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Abstract

Long-form story generation should maintain
narrative coherence while shaping how read-
ers experience a story as it unfolds. Ex-
isting LLM-based generators typically opti-
mize plot structure, consistency, or local text
quality, without explicitly modeling reader-
response dynamics as generation-time con-
trol targets. We introduce ReaderScope1, a
reader-response-guided framework that cali-
brates simulated response trajectories from ref-
erence novels across affective, suspenseful, im-
mersive, and reflective dimensions, and con-
verts them into explicit control signals for iter-
ative story revision. Experiments against rep-
resentative long-form story generation base-
lines show that ReaderScope improves reader-
facing story quality under both automatic and
human pairwise evaluation, while ablation and
trajectory-fidelity analyses confirm that the re-
sponse signals are useful for generation and
can be reliably controlled.

1 Introduction

A long-form story can be coherent and still fail as a
reading experience: it may follow a plausible out-
line, maintain character consistency, and preserve
event causality, yet leave readers emotionally flat,
unsurprised, weakly immersed, or without reflec-
tion. This exposes a control gap: existing systems
increasingly control what happens in a story, but
rarely how the reader’s experience evolves while
the story unfolds.

Recent LLM-based story generators improve
long-form coherence through planning, mem-
ory, retrieval, revision, and multi-agent simula-
tion (Yang et al., 2023, 2022; Lei et al., 2024;
Bae and Kim, 2024; Chen et al., 2026; Ran et al.,
2025). However, their control signals are mostly

*Corresponding author.
1Code and implementation are available at https://

github.com/FengZhang758/ReaderScope.

author-facing or text-facing, focusing on events,
states, memories, or revision criteria, while reader-
facing effects are typically assessed only after gen-
eration. This is limiting because reading unfolds
over time: readers experience affective shifts, un-
certainty, immersion, and reflection throughout a
narrative (Mar et al., 2011; Kneepkens and Zwaan,
1995; Gerrig and Bernardo, 1994; Kuijpers et al.,
2014; Loi et al., 2023). Thus, reader-aware gener-
ation requires control signals that capture trajecto-
ries of reader response, not only the content of the
story.

Turning reader-response concepts into
generation-time controls is non-trivial: dense
human feedback is impractical, while a single
scalar quality score discards the temporal and
multidimensional structure of reading. We
address this problem with ReaderScope, a
reader-response-guided framework that moves
simulated reader response from post-hoc eval-
uation to generation-time control. Instead of
steering narratives only with author-side plans
or text-facing revision criteria, ReaderScope
uses expected trajectories of affect, suspense,
immersion, and reflection to guide how the story
should be experienced over time.

Experiments show that ReaderScope improves
long-form story quality over representative base-
lines. Trajectory-fidelity and ablation analyses fur-
ther indicate that simulated reader-response trajec-
tories can function as practical control signals, not
merely as evaluation proxies.

Our contributions are threefold:

• We formulate reader-response-controlled long-
form story generation, shifting the control ob-
jective from author-side narrative content to the
temporal trajectory of reader experience.

• We introduce ReaderScope, a calibration-to-
control framework that derives multidimen-
sional reader-response targets offline and uses
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them to guide online story generation through
reader-feedback-based revision.

• We conduct experiments and analyses show-
ing that ReaderScope improves long-form story
quality, achieves high trajectory-control fidelity,
and benefits from complementary emotion, en-
tropy, immersion, and insight feedback.

2 Related Work

2.1 LLM-based Story Generation

Recent LLM-based story generation has moved
beyond single-pass prompting toward structured
generation pipelines. Planning-and-writing frame-
works decompose long-form generation into out-
line construction, event planning, drafting, and re-
vision (Yang et al., 2023, 2022; Lei et al., 2024),
often using multiple agents to coordinate global
plot structure and local narrative realization (Huot
et al., 2025; Jiang et al., 2026; Han et al., 2024;
Wang et al., 2024). To improve coherence over
long contexts, prior work further augments gener-
ation with memory, retrieval, knowledge graphs,
or critic-based revision (Yi et al., 2026; Pei et al.,
2024; Lin et al., 2025; Wan et al., 2025; Bae and
Kim, 2024). Another line of work uses LLM-
based sandbox or character simulations to pro-
duce bottom-up narrative materials from emergent
agent interactions (Chen et al., 2026; Ran et al.,
2025). In contrast to prior author-centric controls
based on plans, memories, agents, or critiques,
ReaderScope guides generation with model-based
proxies of multidimensional reader response.

2.2 Control Signals for Story Generation

Controllable story generation has explored sev-
eral types of control signals. One line of work
uses author-side structural specifications, such as
outlines, plot plans, premises, or predefined end-
ings, to improve long-range coherence and nar-
rative organization (Yang et al., 2023; Wang and
Kreminski, 2024; Lee et al., 2025; Ma et al.,
2024; Brei et al., 2024). Another line steers
plot development or story-world evolution through
suspense-oriented continuations or structured gen-
eration mechanisms (Xie and Riedl, 2024; Wang
et al., 2024). Recent work also considers more
reader-facing attributes, such as emotional arcs or
narrative pacing (Wen et al., 2025; Wang et al.,
2023). Overall, prior work provides effective con-
trols for narrative structure and plot development,
but rarely operationalizes multidimensional reader

response as generation-time guidance.

2.3 From Reader Response to Narrative
Control

Narrative reading involves multiple layers of ex-
perience beyond a single notion of story quality.
Prior work has emphasized affective responses to
events and characters (Mar et al., 2011; Kneep-
kens and Zwaan, 1995), suspense and belief revi-
sion around unresolved narrative uncertainty (Ger-
rig and Bernardo, 1994; Wilmot and Keller, 2020),
transportation and absorption in story worlds (Kui-
jpers et al., 2014), and higher-level interpretation
or reflective meaning-making after literary read-
ing (Loi et al., 2023). Together, these perspectives
motivate a four-dimensional operationalization of
simulated reader response: emotion, entropy, im-
mersion, and insight.

3 Methodology

3.1 Reader-Response Signal Modeling

Reader Modeling. ReaderScope models read-
ing as a temporally evolving response process.
For each simulated reader r and narrative unit t,
the reader agent produces a response vector con-
ditioned on the current story unit, a reader pro-
file, and an accumulated memory state. The pro-
file specifies stable reading preferences and inter-
pretive tendencies, while the memory state fol-
lows (Sumers et al., 2024) and contains working
memory, episodic memory, and semantic memory
for recent context, plot events, prior reactions, and
global story knowledge. At each unit, the reader
retrieves relevant memories before producing re-
sponses and updates the memory base after read-
ing. This retrieve–respond–update cycle allows
ReaderScope to simulate reader responses that de-
pend on both stable reader traits and accumulated
narrative context.

Quantified Reader-Response Signals. Based
on the simulated reading process, ReaderScope
computes four response signals introduced in Sec-
tion 2.3: emotion, entropy, immersion, and insight.
For reader r at narrative unit t, we denote these
model-based proxy scores as Ar,t, Er,t, Ir,t, and
Gr,t, respectively; computed over units, they form
trajectories for offline calibration and online con-
trol.

Emotion. We model Emotion as the local affec-
tive valence induced by each narrative unit, rather
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Figure 1: Overview of ReaderScope. Blue arrows denote the reader-response collection process, where simulated
readers read story units and record response signals. Gray arrows indicate offline calibration, which analyzes the
collected trajectories to derive control targets. Green arrows show the online generation loop, where the story
composer generates paragraphs and the feedback controller provides targeted revision guidance.

than as an accumulated mood state or a global sen-
timent label. For reader r and unit t, the reader
model identifies Kr,t emotional turning points and
assigns each turning point a valence score er,t,k ∈
[−1, 1]. The unit-level emotion score is computed
as:

Ar,t =
1

Kr,t

Kr,t∑

k=1

er,t,k. (1)

This definition captures local affective fluctuation
while keeping emotion scores comparable across
narrative units.

Entropy. We model Entropy as a generation-
time signal of suspense-related reader uncertainty,
combining uncertainty introduced by new story
questions with the impact of resolving previous
ones. After unit t, reader r generates a set Qnew

r,t

of new questions, each with candidate answers Yq

and belief probabilities pr,t(y | q). For questions
with at least two candidates, we compute the nor-
malized Shannon entropy and average it over the
newly introduced questions:

hr,t(q) =
−∑

y∈Yq
pr,t(y | q) log2 pr,t(y | q)

log2 |Yq|
,

(2)

Hnew
r,t =

1

|Qnew
r,t |

∑

q∈Qnew
r,t

hr,t(q). (3)

The reader also updates relevant questions raised
earlier. A question is treated as resolved when
one updated answer probability exceeds τ = 0.7.
Resolved questions produce a resolution-impact
score Sres

r,t that favors answers that were unex-
pected under the reader’s prior beliefs yet easy to
understand. The final score is:

Er,t = Hnew
r,t + Sres

r,t . (4)

Thus, Entropy increases when a unit either opens
uncertain narrative possibilities or provides an
unexpected but comprehensible resolution. Full
question formats, memory updates, and resolution
weighting are provided in Appendix E. During
story-level evaluation, the corresponding reader-
facing dimension is reported as Suspense.

