation, and all 113 analysis specifi-
cations (Appendix G).

6 Conclusion

We presented PLOTTWIST, a modular frame-
work for premise-conditioned plot generation with
SLMs. By combining aspect-rating reward mod-
eling, preference optimization, and an indepen-
dent cross-family jury agentic evaluation, PLOT-
TWIST enables efficient, high-quality plot gener-
ation while maintaining reliable and interpretable
assessment of narrative quality. Extensive experi-
ments demonstrate that PlotTwist consistently out-
performs strong baselines despite using only 3B
active parameters. Together, these findings un-
derscore the value of structured preference-based
alignment as a scalable and effective alternative to
brute-force model scaling for creative text genera-
tion with limited-capacity language models.



Limitations

As is standard in recent work on open-ended gener-
ation (Zheng et al., 2023), our assessment of plot
quality relies on LLM judges rather than expert an-
notation. The jury protocol is designed to address
the known risks of this choice: judges are drawn
from model families disjoint from the generator,
every score must cite verifiable evidence, and re-
liability is reported alongside the results, with the
reward model additionally validated against human-
derived labels. LLM judges nevertheless agree only
moderately with expert readers on creative writing
(Chakrabarty et al., 2024; Fein et al., 2025), and
two caveats are quantified in Section 5.4: the com-
parison with Claude Sonnet 4 remains statistically
unresolved at 160 premises, and correlated juror
errors reduce the number of effectively indepen-
dent opinions the panel provides. Our experiments
are confined to English, synopsis-style plots scored
on five craft-oriented dimensions, and the reward
and preference data are constructed offline with the
aid of larger models; extending the framework to
other narrative forms, languages, and notions of
quality such as novelty is a natural direction for
future work.
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A Reward Model Prompts

Aspect 1: Narrative Coherence

Positive Prompt (")

You are a professional movie critic whose only output must be a single JSON object with exactly
one integer field (0-10):

Narrative Coherence: Field Definition (Positive Focus):

Narrative clarity, logical plot progression, coherent world-building, strong cause—effect relationships,
and well-integrated subplots.

Strict output rules:
1. Output only a valid JSON object.

2. Include only Narrative_Coherence.
3. Integer value from O to 10.

4. Score generously.
### MoviePlot: { }

Negative Prompt (r;)

You are a professional movie critic whose only output must be a single JSON object with exactly
one integer field (0-10):

Narrative Coherence: Field Definition (NegativeFocus):

Confusing storytelling, plot holes, inconsistent world-building, disconnected subplots, or illogical
character decisions.

Strict output rules:
1. Output only a valid JSON object.

2. Include only Narrative_Coherence.
3. Integer value from O to 10.

4. 0 =no issues, 10 = severe issues.
### MoviePlot: { }

Aspect 2: Emotional Turning Points

Positive Prompt (")

You are a professional movie critic whose only output must be a single JSON object with exactly
one integer field (0-10):

Emotional Turning Points: Field Definition (Positive Focus):

Powerful emotional moments, effective turning points, meaningful revelations, and emotionally
satisfying narrative shifts.

Strict output rules:
1. Output only JSON.

2. Include only Emotions_Turning_Points.
3. Integer 0-10.

4. Score generously.
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### MoviePlot: { } | #i## Review:

Negative Prompt ()

You are a professional movie critic whose only output must be a single JSON object with exactly
one integer field (0-10):

Emotional Turning Points: Field Definition (Negative Focus):

Flat emotional arcs, forced turning points, unearned twists, or moments that fail to engage the
audience.

Strict output rules:
1. Output only JSON.

2. Include only Emotions_Turning_Points.
3. Integer 0-10.

4. 0 =no issues, 10 = severe issues.
### MoviePlot: { } | ### Review:

Aspect 3: Tone Consistency

Positive Prompt (r;")

You are a professional movie critic whose only output must be a single JSON object with exactly
one integer field (0-10):

Tone Consistency: Field Definition (Positive Focus):

Successful maintenance of mood, atmosphere, and stylistic coherence throughout the story. Effective
emotional consistency, well-maintained genre conventions, and smooth transitions between story
beats. Intentional tonal shifts are rewarded when they serve the narrative purpose.

Strict output rules:
1. Output only a valid JSON object.

2. Include only Tone_Consistency.
3. Integer value from O to 10.

4. Score generously.
### MoviePlot: { } | ### Review:

Negative Prompt (7, )

You are a professional movie critic whose only output must be a single JSON object with exactly
one integer field (0-10):

Tone Consistency: Field Definition (Negative Focus):

Jarring mood shifts, inconsistent atmosphere, conflicting stylistic elements, genre incoherence, or
awkward tonal transitions that disrupt immersion or emotional continuity.