Immersion. We operationalize Immersion using
the Story World Absorption Scale (SWAS), which
characterizes absorbed reading through four di-
mensions: attention, transportation, emotional en-
gagement, and mental imagery (Kuijpers et al.,
2014). For each narrative unit t, simulated reader
r rates 18 adapted SWAS statements on a seven-
point agreement scale from −3 (totally disagree)
to +3 (totally agree). Given item rating sr,t,j , we
compute immersion as the normalized mean:

Ir,t =
1

18

18∑

j=1

sr,t,j + 3

6
. (5)

24670



Insight. We operationalize Insight through re-
flective responses and value-profile change. For
reader r at unit t, the reader model rates nine
adapted Personal Insight items and five Non-
Personal Insight items on a 7-point scale. Let
qr,t,j ∈ {1, . . . , 7} denote the score of item j. The
normalized reflective-insight score is:

Qr,t =
1

14

14∑

j=1

qr,t,j − 1

6
. (6)

We additionally rate the activation of ten Schwartz
value dimensions (Schwartz, 2012) before reading,
vr,0,k, and after unit t, vr,t,k. Their normalized
mean absolute shift is:

∆Vr,t =
1

10

10∑

k=1

|vr,t,k − vr,0,k|
6

. (7)

The final insight score is:

Gr,t =
1

2
(Qr,t +∆Vr,t) . (8)

Computed at each narrative unit, these four signals
form reader-response trajectories used for offline
calibration and online generation control.

3.2 Offline Calibration of Control Targets

ReaderScope calibrates control targets from
reader-response trajectories collected on 20 length-
comparable reference stories (Appendix D). Each
story is converted into a chapter-based format,
where each chapter serves as one narrative unit.
For each unit, the reader agent reads the chapter
conditioned on its memory state, produces four-
dimensional response scores, and updates its mem-
ory, yielding a chapter-level trajectory for each
reader–story pair. We sample 25 reader profiles
from a pool of 100 and let each reader read each
reference story once with gpt-4o-mini as the
reader-agent backbone, producing 500 trajectories
in total. Since the stories have different chapter
counts, all trajectories are interpolated to a uni-
form length of N = 60 for cross-story comparison
and control-target calibration.

Trajectory clustering as a diagnostic. To ex-
amine whether reader-response trajectories exhibit
stable grouping patterns, we cluster them using de-
biased Soft-DTW distances with k-medoids after
optional normalization, interpolation, and smooth-
ing, select the number of clusters by silhouette
score, and compare with spectral clustering as a
robustness check. Since low silhouette scores in-
dicate weak cluster separation, we treat clustering

Table 1: Maximum silhouette scores under different
clustering methods and preprocessing settings.

K-medoids Spectral

Dim. raw z r-int. z-int. raw z r-int. z-int.

Emotion 0.60 0.41 0.55 0.46 0.51 0.47 0.47 0.45
Entropy 0.46 0.16 0.36 0.15 0.50 0.18 0.41 0.18
Immersion 0.62 0.40 0.83 0.38 0.61 0.39 0.81 0.35
Insight 0.52 0.16 0.68 0.16 0.50 0.20 0.62 0.21

Mean 0.55 0.29 0.61 0.29 0.53 0.31 0.58 0.30

Note. r-int. and z-int. denote raw-interpolated and z-score-
interpolated trajectories, respectively. Boldface highlights the
normalized settings where clustering evidence remains weak.

here as a diagnostic rather than as a required mod-
eling step.

Table 1 shows a clear dimension-specific pat-
tern. Emotion and immersion maintain non-trivial
cluster structure across preprocessing settings, and
their best clusters are largely aligned with story
identity (Appendix G and Appendix H). This sug-
gests that these two responses are strongly shaped
by story-specific affective pacing and scene con-
struction. In contrast, entropy and insight become
weakly clusterable after z-normalization, and their
best cluster numbers collapse to small values (Ap-
pendix F). We therefore do not use a single clus-
tering strategy for all dimensions. Instead, Read-
erScope constructs two types of control targets:
local window constraints for emotion and immer-
sion, and aligned statistical envelopes for entropy
and insight.

Window targets for emotion and immersion.
For emotion and immersion, ReaderScope de-
rives local sliding-window targets rather than fixed
global prototypes. Since emotional trajectories
are often story-specific, we estimate the maxi-
mum sliding-window span over which emotional
change can remain non-reversing, and trigger re-
vision when the generated trajectory stays mono-
tonic beyond this calibrated span. For immer-
sion, we use the same sliding-window mechanism
asymmetrically: revision is triggered when the av-
erage reader-panel immersion decreases continu-
ously beyond the maximum tolerated span esti-
mated from the reference trajectories. Appendix I
details the extraction procedure; the calibrated
window ratios are approximately 0.076 for emo-
tion reversal and 0.082 for immersion anti-decline.

Aligned trajectory envelopes for entropy and
insight. Despite weak story-specific clustering,
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Figure 2: Offline calibration of entropy and insight control targets, including raw trajectories, aligned curves, and
slope information.

entropy and insight reveal recurring patterns af-
ter temporal alignment. ReaderScope uses Fisher–
Rao elastic registration of the raw-interpolated tra-
jectories to estimate a mean curve and amplitude
and slope envelopes (Figure 2). The amplitude en-
velope gives positionwise value bounds, whereas
the slope envelope bounds adjacent-point differ-
ences around the mean trend. Bandwidth is the
distance between an envelope’s upper and lower
bounds and is not a confidence interval. Online,
the amplitude range is combined with the slope-
implied range from the preceding response. Large
or repeated deviations trigger revision, including
in-band but locally implausible changes.

The offline stage yields emotion reversal and im-
mersion anti-decline windows, plus aligned ampli-
tude and slope envelopes for entropy and insight.
The controller uses them to monitor response lev-
els and local changes and guide revisions (Ap-
pendix J).

3.3 Online Reader-Loop Controlled Story
Generation

After offline calibration, ReaderScope uses the re-
sulting control targets in an online reader-feedback
loop. As shown in Figure 1, the loop contains
three components: a Story Composer, a Reader-
Agent Panel, and a Feedback Controller. The Story

Composer drafts narrative units, the Reader-Agent
Panel estimates simulated reader-response trajec-
tories for the generated text, and the Feedback
Controller compares these trajectories with the cal-
ibrated targets to produce targeted revision instruc-
tions.

Planning and generation structure. Given a
story requirement, the Story Composer first builds
a global plan, including the story type, theme,
background, character arcs, title, and five-act out-
line. ReaderScope then organizes each story into
60 paragraph-level generation units: five acts, two
half-act objectives per act, and six paragraphs
per half-act. Because the targets are calibrated
from chapter-level responses in reference stories,
these units serve as normalized story-position con-
trols rather than direct chapter-to-paragraph super-
vision. For each half-act, the composer generates a
six-paragraph unit conditioned on the global plan,
the current objective, and summaries of previously
accepted content.

Reader-feedback revision. After each unit is
generated, the Reader-Agent Panel reads it para-
graph by paragraph and produces group-level esti-
mates of the four response dimensions. The Feed-
back Controller checks these estimates against the
dimension-specific control targets while also con-
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sidering the generated text. If the unit satisfies
the constraints, it is accepted and appended to the
story; otherwise, the controller returns concrete
revision feedback for the problematic paragraph
range, such as adjusting uncertainty, emotional in-
tensity, scene grounding, causal clarity, or reflec-
tive emphasis. The Story Composer then rewrites
the same unit under the original half-act objective
and prior-story context. This read–evaluate–revise
process is repeated within a fixed rewrite budget,
and ReaderScope proceeds through all half-acts
until the five-act story is completed. Appendix J
provides the implementation-level controller pseu-
docode.

4 Experiments

In this section, we present experiments to validate
the effectiveness of ReaderScope in story genera-
tion, including evaluation metrics, baseline com-
parisons, ablation studies, and result analysis.