Strict output rules:
1. Output only a valid JSON object.

2. Include only Tone_Consistency.
3. Integer value from O to 10.

4. 0 =no issues, 10 = severe issues.
### MoviePlot: { } | ### Review:
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Aspect 4: Character Development

Positive Prompt (r)

You are a professional movie critic whose only output must be a single JSON object with exactly
one integer field (0-10):

Character Development: Field Definition (Positive Focus):

Compelling character arcs, meaningful growth, clear motivations, well-developed relationships,
authentic character voices, and satisfying character journeys. Emphasis is placed on characters who
evolve, learn, or change meaningfully over the course of the story.

Strict output rules:
1. Output only a valid JSON object.

2. Include only Character_Development.
3. Integer value from O to 10.

4. Score generously.
### MoviePlot: { } | ### Review:

Negative Prompt ()

You are a professional movie critic whose only output must be a single JSON object with exactly
one integer field (0-10):

Character Development: Field Definition (Negative Focus):

Weak or static character arcs, lack of growth, unclear motivations, poorly developed relationships,
inconsistent character voices, or unsatisfying character journeys. Emphasis is placed on characters
who remain static, act illogically, or fail to develop meaningfully.

Strict output rules:
1. Output only a valid JSON object.

2. Include only Character_Development.
3. Integer value from O to 10.

4. 0 =no issues, 10 = severe issues.
### MoviePlot: { } | #i## Review:

Aspect 5: Pacing

Positive Prompt (1))

You are a professional movie critic whose only output must be a single JSON object with exactly
one integer field (0-10):

Pacing: Field Definition (Positive Focus):

Effective narrative rhythm, well-balanced scene progression, appropriate timing of plot events, and
smooth transitions that maintain momentum and audience engagement. Emphasis is placed on pacing
that supports tension, emotional beats, and story clarity.

Strict output rules:
1. Output only a valid JSON object.

2. Include only Pacing.
3. Integer value from O to 10.

4. Score generously.
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### MoviePlot: { } | #i## Review:

Negative Prompt (1)

You are a professional movie critic whose only output must be a single JSON object with exactly
one integer field (0-10):

Pacing: Field Definition (Negative Focus):

Uneven or inconsistent pacing, excessive slowdowns or rushed segments, poorly timed plot events,
unnecessary filler scenes, or abrupt transitions that disrupt narrative flow or emotional impact.

Strict output rules:
1. Output only a valid JSON object.

2. Include only Pacing.
3. Integer value from O to 10.

4. 0 =no issues, 10 = severe issues.
### MoviePlot: { } | ### Review:
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B DPO Data Curation

Figure 3 illustrates the preference-pair curation procedure described in Section 4.2.
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C Agentic Evaluation System Prompts

System Prompt 1: Narrative Coherence Evaluation

Task Overview

Evaluate a movie plot’s narrative structure and logical consistency using a 10-criteria framework.
Assign precise numerical scores reflecting coherence quality.

Evaluation Methodology

Each criterion is scored from 0-1 (increments of 0.1 allowed). Scores are summed for a total out of
10.

Scoring Criteria

Plot Structure and Logic (4 points)

1. Plot Progression 2. Causal Connectivity

Logical beginning—middle—end flow. Events arise naturally from prior actions.

3. Plot Integrity 4. Conflict Focus

No plot holes or contradictions. A sustained central conflict drives the story.

Character Integration (3 points)
5. Protagonist Consistency 6. Supporting Character Function 7. Resolution Authenticity
Narrative Flow and Unity (3 points)

8. Pacing Appropriateness 9. Thematic Integration  10. Tonal Consistency

Output Format

1. Plot Progression: X.X 2. Causal Connectivity: X.X

3. Plot Integrity: X.X 4. Conflict Focus: X.X

5. Protagonist Consistency: X.X 6. Supporting Character Function: X.X
7. Resolution Authenticity: X.X 8. Pacing Appropriateness: X.X

9. Thematic Integration: X.X 10. Tonal Consistency: X.X

TOTAL: X.X/10
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System Prompt 2: Emotional Turning Point Evaluation

Task Overview

Identify and evaluate the primary emotional turning point of the narrative using a 10-criteria framework
focused on emotional impact and character change.

Scoring Criteria

Conflict & Character Foundation (4 points)

1. Conflict Resolution 2. Character Believability
Addresses or reframes central conflict. Emotion aligns with established arc.
3. Character Transformation 4. Emotional Satisfaction
Meaningful internal change. Emotionally resonant payoff.

Narrative Construction (3 points)
5. Narrative Causality 6. Thematic Crystallization 7. Relationship Impact
Technical & Structural Elements (3 points)

8. Cinematic Execution 9. Structural Necessity  10. Audience Alignment

Output Format

1. Conflict Resolution: X.X 2. Character Believability: X.X
3. Character Transformation: X.X 4. Emotional Satisfaction: X.X
5. Narrative Causality: X.X 6. Thematic Crystallization: X.X
7. Relationship Impact: X.X 8. Cinematic Execution: X.X

9. Structural Necessity: X.X 10. Audience Alignment: X.X

TOTAL: X.X/10

System Prompt 3: Character Development Evaluation

Task Overview

Evaluate protagonist character development using a 10-criteria framework assessing motivation, arc
progression, and narrative function.

Scoring Criteria

Core Character Elements (4 points)

1. Motivation Clarity 2. Behavioral Consistency

Clear goals and desires. Actions align with personality.

3. Character Arc 4. Psychological Depth

Believable transformation. Emotional and psychological complexity.

Character Foundation (3 points)

5. Backstory Integration 6. Audience Connection 7. Character Distinctiveness
Narrative Function (3 points)

8. Relationship Dynamics 9. Plot Agency 10. Thematic Alignment

Output Format
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1
3
5.
7
9

TOT

. Motivation Clarity: X.X
. Character Arc: X.X

Backstory Integration: X.X

. Character Distinctiveness: X.X

Plot Agency: X.X
AL: X.X/10

2. Behavioral Consistency: X.X
4. Psychological Depth: X.X

6. Audience Connection: X.X

8. Relationship Dynamics: X.X
10. Thematic Alignment: X.X
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System Prompt 4: Pacing Analysis Evaluation

Task Overview
Assess narrative pacing using a 10-criteria framework measuring rhythm, momentum, and emotional
timing.

Scoring Criteria

1. Premise Establishment Speed 2. Structural Foundation
3. Pacing Consistency 4. Event Frequency

5. Scene Purposefulness 6. Tension Management

7. Transition Quality 8. Emotional Beat Timing
9. Climax Timing 10. Genre-Tone Alignment
Output Format

. Premise Establishment Speed: X.X . Structural Foundation: X.X

2

. Pacing Consistency: X.X 4. Event Frequency: X.X
6. Tension Management: X.X
8

. Transition Quality: X.X

1
3

5. Scene Purposefulness: X.X
7 . Emotional Beat Timing: X.X
9

. Climax Timing: X.X 10. Genre—-Tone Alignment: X.X
TOTAL: X.X/10@

System Prompt 5: Tone Consistency Evaluation

Task Overview

Evaluate tonal coherence using a 10-criteria framework assessing atmosphere, stylistic unity, and
emotional continuity.

Scoring Criteria

1. Initial Atmosphere Establishment 2. Scene-to-Scene Consistency

3. Tonal Relief Integration 4. Earned Tone Shifts

5. Dialogue Style Consistency 6. Visual Reinforcement

7. Stakes Alignment 8. Comedy/Drama Balance

9. Ending Consistency 10. Motif and Symbol Unity

Output Format

1 Initial Atmosphere Establishment: 2. Scene-to-Scene Consistency: X.X
X. X

3. Tonal Relief Integration: X.X 4. Earned Tone Shifts: X.X

5. Dialogue Style Consistency: X.X 6. Visual Reinforcement: X.X

7. Stakes Alignment: X.X 8. Comedy/Drama Balance: X.X

9. Ending Consistency: X.X 10. Motif and Symbol Unity: X.X

TOTAL: X.X/10@

System Prompt 6: Grounded Output Contract (Independent Scoring)

Applied in
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Round independent scoring. Appended verbatim to each of the five rubrics above, so every juror
returns one structured, evidence-grounded record per NQD.

Instruction (verbatim)

Return ONLY a single JSON object and nothing else, with the exact shape below. List every rubric
criterion in order. Every evidence_quote must be copied verbatim from the plot text, not paraphrased.
Do not add any text outside the JSON object.

Output schema

{"nqd": "<the nqd key>",

"criteria”: [{"name": "<criterion name from the rubric above>",
"score_0_1": <number between @ and 1>,
"evidence_quote”: "<a span copied verbatim from the plot>",
"rationale”: "<one sentence>"}],

"total_0_10": <sum of the criterion scores, between @ and 10>,

"overall_rationale”: "<two sentences>"}

System Prompt 7: Deliberation Instruction (Juror Revision)

Applied in

Both deliberation rounds, on cells the independent panel contests (a spread of at least two points
between juror scores). Appended to the same rubric; each juror sees its own prior assessment and the
anonymized, order-shuffled arguments and cited spans of the other jurors, with peer scores hidden to
prevent vote-matching.