4.1 Experimental Setup

Dataset. We use the same story requirements as
StoryBox (Chen et al., 2026) to ensure a direct and
fair comparison. The dataset consists of 20 story
specifications, each containing a premise, a setting,
and a cast of characters. All methods are evaluated
on this identical set of input requirements.

Baselines. We select several representative
methods as baselines and categorize them into
four types: (1) Vanilla Sequential Prompting,
which generates stories through direct continua-
tion with minimal explicit planning, represented

by ROLLING; (2) Plan-and-Write Frameworks,
which first construct narrative outlines and then
generate stories accordingly, represented by
DOC (Yang et al., 2023); (3) Sandbox-Based
Simulations, which obtain story materials from
simulated character interactions, represented by
STORYBOX; and (4)Feedback-Based Refine-
ment, represented by CRITICS (Bae and Kim,
2024), which iteratively improves story plans and
text through natural-language critiques. Relative
to ReaderScope, it serves as a text-only feedback
baseline: qualitative textual critiques guide gener-
ation without explicit reader-response trajectories.
READERSCOPE differs by quantifying multidi-
mensional reader responses to provide a more
precise and reader-grounded basis for controlled
story generation.

Implementation Details. For a fair compari-
son, all generation agents are instantiated with
gpt-4o-mini. All systems receive the same story
requirement and are instructed to generate a five-
chapter story, which controls the high-level output
structure without enforcing identical word counts.
In ReaderScope, we use five randomly sampled
reader agents for online feedback and allow one
feedback round for each generated unit, balancing
controllability with generation cost.

4.2 Evaluation Setup

Pairwise Evaluation. We evaluate generated
stories through pairwise comparison. For each
story requirement, we compare stories produced
by every pair of methods, resulting in M(M −
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1)/2 comparisons for M methods. For each eval-
uation dimension, the evaluator selects the better
story or marks the pair as tied. We report a normal-
ized preference score for each method and metric.
Let wm,d, tm,d, and nm,d denote the number of
wins, ties, and total appearances of method m un-
der metric d, respectively. The final score is :

Pref(m, d) =
wm,d + 0.5 tm,d

nm,d
. (9)

Thus, a tie gives 0.5 points to both methods, and
a score of 0.5 corresponds to parity against the
compared systems. The same aggregation rule is
used for automatic and human evaluation; in hu-
man evaluation, each valid annotation contributes
one appearance.

Automatic Evaluation. For automatic pairwise
evaluation, we anonymize the generated stories
with meaningless identifiers, such as “Q7K” and
“M3P”, to avoid revealing the generating method.
We further randomize the order of the two stories
in each comparison to reduce position bias. The
comparisons are judged by DeepSeek-V4-Flash.

Human Evaluation. We further conduct a
lightweight human pairwise evaluation under the
same anonymized comparison protocol. We col-
lect 200 pairwise comparisons from 10 annotators,
covering all method pairs across the 20 story re-
quirements. Each pairwise comparison is judged
by one annotator, who independently selects the
stronger story for each evaluation dimension or
marks the pair as tied. Each annotator evaluates
all ten method pairs for two complete story require-
ments. Because each comparison receives a single
human judgment, replicated human–human agree-
ment is not identifiable from the collected labels;
we therefore treat human evaluation as an external
preference check complementary to the automatic
pairwise evaluation. Details of the interface, anno-
tation instructions, and aggregation procedure are
provided in Appendix A.3.

Statistical Inference for Human Preferences.
We treat the story requirement, rather than an indi-
vidual pairwise judgment, as the independent sam-
pling unit. We obtain 95% confidence intervals
by cluster bootstrapping the 20 requirements and
test ReaderScope–baseline differences using exact
paired sign-flip tests with Holm correction across
the 20 method–metric contrasts; tests against the
0.5 preference-parity level are corrected separately
across the five metrics. Additional requirement-

and annotator-block sensitivity analyses are re-
ported in Appendix A.4.

Evaluation Metrics. We evaluate generated sto-
ries along five holistic, rubric-based dimensions.
Narrative Craft is not a ReaderScope control tar-
get; it is the rubric’s explicit measure of overall
story quality. The remaining four dimensions—
Emotion, Suspense, Immersion, and Insight—
correspond to ReaderScope’s reader-response con-
trol signals and should therefore be interpreted
as measures of target-control effectiveness rather
than independent evidence of overall literary qual-
ity. Although suspense-related uncertainty is op-
erationalized as entropy during generation, it is
evaluated through the reader-facing dimension of
Suspense. All five dimensions are assessed holis-
tically on complete stories, not through offline tra-
jectory matching. The full rubric is provided in
Appendix A.

Automatic–human consistency. To assess
whether the automatic evaluator provides judg-
ments consistent with human preferences, we
compare automatic and human pairwise decisions
on the same annotated story pairs. We report exact
agreement and Cohen’s κ over three labels, i.e.,
first story preferred, second story preferred, or
tie. We also compare aggregate system-level pref-
erence scores using rank and score correlations,
with full results in Appendix A.5.

4.3 Evaluation Results

Overall preference results. Figure 3 shows that
ReaderScope obtains the highest round-robin pref-
erence score on all five dimensions under both au-
tomatic and human evaluation, with StoryBox as
the closest overall competitor. The automatic mar-
gins are most pronounced for Emotion, Suspense,
and Immersion, whereas the human-evaluation
gaps are smaller. ReaderScope’s human scores
and requirement-clustered 95% confidence inter-
vals are 0.681 [0.550, 0.800] for Narrative Craft,
0.725 [0.606, 0.838] for Emotion, 0.719 [0.581,
0.844] for Suspense, 0.663 [0.519, 0.800] for Im-
mersion, and 0.706 [0.606, 0.800] for Insight. In
exact requirement-level tests against the 0.5 par-
ity level, Narrative Craft, Emotion, Suspense, and
Insight remain significant after Holm correction
(pHolm = 0.039, 0.014, 0.026, and 0.007, respec-
tively), while Immersion is borderline (pHolm =
0.051).
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Baseline contrasts and interpretation. Among
the 20 human-evaluation contrasts between Read-
erScope’s round-robin score and those of the
four baselines, nine remain significant after panel-
wide Holm correction: ReaderScope scores higher
than DOC and Critics on Narrative Craft, Emo-
tion, Suspense, and Insight, and higher than
Rolling on Emotion. In contrast, none of the
five ReaderScope–StoryBox score differences is
significant; the estimated differences range from
0.013 to 0.138, and all corresponding clustered
confidence intervals include zero. These con-
trasts compare the aggregate round-robin scores
represented by the bars, rather than only the di-
rect ReaderScope–baseline matches. The results
therefore place ReaderScope in the leading human-
preference tier and establish gains over several
baselines, but do not establish superiority over Sto-
ryBox.

Scope and robustness. Because Emotion, Sus-
pense, Immersion, and Insight are aligned with the
controller’s targets, the larger automatic gains pri-
marily demonstrate successful target realization.
Human preferences and the non-targeted Narra-
tive Craft dimension provide complementary evi-
dence that some of these gains are perceptible be-
yond the explicitly controlled signals. Leave-one-
requirement-out and leave-one-annotator-out anal-
yses preserve the clearest directional advantages
for Emotion, Suspense, and Insight, whereas Nar-
rative Craft is less consistent across annotators and
Immersion is more sensitive to both requirements
and annotators. Complete contrast and sensitivity
statistics are reported in Appendix A.4.

4.4 Ablation Studies

To assess the contribution of each feedback sig-
nal, we ablate one reader-response dimension at
a time from ReaderScope. As shown in Figure 4,
all ablated variants perform worse than the full
model, indicating that emotion, entropy, immer-
sion, and insight jointly contribute to the genera-
tion process. Removing emotion feedback causes
the largest degradation, suggesting that affective
control plays a central role in shaping character re-
actions, conflict escalation, and reader experience.
Removing entropy feedback also leads to clear
drops, especially on narrative craft and suspense,
showing that uncertainty management helps main-
tain tension and narrative progression. The effects
of removing immersion and insight are smaller
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Figure 4: Ablation results when removing each reader-
response feedback dimension from ReaderScope.

Dim. Crit. Win. Story Band Dev. Gain
Emotion Rev. 100.0 100.0 – – +0.64
Entropy Band 97.5 75.0 86.5 0.0061 +0.40
Immersion Drop 100.0 100.0 – – +0.28
Insight Band 100.0 100.0 99.9 0.0000 +0.08

Table 2: Trajectory-control fidelity and downstream
effect. Win. and Story are window- and story-level
success rates (%). Band is the percentage of points
within the target band; Dev. is normalized band devi-
ation. Gain denotes the score difference between Read-
erScope and the corresponding no-target-control abla-
tion.

but consistent, suggesting that they mainly sup-
port scene-level engagement and reflective payoff,
respectively. Finally, the ablation results do not
show a strict one-to-one mapping between feed-
back dimensions and evaluation metrics, since the
four signals interact during revision: emotional
escalation can support suspense, coherent tension
can improve immersion, and premise-driven char-
acter arcs can still produce insight.

4.5 Trajectory-control Fidelity Validation

The previous evaluations show that ReaderScope
improves final story quality; here we further val-
idate whether the generated stories follow the in-
tended reader-response dynamics. As shown in
Table 2, ReaderScope achieves high control fi-
delity across all four dimensions, indicating that
the feedback loop can largely enforce its explicit
trajectory constraints. Entropy is the most difficult
dimension to control: although its window-level
success rate is high, its story-level success drops
to 75.0%, since a single failed suspense window
makes the whole story fail the story-level crite-
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rion. This suggests that suspense requires more
precise global timing of uncertainty introduction
and resolution than the other dimensions. The
Gain column further shows that removing the cor-
responding controller consistently reduces down-
stream evaluation scores, with the largest drops for
emotion and suspense. Thus, the trajectory con-
straints are not only satisfied internally, but are
also associated with measurable improvements in
reader-facing story quality.

4.6 Extensive Study

We further study the sensitivity of ReaderScope
to the number of feedback iterations and the size
of the simulated reader group, with full results
in Appendix K. Performance generally improves
up to three feedback rounds and benefits from
larger reader groups, suggesting that reader feed-
back provides useful control signals. However,
the gains are not monotonic: excessive revision or
overly broad aggregation can reduce performance
on some dimensions. Thus, ReaderScope requires
a balanced configuration rather than simply maxi-
mizing feedback frequency or reader-panel size.

5 Conclusion

We presented ReaderScope, a reader-response-
guided framework for controllable long-form story
generation. Instead of treating reader experience
only as a post-hoc evaluation criterion, Reader-
Scope calibrates simulated reader-response trajec-
tories and uses them as generation-time control
signals. Human evaluation shows multiplicity-
corrected preference gains over several repre-
sentative baselines and competitive performance
with the strongest baseline, while ablation and
trajectory-fidelity analyses indicate that emotion,
entropy, immersion, and insight provide comple-
mentary guidance. Although the current frame-
work still relies on simulated readers and fixed re-
sponse dimensions, our results suggest that reader-
response modeling is a promising direction for
generating stories that better control the evolving
experience of readers.

6 Limitations

ReaderScope uses LLM-simulated readers in both
offline calibration and online feedback. These tra-
jectories are proxies, not direct measurements of
human experience, and may reflect model, prompt,
profile, and scale biases. Four evaluation di-

mensions also mirror the control targets, poten-
tially favoring ReaderScope; improvements there-
fore support target-control effectiveness, not in-
dependent gains in overall literary quality. Re-
sults on the non-targeted Narrative Craft dimen-
sion and human judgments provide complemen-
tary evidence, but dense human-trajectory valida-
tion remains needed.

Each pairwise comparison was judged by one
annotator, with annotators nested within story re-
quirements. Requirement-clustered inference and
annotator-block sensitivity analyses account for
this dependence in uncertainty estimates, but can-
not separate annotator and requirement effects or
estimate inter-annotator agreement. Thus, the
study does not establish a statistically significant
advantage over StoryBox; replicated judgments on
a shared subset are needed.

Calibration uses 20 reference novels and a
fixed simulated-reader panel, limiting coverage
of genres, cultures, reader populations, and pac-
ing conventions. Chapter-level responses are
also interpolated into normalized 60-point trajecto-
ries, whereas control operates on paragraph-level
units. This enables cross-story alignment but
may smooth local responses or shift their timing.
Broader corpora, more diverse reader panels, and
multi-resolution evaluation are needed.

The four dimensions are neither exhaustive nor
independent (Appendix H.2). Reader-response
control does not ensure global consistency or
causal coherence. The feedback loop adds infer-
ence cost; because all systems use the same back-
bone, cross-backbone robustness remains untested.
LLM evaluators may also share biases with simu-
lated readers. Future work should examine joint
response modeling, stronger consistency checks,
and efficient human-validated feedback across
model families.

7 Ethics Statement

ReaderScope is intended for controllable long-
form story generation and creative-writing re-
search. Because it models and optimizes affect,
suspense, immersion, and reflection, similar tech-
niques could be misused for psychological target-
ing, behavioral manipulation, or emotionally ex-
ploitative persuasion, particularly when combined
with sensitive reader profiles. Moreover, its sim-
ulated readers and LLM-based response signals
are proxies that may inherit biases from the under-
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lying models, prompts, and constructed profiles,
rather than direct measurements of human expe-
rience. Reader-facing applications should there-
fore disclose AI-generated content, restrict sen-
sitive profiling, apply appropriate content safe-
guards, and retain human oversight.

Our human evaluation uses anonymized pair-
wise judgments of system outputs generated from
the same story requirements. Annotators do not
see method identities, and we neither infer their
private attributes nor release personally identify-
ing information. Reference texts were obtained
from legally accessible sources under applica-
ble copyright or licensing conditions, while com-
mercial LLMs were used under their providers’
terms. Released artifacts are limited to research-
relevant inputs, generated outputs, calibrated tar-
gets, anonymized preference labels, and evalua-
tion scripts; they exclude copyrighted source texts,
API credentials, personally identifying informa-
tion, and unnecessary raw metadata.
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A Evaluation Details

A.1 Evaluation Metrics

This section provides additional details about the
evaluation criteria used in our experiments. Both
automatic and human evaluations adopt the same
pairwise comparison protocol: given the same
story condition, evaluators compare two anony-
mously labeled system-generated stories and se-
lect the stronger one for each evaluation dimen-
sion, or choose SAME when no clear advantage
is observed. All dimensions are judged indepen-
dently to avoid transferring an overall preference
to every metric.

Narrative Craft Quality. This metric evaluates
the causal coherence, character motivation, scene
progression, thematic integration, and narrative
completeness of the story. It is the only evalu-
ation dimension where the overall plot structure
and narrative completeness are explicitly consid-
ered. A stronger story should present believable
character motivations, clear cause-and-effect de-
velopment, meaningful narrative progression, and
a theme that emerges naturally through events
and consequences. Stories with abrupt transitions,
weak causal links, inconsistent motivations, or un-
derdeveloped narrative arcs are rated lower on this
dimension.

Emotion. This metric evaluates the reader’s
emotional experience during the story. The focus
is on the trajectory and credibility of emotional re-
sponses, including shifts among fear, hope, guilt,
hesitation, betrayal, loss, relief, and resolve. A
stronger story should create emotional involve-
ment through credible character situations, mean-
ingful choices, and consequential events. Overly
explicit or exaggerated emotional wording is not
rewarded unless it contributes to a natural and sus-
tained reader experience.

Suspense. This metric evaluates the reader’s cu-
riosity, uncertainty, tension, and anticipation dur-
ing the reading process. The focus is on meaning-
ful unresolved questions concerning trust, choices,
hidden motives, risks, and consequences. A
stronger story should make the reader actively an-
ticipate what may happen next through character
decisions, information gaps, conflicting motiva-
tions, and coherent stakes. Action, danger, con-
fusion, or withheld information alone is not suffi-
cient unless it genuinely increases reader anticipa-

tion.

Immersion. This metric evaluates the reader’s
sense of absorption, attention, and presence in the
story. The focus is on concrete situations, sta-
ble perspective, sensory pressure, spatial presence,
and moment-to-moment involvement in the char-
acters’ experiences. A stronger story should make
the reader feel close to the scene and mentally
involved in what the characters are experiencing.
Broad worldbuilding or decorative description is
not rewarded unless it directly strengthens scene-
level absorption.

Insight. This metric evaluates the reader’s post-
reading reflection and sense of meaning. The fo-
cus is on whether the story encourages reflection
on human choices, relationships, values, identity,
responsibility, complicity, loyalty, sacrifice, or so-
cial pressure. A stronger story should invite deeper
thought through conflicts and consequences. Di-
rect explanation, abstract preaching, moral slo-
gans, or explicit thematic statements are not re-
warded unless they are supported by the narrative
itself.