Instruction (verbatim)

You already assessed this plot on the dimension defined by the rubric above. Below the plot you are
shown (a) your own prior assessment and (b) the anonymized arguments of the other independent
jurors, with the verbatim spans they cited. Reconsider your assessment in light of their EVIDENCE.
Change your score only if a peer cites stronger grounded evidence than you did; do NOT change it to
match a majority or because a peer sounds confident. If your original judgement still holds, keep your
score and say why. Stay blind to anything outside the plot text (there is no premise, genre label, or
reference answer).

Output schema

{"nqd": "<the nqd key>",
"revised_total_0_10": <@ to 10>,
"changed": <true|false>,

"criteria”: [{"name": "<criterion>",
"score_0_1": <@ to 1>,
"evidence_quote”: "<verbatim span from the plot>",
"rationale”: "<one sentence>"}],
"rebuttal”: "<2 to 3 sentences: what you kept or moved, and which grounded peer argument did or did

not change your mind>"}

System Prompt 8: Consolidation Instruction (Judge LLM)

Applied in

Final consolidation by the held-out Judge LLLM (Llama-3.3-70B) after the two deliberation rounds,
once per contested NQD. The judge reads the plot, the anonymized independent assessments, and
both rounds of revisions before issuing one consolidated score.

Instruction (verbatim)
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You are the presiding judge. Below the plot you are shown the anonymized, grounded assessments
of several independent jurors on the dimension defined by the rubric above, each with the verbatim
spans it cited. Produce ONE final score for this dimension by WEIGHING the arguments on how
well each is grounded in evidence actually present in the plot, not by averaging the jurors and not
by counting how many agree. Discount any claim whose cited span does not support it or is absent
from the plot. Name the main point of disagreement and how the evidence resolves it. Stay blind to
anything outside the plot text.

Output schema

{"nqd": "<the nqd key>",
"final_total_0_10": <@ to 10>,

"key_disagreement”: "<the main split and how you resolved it>",
"synthesis_rationale”: "<3 to 4 sentences citing the decisive grounded evidence>",
"criteria”: [{"name": "<criterion>",

"score_0_1": <@ to 1>,

"evidence_quote”: "<verbatim span>",

"rationale”: "<one sentence>"}]1}

D Plot Generation with PlotTwist

Plot Generation with PlotTwist

Task Description

The following example demonstrates long-form creative movie plot generation under the PlotTwist
setting. The task emphasizes narrative coherence, concealed truths, emotional stakes, and morally
consequential decision-making, serving as a qualitative illustration of model behavior.

Premise

Generate a movie plot that follows a dedicated detective as he investigates a murder that implicates
his beloved, forcing him to navigate a web of concealed truths, blackmail, and the desperate lengths
one will go to protect a dark secret.

PlotTwist Generated Plot

21



Detective Aris Thorne, a man whose sharp eyes and even sharper instincts have solved countless
cases but whose heart remains scarred by the unsolved murder of his wife Elara five years prior, finds
his world shattered when the body of City Councilman Silas Croft—a powerful figure known for his
ruthless political maneuvering and rumored ties to the city’s underbelly—is discovered in his opulent
penthouse with a single, precise stab wound to the heart.

The evidence points damningly toward Lena Voss, Aris’s former lover and now a devoted social
worker fighting for the city’s forgotten children. Witnesses report a heated argument between Lena and
Croft hours before his death, and a fragmented security recording captures her leaving the building,
her face pale with fear. Aris, torn between duty and lingering love, cannot believe she is capable of
murder—yet the physical evidence is overwhelming. A rare antique switchblade, identical to one
Aris gifted Lena years earlier, is found clutched in Croft’s hand. Even more troubling is a cryptic
encrypted file on Croft’s laptop, labeled Project Chimera, implicating Lena in a scheme involving
missing children.

As Aris investigates further, the case reveals a labyrinth of concealed truths. Croft was not merely
corrupt; he was the linchpin of an extensive blackmail network exploiting vulnerable families. The
encrypted files reveal that Croft had been threatening Lena with exposure—not only of her past, but
of evidence tied directly to Elara’s death. Aris had long believed Elara’s death was a tragic accident
and had quietly suppressed details to protect her reputation.

The blackmail was never solely about Lena—it was about Aris himself. Lena ultimately murdered
Croft in desperation to stop him from exposing the truth, protect the children he was trafficking, and
prevent Aris’s buried past from destroying them both. Aris finds himself ensnared between the city’s
elite, an ambitious District Attorney eager to frame Lena, Croft’s remaining associates intent on
silencing her, and his own conscience, which recognizes that Lena’s act was born of sacrifice rather
than malice.