A.2 Automatic Evaluation
For automatic evaluation, we use
DeepSeek-V4-Flash, following the official
model name shown by the provider at the time of
access. All automatic judgments are conducted
in May 2026 with anonymized method identifiers
and randomized story order. To reduce possible
biases in LLM-as-a-judge evaluation, we adopt
two precautions. First, method names are replaced
with meaningless identifiers such as M3P and
Q7K, so that the evaluator cannot associate a
story with a particular system. Second, the input
order of the two stories is randomly swapped
during evaluation, which helps mitigate positional
preference toward the first or second option.
The model is required to output only a JSON
object containing the five independent pairwise
decisions. The detailed prompt is provided in
Table19.

A.3 Human Evaluation
For human evaluation, we invite 10 university stu-
dents from multiple academic backgrounds, in-
cluding computer science, mathematics, philoso-
phy, business administration, law, and chemistry.
The evaluation is conducted anonymously: par-
ticipants do not see the names of the generation
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methods and only compare two stories generated
from the same story requirement. In total, we col-
lect 200 valid pairwise comparisons, correspond-
ing to all method-pair comparisons across the 20
story requirements. Each pairwise comparison is
annotated by one participant. For each compari-
son, the annotator makes independent judgments
on the five evaluation dimensions: Narrative Craft,
Emotion, Suspense, Immersion, and Insight. The
annotator may also choose SAME when no clear
advantage is observed.

Because our human study assigns one annota-
tor to each pairwise comparison, human–human
agreement is not identifiable from the collected
labels. We therefore use the human results as a
lightweight external preference check rather than
as a consensus-based annotation benchmark. The
same preference-score aggregation rule used in au-
tomatic evaluation is applied to human judgments,
where a win receives 1 point and a tie assigns 0.5
points to each system. The annotation interface is
implemented using Label Studio, as shown in Ap-
pendix B.

A.4 Clustered Inference and Robustness for
Human Preferences

Dependence structure and bootstrap. The 200
pairwise tasks do not constitute 200 independent
observations. For each of the 20 story require-
ments, the evaluation contains all ten unordered
pairs among the five methods, and each task pro-
duces judgments on all five dimensions. More-
over, a single annotator evaluates all ten method
pairs for a requirement, and each of the ten an-
notators is assigned two requirements. We there-
fore use the requirement as the primary cluster: in
each of 100,000 bootstrap replicates, we sample
20 requirements with replacement and retain every
method-pair and metric judgment associated with
each sampled requirement. The pointwise 95% in-
tervals are percentile intervals, and the bootstrap
standard deviation provides the reported standard
error. The random seed is 20260714.

Formal tests. For baseline b and dimension d,
we first compute the displayed preference score
separately within each requirement and form the
paired difference

δr,b,d = Prefr(READERSCOPE, d)− Prefr(b, d).

The primary contrast is δ̄b,d, i.e., the difference
between the two round-robin bar heights in Fig-
ure 3. We test the 20 requirement-level differences

with a two-sided exact sign-flip test, enumerating
all 220 assignments, and apply Holm correction
jointly over the four baselines and five dimensions.
We also test the five ReaderScope scores against
the 0.5 parity level with the same requirement-
level procedure and a separate five-test Holm fam-
ily. The confidence intervals are pointwise rather
than simultaneous; consequently, all confirmatory
claims are based on the panel-wide Holm-adjusted
p-values.

Topic sensitivity. We report the standard devia-
tion of the 20 requirement-level score differences
and recompute the aggregate difference after delet-
ing each requirement in turn. Table 5 focuses on
StoryBox (Chen et al., 2026), the closest base-
line and therefore the most conservative compar-
ison. Individual requirement effects are hetero-
geneous: no dimension favors ReaderScope on
every requirement. Nevertheless, the leave-one-
requirement-out range remains above zero for Nar-
rative Craft, Emotion, Suspense, and Insight. This
indicates that their positive aggregate directions
are not caused by any single topic, while the Im-
mersion difference is not directionally stable.

Annotator sensitivity and limitation. We con-
duct two diagnostics using the original assignment.
First, an annotator-block bootstrap resamples the
ten annotators and retains both complete require-
ments assigned to each sampled annotator. Sec-
ond, leave-one-annotator-out analysis deletes one
annotator and both associated requirements at a
time. Against StoryBox, all block-bootstrap inter-
vals include zero, consistent with the nonsignifi-
cant primary contrasts. The leave-one-annotator-
out ranges remain positive for Emotion, Suspense,
and Insight, but cross zero for Narrative Craft and
Immersion. Across the other baselines, annotator-
block intervals remain positive for all comparisons
with DOC and Critics, and for Emotion, Suspense,
and Insight against Rolling. These analyses quan-
tify sensitivity to the observed annotation blocks,
but they do not create replicated judgments: be-
cause annotator and requirement are nested, they
cannot estimate human–human agreement or dis-
entangle annotator noise from topic variation.
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Dimension Score Boot. SE 95% cluster CI p pHolm

Narrative Craft 0.681 0.065 [0.550, 0.800] 0.019 0.039
Emotion 0.725 0.060 [0.606, 0.838] 0.003 0.014
Suspense 0.719 0.067 [0.581, 0.844] 0.009 0.026
Immersion 0.663 0.072 [0.519, 0.800] 0.051 0.051
Insight 0.706 0.050 [0.606, 0.800] 0.001 0.007

Table 3: ReaderScope human preference scores and inference against the 0.5 round-robin parity level. Confidence
intervals and standard errors use story-requirement-clustered bootstrap resampling. p-values use the two-sided
exact requirement-level sign-flip test; Holm correction is over the five dimensions. Bold values are significant at
0.05 after correction.

Dimension Baseline ∆ Boot. SE 95% cluster CI p pHolm

Narrative Craft Rolling 0.094 0.082 [-0.075, 0.244] 0.312 1.000
DOC 0.394 0.095 [ 0.194, 0.569] 0.002 0.029
Critics 0.344 0.092 [ 0.156, 0.519] 0.003 0.042
StoryBox 0.075 0.113 [-0.137, 0.306] 0.561 1.000

Emotion Rolling 0.281 0.076 [ 0.131, 0.425] 0.003 0.042
DOC 0.381 0.094 [ 0.188, 0.556] 0.002 0.029
Critics 0.331 0.088 [ 0.150, 0.494] 0.003 0.042
StoryBox 0.131 0.116 [-0.088, 0.363] 0.306 1.000

Suspense Rolling 0.206 0.100 [ 0.006, 0.400] 0.068 0.525
DOC 0.394 0.089 [ 0.213, 0.563] < 0.001 0.017
Critics 0.369 0.080 [ 0.206, 0.519] < 0.001 0.016
StoryBox 0.125 0.129 [-0.125, 0.381] 0.379 1.000

Immersion Rolling 0.188 0.090 [ 0.006, 0.356] 0.066 0.525
DOC 0.281 0.096 [ 0.087, 0.463] 0.014 0.127
Critics 0.331 0.099 [ 0.131, 0.519] 0.006 0.070
StoryBox 0.013 0.140 [-0.256, 0.288] 0.965 1.000

Insight Rolling 0.188 0.060 [ 0.063, 0.300] 0.010 0.103
DOC 0.406 0.070 [ 0.262, 0.531] < 0.001 0.003
Critics 0.300 0.073 [ 0.156, 0.444] 0.001 0.024
StoryBox 0.138 0.107 [-0.063, 0.356] 0.249 1.000

Table 4: ReaderScope minus baseline differences between the human preference-score bars in Figure 3. Tests use
paired requirement-level differences. Holm correction is over all 4× 5 = 20 contrasts; bold values are significant
at 0.05 after correction. These bar-height contrasts aggregate each method’s four round-robin matchups and should
not be interpreted as direct head-to-head win rates.

Dimension Story SD Story +/tie/− LOSO ∆ range Annotator-block 95% CI LOAO ∆ range

Narrative Craft 0.518 7/2/11 [ 0.026, 0.112] [-0.188, 0.406] [-0.028, 0.139]
Emotion 0.531 10/1/9 [ 0.086, 0.164] [-0.156, 0.456] [ 0.035, 0.181]
Suspense 0.593 10/1/9 [ 0.079, 0.178] [-0.169, 0.456] [ 0.028, 0.188]
Immersion 0.640 7/1/12 [-0.039, 0.059] [-0.325, 0.381] [-0.097, 0.111]
Insight 0.490 9/2/9 [ 0.092, 0.171] [-0.113, 0.444] [ 0.042, 0.194]

Table 5: Topic and annotation-block sensitivity for the ReaderScope–StoryBox bar-height difference. Story SD
is the between-requirement standard deviation; +/tie/− counts the signs of the 20 requirement-level differences;
LOSO deletes one requirement; the annotator-block bootstrap resamples ten two-requirement blocks; and LOAO
deletes one annotator and both assigned requirements. Annotator and topic effects are confounded in the latter two
diagnostics.
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A.5 Automatic–Human Consistency
We assess whether automatic evaluation recovers the preference patterns observed in human judgments,
rather than whether it can replace human evaluation.

Protocol. Following the pairwise consistency analysis of (Ran et al., 2025), each anonymized A/B
judgment is mapped to a canonical method order and represented as a preference for either method or a
tie. Matching the automatic records with deduplicated human annotations yields 1,000 aligned decisions
(200 comparison tasks across five dimensions). We report exact agreement, Cohen’s κ, and directional
agreement after excluding decisions in which either evaluator selects a tie. Confidence intervals for κ
are estimated from 1,000 bootstrap samples clustered by comparison task. We additionally compare
method-level preference scores across the 25 method–metric combinations.

Subset N Exact (%) κ (95% CI) Dir. (%)

Overall 1000 53.0 0.126 [0.063, 0.186] 64.9
Narrative Craft 200 50.5 0.127 [0.036, 0.222] 62.7
Emotion 200 57.5 0.097 [-0.022, 0.215] 63.5
Suspense 200 54.0 0.152 [0.056, 0.247] 66.3
Immersion 200 54.5 0.084 [-0.006, 0.180] 61.6
Insight 200 48.5 0.157 [0.082, 0.239] 71.9

Table 6: Item-level automatic–human agreement. Dir. excludes comparisons for which either evaluator selects a
tie. Confidence intervals use task-clustered bootstrap resampling.

Item-level agreement. As shown in Table 6, exact agreement is 53.0%, with weak but positive chance-
corrected agreement (κ = 0.126, 95% CI [0.063, 0.186]). This discrepancy partly reflects different tie
behavior: humans select SAME in 17.9% of judgments, compared with 0.4% for the automatic evaluator.
Directional agreement increases to 64.9% after tie-related cases are excluded, indicating better agreement
on the preferred side when both evaluators express a preference.

Subset Pearson Spearman Kendall ICC(C) MAE

Overall 0.877 0.846 0.656 0.735 0.135
Narrative Craft 0.902 1.000 1.000 0.780 0.130
Emotion 0.977 0.900 0.800 0.819 0.110
Suspense 0.885 0.900 0.800 0.751 0.133
Immersion 0.735 0.600 0.400 0.579 0.173
Insight 0.894 0.900 0.800 0.756 0.130

Table 7: Alignment of automatic and human method-level preference scores. The overall row uses 25 method–
metric points; per-dimension rows use five methods and are descriptive. ICC(C) denotes the two-rater consistency
intraclass correlation.

Aggregate alignment. At the system level, automatic and human preference scores are strongly
aligned: Pearson’s r = 0.877, Spearman’s ρ = 0.846, Kendall’s τb = 0.656, and ICC(C)= 0.735,
with an MAE of 0.135 (Table 7). Both evaluations identify the same top-ranked method and top-two
method set on all five dimensions. Because each per-dimension correlation contains only five methods,
these values are descriptive. Overall, automatic evaluation is suitable for scalable system-level compari-
son and diagnosis, whereas human judgments remain necessary for validating individual preferences.
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B Human Evaluation Interface
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C Example Four-Dimensional Response Trajectories
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D Reference Story Dataset

Table 8: Statistics of the reference stories used for reader-agent response collection.

ID Title Chapters Characters Words

1 The Law and the Lady 50 764,126 139,647
2 A Tale of Two Cities 45 752,122 135,636
3 Pride and Prejudice 61 684,707 121,702
4 The Razor’s Edge 50 654,097 123,252
5 Wuthering Heights 41 644,641 115,954
6 The Adventures of Huckleberry Finn 43 560,132 112,825
7 Only a Girl’s Love 42 755,600 139,040
8 Anne of Green Gables 41 555,590 102,260
9 Tess of the d’Urbervilles: A Pure Woman 59 827,678 148,488
10 Oliver Twist 53 879,859 156,529
11 Sons and Lovers 45 872,981 159,772
12 Emma 55 875,184 157,663
13 Mansfield Park 48 868,046 148,088
14 Birds of Prey 43 911,056 161,665
15 The Keeper of the Door 55 917,050 165,394
16 Main Street 43 958,218 168,985
17 Mohammed Ali and His House 51 933,104 170,242
18 The Moon and Sixpence 58 405,238 75,031
19 The Adventures of Tom Sawyer 41 383,955 69,834
20 Uncle Tom’s Cabin 49 992,226 179,570

E Entropy Computation Details

Definition. We operationalize suspense-related uncertainty as Entropy during generation. For reader r
and narrative unit t, the score combines uncertainty introduced by newly raised story questions with the
impact of resolving previous questions:

Er,t = Hnew
r,t + Sres

r,t .

Thus, Entropy increases when a unit opens multiple plausible possibilities or provides an unexpected yet
comprehensible resolution. Only Hnew

r,t is normalized Shannon entropy; Er,t is a composite suspense-
related response signal and is not necessarily bounded to [0, 1]. We refer to the corresponding reader-
facing evaluation dimension as Suspense.

Uncertainty from new questions. After reading unit t, the reader generates a set of new questions
Qnew

r,t . Each valid question q contains at least two candidate answers Yq, with belief probabilities satisfy-
ing

∑
y∈Yq

pr,t(y | q) = 1. Its normalized uncertainty is

hr,t(q) =
−∑

y∈Yq
pr,t(y | q) log2 pr,t(y | q)

log2 |Yq|
,

where 0 log2 0 = 0. We then average across valid new questions:

Hnew
r,t =

1

|Qnew
r,t |

∑

q∈Qnew
r,t

hr,t(q).

Questions with fewer than two valid candidates are regenerated or excluded, and Hnew
r,t = 0 when no

valid new question is produced.

Resolution of previous questions. Before each update, the question memory is maintained using ex-
ponential forgetting,

fq(t) = exp
(
−0.08(t− ℓq)

)
,

where ℓq is the last activation unit of question q. Questions with cosine similarity of at least 0.85 are
merged, and the memory retains at most 120 questions according to recency and importance. Reader-
Scope retrieves the five historical questions most relevant to the current unit and updates their candidate
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answers and belief probabilities. A question is resolved only when

max
y∈Yq

pr,t(y | q) > 0.7.

The inequality is strict; a maximum probability equal to 0.7 remains unresolved. Updates in which all
candidate probabilities are zero are discarded.

Resolution impact. For each resolved question q, let y∗q be the answer with the highest updated prob-
ability. We identify the historical candidate ŷq most semantically similar to y∗q and use its probability
before reading unit t:

ur,t(q) = − log10

(
max

(
poldr (ŷq | q), 10−9

))
.

This ensures that answers previously considered less likely receive greater unexpectedness. Let dr,t(q) ∈
[0, 1] denote the cognitive difficulty of understanding the resolution, evaluated only when the question
is resolved. Missing or invalid difficulty values are set to zero. For the resolved-question set Qres

r,t , we
compute

Ur,t =
1

|Qres
r,t |

∑

q∈Qres
r,t

ur,t(q), Dr,t =
1

|Qres
r,t |

∑

q∈Qres
r,t

dr,t(q),

and obtain
Sres
r,t = Ur,t(1−Dr,t) + 0.75(1− Ur,t)(1−Dr,t)

+ 0.50Ur,tDr,t + 0.01(1− Ur,t)Dr,t.

If no historical question is resolved, Sres
r,t = 0. Resolved questions are removed from memory, unresolved

questions retain their updated distributions, and newly generated questions are appended for subsequent
units.
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F Silhouette Scores across Dimension

Figure 5 shows how the silhouette scores vary with K for the four reader-response dimensions. Emotion
and immersion reach their best performance at approximately K = 20, matching the number of reference
stories and indicating story-specific trajectory patterns. By contrast, entropy and insight peak only at
K = 2, with isolated maxima and no stable cluster structure for larger K. These results suggest that
clustering these two dimensions mainly produces a trivial binary split rather than meaningful trajectory
groups. Since entropy and insight are evaluated on raw trajectories, whereas emotion and immersion are
standardized under a conservative setting, the comparison further supports the conclusion that clustering
is unsuitable for entropy and insight.