Aris uncovers the final truth: Elara had been investigating Croft’s operations as a journalist and was
killed in a staged car accident when she came too close. In a climactic confrontation at the rain-lashed
docks, Aris dismantles the remnants of Croft’s network, but the true reckoning is internal. Choosing
love over career, he confesses to the murder to protect Lena, sacrificing his badge and freedom.

As rain washes over the city, Aris walks away from everything he once was, the weight of concealed
truths finally lifted. What remains is the memory of Lena—not as a suspect, but as the woman he
loved—and the understanding that truth and love, when intertwined, can demand a devastating cost.
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E Models and Their Roles in the PlotTwist Framework

Overview of all language models employed across training, evaluation, and baseline comparison stages of
the PlotTwist system.

PlotTwist Core Components

Qwen-3-30B-A3B (MoE) — PlotTwist Plot Generator

MoE backbone with 3B active parameters; preference-aligned via Direct Preference Optimization
(DPO) to generate high-quality premise-conditioned plots. Only 3B parameters are active per token
despite a total count of 30B, classifying it as an SLM under the paper’s definition.

Qwen-3-32B (4-bit) — PlotTwist Aspect Rating Reward Model

Fine-tuned via regression-aware SFT using a weighted combination of cross-entropy loss and Huber
loss to predict continuous aspect-level narrative quality scores across all five NQDs.

Cross-Family Jury — PlotTwist Agentic Evaluation Module

Independent post-hoc evaluation module operating separately from the training pipeline. A panel of
five open-weight Juror LLMs drawn from five model families disjoint from the Qwen family of the
generator and reward model: GPT-OSS-120B, Gemma-4-31B, Mistral-Medium-3.5-128B, Nemotron-
3-Super-120B-A12B, and GLM-4.6V. Each juror independently scores all five NQDs using ten-criterion,
weakness-focused rubrics with verbatim evidence grounding. Score disagreements of at least two points
are resolved through two rounds of structured deliberation, consolidated by a held-out Judge LLM,
Llama-3.3-70B, drawn from a sixth model family disjoint from both the panel and the generator.

Ensemble Models for Positive-Negative Aspect Rating

Qwen-2.5-7B Llama-3.3-70B Llama-3.1-8B  DeepSeek-14B Gemma-27B

Five-model ensemble used to generate synthetic aspect-level ratings via positive—negative prompting.
Each model outputs both a positive score 7"5{7 m(p) and a negative score To = (P) per aspect, aggregated as:

Ta(p) = Z (T;r,m(p) - T;m(p))

Model diversity across the ensemble mitigates individual model bias in the rating construction process.
Gemma-27B additionally generates premise descriptions from movie plots for DPO dataset curation.

DPO Candidate Plot Generators

GPT-4.1

Frontier model used to generate candidate plots per premise for reward-model scoring and DPO preference
pair construction. Retained as accepted plot only when it achieves the highest reward score (> 8) and
outperforms the next-best model by a margin of at least 0.5.

Claude Sonnet 4

Frontier model used to generate candidate plots per premise for reward-model scoring and DPO preference
pair construction. Retained as accepted plot only when it achieves the highest reward score (> 8) and
outperforms the next-best model by a margin of at least 0.5.

Gemini 2.0 Flash
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Frontier model used to generate candidate plots per premise for reward-model scoring and DPO preference
pair construction. Retained as accepted plot only when it achieves the highest reward score (> 8) and
outperforms the next-best model by a margin of at least 0.5.

Baselines: Model Scale

Llama-3.3-70B

Large open-weight baseline. Tests performance at high parameter count without task-specific alignment,
providing an upper-bound reference for scale alone.

Qwen3-32B (Dense)

Dense baseline from the same model family as the PlotTwist generator. Used to isolate performance
gains attributable to DPO alignment from those due to the MoE architecture.

Qwen2.5-7B-Instruct Qwen2.5-14B-Instruct

Small instruction-tuned baselines used for scale ablation, confirming that PlotTwist’s gains arise from
methodology rather than model size.

Baselines: Architectural Design

DeepSeek-R1 14B

MOoE and reasoning-oriented baseline. Contrasts sparse activation without preference alignment,
isolating the contribution of DPO from that of expert routing.

Phi-4 Mini Instruct

Compact reasoning-optimized model baseline. Evaluates whether small reasoning-focused architectures
can match structured preference-aligned generation.

Mistral Small 2501 24B

Reasoning-optimized baseline assessing structured temporal progression and narrative coherence in
mid-scale models.

Baselines: Generation Paradigm

Agents’ Room

Multi-agent collaborative narrative generation baseline. Decomposes the writing process into special-
ized planning and writing agents communicating via a shared scratchpad to maintain long-term coherence
across the plot.