(a) Emotion (b) Entropy

(c) Immersion (d) Insight

Figure 5: Silhouette scores of clustering methods across four dimensions as a function of the number of clusters.
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G Clustering Results for Emotion

We cluster the emotion trajectories of 25 reader agents across 20 stories. As shown in Table 9 and Fig-
ure 6, the resulting clusters exhibit clear story-level structure. Since each story is read by 25 reader
agents, the fact that most cluster sizes are close to 25 suggests that the clustering assignments are highly
aligned with the underlying story labels. This indicates that readers exposed to the same story tend to
produce internally consistent emotional trajectories, while trajectories from different stories show sub-
stantial variation in their emotional response patterns. The high cluster purity of most clusters, with
several reaching 100%, supports the use of the emotion dimension as an informative signal for distin-
guishing story-specific reader-response patterns.

Table 9: Cluster distribution for the emotion dimension.

Cluster Cluster Size
(N )

Dominant
Story ID

Cluster
Purity

C0 24 11 100.00%
C1 25 2 96.00%
C2 25 16 100.00%
C3 29 20 82.76%
C4 25 7 100.00%
C5 26 17 96.15%
C6 27 10 92.59%
C7 29 9 86.21%
C8 25 1 96.00%
C9 25 19 100.00%

C10 25 3 100.00%
C11 26 12 96.15%
C12 25 15 100.00%
C13 26 18 96.15%
C14 25 14 100.00%
C15 19 6 100.00%
C16 25 4 100.00%
C17 21 8 100.00%
C18 25 13 92.00%
C19 23 5 86.96%

Notes:
1. The dominant story ID denotes the most frequent story label within each cluster.
2. Cluster purity is defined as the proportion of samples from the dominant story within the cluster.
3. The table reports k-medoids clustering results on emotion trajectories from 25 reader agents reading 20 stories. The

trajectories are preprocessed with Z-score normalization, interpolation, and Savitzky–Golay smoothing with window length 7
and polynomial order 3.
4. The same preprocessing and reporting protocol is used for the immersion dimension.
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(a) C0 (b) C1 (c) C2 (d) C3

(e) C4 (f) C5 (g) C6 (h) C7

(i) C8 (j) C9 (k) C10 (l) C11

(m) C12 (n) C13 (o) C14 (p) C15

(q) C16 (r) C17 (s) C18 (t) C19

Figure 6: Overview of emotion-trajectory clusters. Gray curves represent individual reader–story emotion trajec-
tories after Z-score normalization and interpolation to 60 points, while red curves indicate the k-medoids cluster
centroids. The experiment includes 25 reader agents and 20 stories.
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H Clustering Results for Immersion

We further cluster the immersion trajectories collected from 25 reader agents reading 20 stories. As
shown in Table 10 and Figure 7, the resulting clusters show clear story-level grouping patterns.

The clustering results suggest that the temporal evolution of immersion is strongly associated with the
underlying story. Among the 500 immersion trajectories, the clustering procedure produces 22 trajectory
clusters with high internal consistency. All clusters achieve a purity higher than 74%, and more than half
of them exceed 90% purity.

Some stories, such as Story 1 and Story 16, are split into multiple clusters, indicating that differ-
ent reader agents may exhibit distinct subjective responses to the same narrative. Nevertheless, at the
aggregate level, cluster membership remains highly aligned with story IDs. These results suggest that
immersion trajectories are substantially shaped by the narrative structure and affective pacing of the story,
making story-level grouping a useful basis for analyzing immersion-response patterns.

Table 10: Cluster distribution for the immersion dimension.

Cluster Cluster Size
(N )

Dominant
Story ID

Cluster
Purity

C0 28 2 89.29%
C1 25 4 96.00%
C2 26 17 96.15%
C3 22 6 95.45%
C4 16 16 87.50%
C5 31 8 74.19%
C6 22 19 100.00%
C7 26 20 96.15%
C8 24 18 95.83%
C9 24 9 87.50%

C10 25 7 92.00%
C11 26 14 92.31%
C12 25 12 100.00%
C13 11 16 100.00%
C14 31 15 87.10%
C15 24 13 95.83%
C16 23 3 100.00%
C17 10 1 80.00%
C18 15 1 100.00%
C19 17 11 94.12%
C20 27 10 92.59%
C21 22 5 95.45%
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(a) C0 (b) C1 (c) C2 (d) C3

(e) C4 (f) C5 (g) C6 (h) C7

(i) C8 (j) C9 (k) C10 (l) C11

(m) C12 (n) C13 (o) C14 (p) C15

(q) C16 (r) C17 (s) C18 (t) C19

(u) C20 (v) C21

Figure 7: Overview of immersion-trajectory clusters. Gray curves represent individual reader–story immersion
trajectories after Z-score normalization and interpolation to 60 points, while red curves indicate the k-medoids
cluster centroids. The experiment includes 25 reader agents and 20 stories.
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H.1 Temporal Registration for Suspense Entropy and Insight
Figure 8a shows the warping functions obtained from elastic registration for the suspense entropy and in-
sight dimensions. The warping curves of individual samples are closely distributed around the diagonal
line (y = x) and remain monotonically increasing. This indicates that the registration procedure cor-
rects inter-reader phase variation without disrupting the temporal ordering of the original signals. This
suggests that the extracted amplitude features remain temporally interpretable after alignment.

(a) Warping functions for entropy. (b) Warping functions for insight.

Figure 8: Temporal warping functions for suspense entropy and insight.
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H.2 Correlation analysis of dimension pairs
Cross-Dimensional Lag Analysis. Figure 9 reports the lag at which each pair of reader-response tra-
jectories reaches its maximum cross-correlation. Positive lags indicate that the first dimension precedes
the second, while negative lags indicate the reverse. Most distributions peak sharply around zero, show-
ing that cross-dimensional associations are mainly synchronous rather than governed by a stable lead–lag
pattern. Thus, although some dimensions, especially immersion and insight, exhibit non-negligible as-
sociation, this analysis does not support a fixed temporal ordering among dimensions. This motivates
future work on joint controllers that explicitly model cross-dimensional dependencies.

Figure 9: Distribution of lags at which maximum cross-correlation occurs between pairs of reader-response di-
mensions. Positive lags indicate that the first dimension leads the second, while negative lags indicate the reverse.
The concentration around zero suggests that cross-dimensional associations are mostly synchronous rather than
consistently directional.
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Maximum-Correlation Heatmaps across Dimension Pairs. We compute the maximum pairwise cor-
relation coefficients across different reader-response dimensions and apply co-clustering based on story
and reader labels. The resulting heatmaps are shown in Figure 10.

(a) Emotion–entropy (b) Emotion–immersion (c) Emotion–insight

(d) Entropy–immersion (e) Entropy–insight (f) Immersion–insight

Figure 10: Co-clustered heatmaps of maximum correlation coefficients for the six pairs of reader-response dimen-
sions.

Figure 10 shows the co-clustered heatmaps of maximum pairwise correlations among the four reader-
response dimensions. The correlation patterns vary substantially across dimension pairs. Pairs involving
emotion and suspense entropy exhibit relatively dispersed structures, suggesting that their associations
with other dimensions are more story- and reader-dependent. In contrast, immersion and insight show a
more coherent correlation pattern, with large high-correlation regions in Figure 10f. This indicates that,
for many reader–story samples, stronger immersion is associated with stronger reflective insight. From a
narrative-response perspective, immersive engagement may facilitate deeper cognitive reflection, while
meaningful thematic content may in turn reinforce readers’ engagement with the narrative. The block
structure revealed by co-clustering further suggests that this association is not driven by isolated samples,
but reflects a recurring pattern across the dataset.

I Window-Length Extraction for Emotion and Immersion

Figures 11 and 12 illustrate the extraction of two window-based control signals: the maximum stable
trend window for Emotion and the longest sustained decline window for Immersion. For Emotion, we
search for the longest contiguous window in which the trajectory preserves the same directional trend,
either monotonically increasing or monotonically decreasing. In the example shown in Figure 11, the
resulting maximum stable trend window has length 4. For Immersion, we instead identify the longest
contiguous window over which the trajectory continuously decreases. As shown in Figure 12, the ex-
tracted immersion-decline window has length 5. Given a set of reader-response trajectories, we derive
dimension-specific window-length statistics for Emotion and Immersion. For each Emotion trajectory,
we extract the longest contiguous window whose directional trend remains stable, i.e., the values are
consistently increasing or consistently decreasing. The Emotion window length is then defined as the
average of these maximum stable-trend lengths across all Emotion trajectories. For each Immersion tra-
jectory, we extract the longest contiguous window over which the trajectory continuously decreases. The
Immersion window length is defined analogously as the average of the extracted longest decline-window
lengths across all Immersion trajectories.
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Figure 11: Illustration of the longest stable emotion-trend window.

Figure 12: Illustration of the longest sustained immersion-decline window.