WizardLM-StoryTelling-30B

Monolithic instruction-tuning baseline. Relies on the Evol-Instruct methodology to embed narrative
constraints directly into model weights rather than resolving them through external orchestration or
preference alignment.

F Quality-Stratified Analysis: Per-Stratum Results

This appendix provides the detailed statistics for the quality-stratified analysis summarized in Section 5.2.
For each quality stratum, Table 12 reports mean jury scores for the original and PlotTwist-generated plots,
bootstrap 95% confidence intervals over paired differences, paired effect sizes (Cohen’s d), the probability
that a generated plot outperforms its paired original, and Welch’s ¢-tests for secondary statistical validation.

Excellent Category (IMDb > 8). Generated plots exhibit only modest improvements over already
strong originals. Character development (4-0.50), narrative coherence (40.40), and tone consistency
(+0.33) show the clearest gains, whereas emotional turning points improve only marginally (4-0.32) and
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Stratum NQD Orig. Gen. A 95% CI d.  P(gen > orig) Welch p

Excellent Narrative coherence 8.24 8.64 | +0.40 [0.13, 0.72] 0.41 0.70 0.012
(n = 40) Emotional turning points | 8.37 8.69 | +0.32  [0.02, 0.72] 0.28 0.55 0.088
Character development 7.72 822 | 40.50 [0.20, 0.88] 0.44 0.75 0.021
Pacing 8.18 8.16 | —0.02 [-0.21, 0.19] —0.04 0.38 0.828
Tone consistency 8.18 8.1 | +0.33 [0.17,0.50] 0.62 0.75 4.47 x 107*
Overall 8.14 845 |+0.31 [0.09,0.57] 0.38 0.65 0.023
Good Narrative coherence 7.70 855 | +0.85 [0.64,1.08]  1.18 0.85 3.28 x 1078
(n =40) Emotional turning points | 8.19 8.65 | +0.46  [0.34, 0.59]  1.11 0.85 2.88 x 1077
Character development | 7.36 8.22 | +0.86 [0.66, 1.08]  1.24 0.88 1.05 x 107
Pacing 7.68 8.12 | +0.43 [0.28,0.59]  0.87 0.80 1.50 x 107°
Tone consistency 7.83 846 | 4+0.64 [0.47, 0.81] 1.16 0.95 4.15x 1071
Overall 775 840 | +0.65 [0.51,0.79] 1.40 0.93 291 x 10!
Mid Narrative coherence 720 854 | +1.34 [1.08, 1.63] 1.52 0.98 5.39 x 10710
(n = 40) Emotional turning points | 8.08 8.65 | +0.57  [0.43, 0.73] 1.17 0.95 1.92 x 1077
Character development 7.03 818 | +1.15 [0.91, 1.39] 1.44 0.93 1.80 x 1078
Pacing 7.44  8.10 | 40.67 [0.48, 0.89] 1.01 0.85 6.48 x 107°
Tone consistency 725 840 | +1.15 [0.96, 1.35]  1.82 1.00 1.59 x 10713
Overall 740 837 |+0.98 [0.81,1.17] 1.68 0.98 211 x 10"
Low Narrative coherence 6.67 850 | +1.82 [1.52,2.16] 1.76 0.98 1.04 x 10713
(n = 40) Emotional turning points | 7.68 8.58 | +0.90 [0.69, 1.13] 1.26 0.98 3.39 x 107°
Character development | 6.59 7.84 | +1.25 [1.00, 1.53]  1.46 0.98 2.04 x 1077
Pacing 7.15 8.15 | +1.00 [0.83,1.20] 1.63 1.00 1.62 x 10712
Tone consistency 6.94 835 | +1.40 [1.19, 1.61] 2.05 0.98 7.28 x 10716
Overall 7.01 828 | +1.28 [1.09,1.48] 2.01 1.00 7.95 x 10715

Table 12: Per-stratum jury statistics for original and PlotTwist-generated plots. A denotes the mean paired difference
between generated and original plots, with bootstrap 95% confidence intervals. The statistic d, is the paired Cohen’s
effect size, and P(gen > orig) is the proportion of films for which the generated plot receives a higher score than
its paired original.

pacing remains unchanged (—0.02). These results indicate that PlotTwist primarily performs conservative
refinement when the original narrative quality is already high.

Good Category (7 < IMDb < 8). Generated plots improve consistently across all NQDs, with
the largest gains in character development (4-0.86), narrative coherence (40.85), and tone consistency
(+0.64). All dimensions exhibit large effect sizes and statistically significant improvements, indicating
systematic enhancement of narratives with solid foundations but remaining structural limitations.

Mid Category (6 < IMDb < 7). Mid-quality narratives benefit substantially from PlotTwist. Narrative
coherence (+1.34), tone consistency (+1.15), and character development (+1.15) show the largest
improvements, accompanied by uniformly large effect sizes and high dominance probabilities. This
quality range represents the regime where PlotTwist performs the most effective narrative restructuring.

Low Category (IMDb < 6). Generated plots substantially outperform the originals across every
NQD. The largest gains occur in narrative coherence (41.82) and tone consistency (+1.40), followed by
character development (+1.25). Generated plots outperform their paired originals on at least 97.5% of
films across every dimension, indicating near-complete narrative regeneration for weak source plots.

Summary. Overall improvements increase monotonically across quality strata: +0.31 (Excellent),
40.65 (Good), +0.98 (Mid), and +1.28 (Low), demonstrating that PlotTwist adapts the magnitude of its
intervention to the underlying quality of the source narrative rather than uniformly inflating evaluation
scores.
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G Jury Evaluation: Protocol, Win Rates, and Reliability

Composition and serving. Table 13 lists the jury. No juror shares a model family with another juror, with
the plot generator, or with the single-judge Qwen3-32B evaluator used during development (Section 4.3).
All five are open-weight models, served locally at pinned revisions and scored at temperature 0.1. Each
run records every juror’s model revision, quantization, serving engine, and decoding parameters in a
manifest, so all scores can be regenerated.

Juror ‘ Family Precision
GPT-OSS-120B OpenAl (open-weight) MXFP4
Gemma-4-31B Google BF16
Mistral-Medium-3.5-128B Mistral Q6_K
Nemotron-3-Super-120B-A12B | NVIDIA FP8
GLM-4.6V Zhipu FP8

Table 13: Jury composition. The five jurors span five model families, all disjoint from the Qwen family of the plot
generator and of the single-judge development evaluator.

Grounded output contract. Each juror scores one NQD per call, using the corresponding rubric of
Appendix C. The response is a structured JSON object giving, for each of the ten criteria, a score in [0, 1],
a one-sentence rationale, and the verbatim evidence span required by Section 5.4; the token-containment
threshold of 0.92 tolerates minor quoting drift, and unverifiable citations are logged and reported rather
than silently discarded. When a juror’s stated total disagrees with the sum of its criterion scores by more
than one point, we use the sum, so reported totals always reflect the cited evidence. Enforcing grounding
at any verification threshold leaves the ranking of the twelve systems essentially unchanged (Spearman
> 0.99 against the full panel) and moves the two closest win rates by at most 0.04.

Per-judge win rates. Table 2 in Section 5.4 reports the panel-level win rates; here we break them down
by judge. The GPT-4.1 comparison is unanimous at the level of individual jurors: each of the five prefers
PlotTwist on a majority of premises, with per-judge win rates between 0.65 and 0.90, and removing any
single juror leaves the panel estimate between 0.85 and 0.91, with every bootstrap interval excluding
0.5. The Claude Sonnet 4 comparison is contested: four jurors individually favor PlotTwist (win rates
between 0.59 and 0.63), while Gemma-4-31B, the most conservative scorer on the panel, favors Claude
(0.34). Removing any single juror keeps the estimate between 0.49 and 0.69, and no analysis choice we
examined turns the comparison into a statistically significant loss.

Agreement by dimension. Table 14 breaks inter-juror agreement down by dimension. Krippendorff’s
« is lowest on the most subjective dimensions (emotional turning points, tone consistency), while the
skew-robust Gwet’s AC2 is high on every dimension, the pattern produced by judges who agree on order
but differ in leniency. Recentering each judge’s scores raises pooled « from 0.413 to 0.641, confirming
that much of the nominal disagreement is a per-judge level offset. High agreement should not be read
as five independent confirmations, however: the Kish effective judge count is 1.35 of 5 on raw scores,
and 1.81 after removing system and premise effects (Kish, 1965; Kohli, 2026). The per-judge and
leave-one-judge-out analyses in the previous paragraph are therefore the ones that carry evidential weight.

Same-family bias audit. To quantify the circularity that motivated the jury, a separate diagnostic
run adds an in-family Qwen judge to the panel. Controlling for system identity and premise difficulty,
judges score generators from their own family 0.82 points higher (premise-clustered bootstrap 95% CI
[0.80, 0.84]), so same-family judging does inflate scores. PlotTwist does not benefit from this effect: its
leniency-corrected same-family inflation is negative (—0.47), and removing all same-family cells from
the panel leaves the ranking of the twelve systems unchanged (Spearman 1.0).

Specification-curve robustness. We recompute the two closest comparisons under every defensible
combination of analysis choices (Simonsohn et al., 2020): juror subset (all five, or each juror removed),
aggregation across jurors (mean, median, trimmed mean), score basis (overall mean or per-NQD majority
vote), tie handling (ties as 0.5, dropped, or as losses), grounding enforcement, and length control (Dubois
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NQD Krippendorff’s ¢ Gwet’s AC2

Narrative coherence 0.504 0.889
Emotional turning points 0.280 0.827
Character development 0.405 0.863
Pacing 0.476 0.932
Tone consistency 0.366 0.911
Pooled | 0.413 0.887

Table 14: Inter-juror agreement per NQD (interval-level Krippendorff’s «; ordinal-weighted Gwet’s AC2). The
pooled AC2 95% CI is [0.880, 0.893].

etal., 2024), for a total of 113 specifications per comparison. Against GPT-4.1, the win rate remains within
[0.80, 0.92] and every specification’s 95% interval excludes 0.5. Against Claude Sonnet 4, the median win
rate is 0.556, 94.7% of specifications lie at or above 0.5, and none yields a statistically significant loss.
Deliberation and final judge. Deliberation targets only the cells where the panel genuinely disagrees,
defined as a spread of at least two points between scores. On each such cell, jurors are shown the
anonymized, order-shuffled rationales and cited spans of their peers, with peer scores hidden to prevent
vote-matching, and may revise their assessments across two rounds of structured discussion. A held-
out final judge, Llama-3.3-70B, drawn from a sixth model family disjoint from both the panel and the
generator, then reads the plot, the arguments, and the revised assessments, and issues its own verdict
on each contested cell rather than counting votes (Chan et al., 2024); panel scores are retained on
uncontested cells. Deliberation itself changes little: inter-juror agreement on overall scores moves only
from a = 0.455 to 0.458, two premise-level verdicts flip, and no baseline-level conclusion changes.
The final judge reproduces the panel’s conclusions, with win rates of 0.89 against GPT-4.1, 0.92 against
Gemini 2.0 Flash, 0.74 against Agents’ Room, and 0.57 against Claude Sonnet 4 (p = 0.08, inconclusive
as in the main analysis). Although the judge shares a model family with the Llama-3.3-70B baseline, it
prefers PlotTwist against that baseline on all but one premise, so its verdicts are not driven by family loyalty.
Because deliberation neither materially raises agreement nor changes any conclusion, the consolidated
post-deliberation scores and the independent round-one panel are effectively interchangeable.

H Computational Resources

All open-weight models used in this work were downloaded from the Hugging Face Model Hub’
and executed on a dedicated compute cluster consisting of 4 x NVIDIA L40S GPUs. The L40S is a
high-performance data center GPU featuring 48 GB of GDDR6 memory per card, providing a total of
192 GB of aggregate GPU memory, which was sufficient to accommodate the quantized and sparse
model configurations employed throughout the framework.

Closed-source frontier models were not run on local infrastructure and were instead accessed exclusively
via their respective commercial APIs.

Model Execution Usage in PlotTwist

PlotTwist Core Components — Local (4 x L40S)

Qwen-3-30B-A3B (MoE) Local DPO fine-tuning and inference for Plot-
Twist Plot Generator

Qwen-3-32B (4-bit) Local SFT training of Aspect Rating Reward
Model

Shttps://huggingface.co
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Qwen-3-32B (16-bit) Local Inference for Agentic Evaluation module

Ensemble Rating Models — Local (4 x L40S)

Qwen-2.5-7B Local Positive—negative aspect rating ensemble
Llama-3.1-8B Local Positive—negative aspect rating ensemble
DeepSeek-14B Local Positive—negative aspect rating ensemble
Gemma-27B Local Positive—negative aspect rating ensemble;

premise generation

Llama-3.3-70B Local Positive—negative aspect rating ensemble

Open-Weight Baselines — Local (4 x L40S)

Llama-3.3-70B Local Model scale baseline
Qwen3-32B (dense) Local Architectural design baseline
Qwen2.5-7B-Instruct Local Scale ablation baseline
Qwen2.5-14B-Instruct Local Scale ablation baseline
DeepSeek-R1 14B Local Architectural design baseline
Phi-4 Mini Instruct Local Architectural design baseline
Mistral Small 2501 24B Local Generation paradigm baseline
WizardLM-30B Local Generation paradigm baseline

Frontier Models — API Access Only

GPT-4.1 OpenAl APIL DPO candidate plot generation; model
scale baseline

Claude Sonnet 4 Anthropic API DPO candidate plot generation; model
scale baseline

Gemini 2.0 Flash Google API DPO candidate plot generation; model

scale baseline

Note: Agents’ Room (Huot et al., 2024) was evaluated according to its original open-source implementa-
tion and run locally on the same infrastructure.
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