J Implementation Details of the Feedback Controller

Algorithm 1 Online feedback controller for one half-act.
Require: Averaged reader-response curves C, current unit end index u, rewrite budget B
Ensure: Final six-paragraph unit
1: Draft a six-paragraph unit under the current half-act objective and prior story summaries.
2: The reader panel reads the unit, updates the four response curves, and averages them across readers.
3: for b = 0 to B do
4: F ← ∅
5: for d ∈ {emotion, entropy, immersion, insight} do
6: fd ← CHECKSIXUNITS(Cd, u)
7: if fd ̸= valid then
8: Add fd to F
9: end if

10: end for
11: if F = ∅ then
12: return the current six-paragraph unit
13: end if
14: if b = B then
15: return the latest six-paragraph unit
16: end if
17: Concatenate the non-valid feedback messages in F .
18: Refine them into concrete rewrite instructions.
19: Rewrite the same six-paragraph unit under the original half-act goal.
20: The reader panel re-reads the rewritten unit and updates C.
21: end for

The controller as algorithm 1 applies four lightweight dimension-specific checks. Emotion detects mono-
tonic emotional movement beyond the calibrated reversal window, while immersion detects continuous
decline beyond the calibrated anti-decline window. For entropy and insight, the controller uses calibrated
amplitude and slope envelopes to identify severe deviations or repeated soft deviations within the recent
six-point window. This design avoids triggering revision for isolated noisy reader-agent estimates while
still correcting sustained trajectory violations.

24695



K Additional Sensitivity Analysis

We conduct additional sensitivity analyses on two key configuration factors of ReaderScope: the number
of feedback iterations and the size of the simulated reader panel. These analyses examine whether reader
feedback provides useful control signals and whether increasing the amount of feedback always leads to
better performance.

Figure 13(a) shows the effect of varying the number of feedback iterations. The main experiments use
one feedback round because this lowest-cost configuration was fixed and executed before the feedback-
times sensitivity study was conducted. We therefore report the one-round setting as the cost-controlled
main result, and use this appendix analysis to understand how additional feedback would affect perfor-
mance rather than to retrospectively tune the main comparison. Performance generally improves from
one to three rounds, indicating that iterative reader feedback helps the generator correct deviations from
the target response trajectories. However, further increasing the number of rounds does not consistently
improve performance and can reduce some metrics. This suggests that excessive revision may overfit lo-
cal feedback signals, disturb previously coherent narrative decisions, or introduce unnecessary changes
during later revision rounds.

Figure 13(b) shows the effect of varying the simulated reader-panel size. Larger panels generally pro-
vide more stable feedback and improve overall performance compared with very small panels. However,
the gains are not monotonic across all dimensions. Overly broad aggregation may smooth out reader-
specific response variations and weaken useful control signals. These results suggest that ReaderScope
benefits from reader feedback, but its configuration should balance feedback strength, response diversity,
and narrative stability.
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Figure 13: Sensitivity analysis of ReaderScope with respect to the number of feedback iterations and the size of
the simulated reader panel. ReaderScope generally benefits from iterative feedback and larger reader groups, but
the trends are not strictly monotonic, indicating the need for a balanced configuration.
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L Case Study: A Full-Story Feedback Trace

Case background. We trace the complete generation of Story 07, Chaosbound: The Elemental Reck-
oning, a 60-unit young-adult fantasy about Finn, an orphan who discovers the forbidden ability to control
chaos. The story is generated in ten six-unit half-act windows. After each window, the reader panel es-
timates Emotion, Entropy, Immersion, and Insight, and the controller either accepts the text or requests
a rewrite. To preserve the full narrative trajectory within limited space, we retain plot-bearing passages
and mark repetitive description or intermediate action with ellipses.

Compressed full story. Act I: discovery and training. The streets of Eldoria “thrummed with life”
as Finn watched elemental mages perform the magic from which he had always felt excluded. When
a group of bullies cornered him, desperation triggered a burst of chaos that scattered the attackers and
destroyed nearby market stalls. Master Alden witnessed the event and offered to train him, warning:
“You must learn to control it, or it will control you.”

. . . Alden explains the laws of elemental balance and begins Finn’s secret training in a secluded glade.

. . .

Frustrated by Alden’s caution, Finn attempts an advanced spell. The surge damages the glade and
risks alerting the Council, but Finn later learns to stop forcing the energy and briefly shapes a smaller
surge into a flame.

Act II: public exposure. Lira joins Finn and Alden, while King Roderick’s spies report the emergence
of a chaos mage. Seeking recognition, Finn enters a public demonstration despite Alden’s warning.

. . . The crowd gathers and Finn struggles to maintain concentration. . . .

His spell erupts into a dark storm, injuring spectators and turning excitement into panic. Roderick
treats the disaster as an opportunity to portray Finn as a threat; Council guards close in, and Finn’s
attempt to gain acceptance leaves him exposed as a fugitive.

Act III: temptation and betrayal. While the group hides, Alden recounts the damage caused by
an earlier student who lost control of chaos. Vera Duskwood then offers Finn mastery in exchange for
loyalty. He is tempted by the promise of belonging but ultimately chooses Alden.

. . . Pressure from the Council intensifies Lira’s conflict between her status and her loyalty to Finn. . . .

Roderick’s guards discover the glade. Finn unleashes chaos to resist them and then accuses Lira of
revealing their location, fracturing the trust between them.

Act IV: confrontation. Finn insists that he can control his power, while Lira and Alden warn that
his need to prove himself is endangering all three of them. When the guards return, he refuses to hide.
Chaos bends the trees, ignites the leaves, and forces the guards back, but the apparent victory leaves the
glade devastated. Lira fears both Finn and the Council’s response; Alden begins to question whether his
own fear-driven teaching has pushed Finn further toward isolation.

Act V: irreversible escalation. Guilt and anger deepen the rift among the three characters. Finn
attempts one more spell to demonstrate control, but the energy again expands beyond him. Lira hesitates
between approaching Finn and protecting herself, while Alden enters the maelstrom to stabilize the
magic.

. . . Finn recognizes the injured creatures and ruined glade as the cost of treating chaos as a tool. . . .

Roderick’s guards arrive before the energy is contained. As the ground shifts and the surge reaches an
explosive peak, the trace ends with Finn no longer seen merely as an orphan, but as “chaos incarnate,”
facing consequences he cannot yet anticipate.

Control trace across the story. The following table reports every six-unit decision. A dash means that
the window produced no revision request. “Accepted” means that the rewritten window was re-evaluated,
generated no second request, and the system proceeded to the next window.

Representative before–after revisions. The following edits connect three numeric violations to con-
crete changes at the beginning, middle, and end of the story.
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Table 11: Full control trace for Story 07. Intervals are the calibrated targets recorded in the generation log. The
log does not expose exact post-revision values for accepted windows.

Window Pre-revision signal Post-revision

P1–6 – Accepted directly
P7–12 Entropy 1.609 > [1.351, 1.482] Accepted
P13–18 Entropy 1.378 < [1.444, 1.564] Accepted
P19–24 Entropy 1.287 < [1.355, 1.440] Accepted
P25–30 Entropy 1.542 > [1.407, 1.458]; Immersion trigger Accepted
P31–36 Entropy 1.402 < [1.590, 1.693] Accepted
P37–42 Entropy 1.490 < [1.562, 1.641] Accepted
P43–48 Entropy 1.569 < [1.629, 1.708] Accepted
P49–54 Entropy 1.410 < [1.505, 1.586] Accepted
P55–60 Entropy 1.422 < [1.464, 1.521] Accepted

Early training (P8): clarifying excessive uncertainty.
Controller record: Entropy 1.609; target [1.351, 1.482]; above the upper bound by 0.127→ accepted.

Before: In a moment of reckless impulse, he decided to attempt a more advanced spell, one Alden had warned him against.

After: He noticed Alden’s hesitation, the way his mentor’s eyes flickered with doubt. In a moment of reckless impulse, Finn

decided to attempt a more advanced spell, one Alden had warned him against.
Public demonstration (P20): increasing suspense.
Controller record: Entropy 1.287; target [1.355, 1.440]; below the lower bound by 0.068→ accepted.

Before: As he stepped forward, the crowd erupted into cheers, their voices a cacophony that filled the air with anticipation.

After: As he stepped forward, the crowd erupted into cheers, but Finn caught glimpses of uncertainty in their eyes—some

excited, others skeptical.
Closing conflict (P56): adding relational uncertainty.
Controller record: Entropy 1.422; target [1.464, 1.521]; below the lower bound by 0.042→ accepted.

Before: "Finn! Stop! You have to regain control!" she shouted . . . Fear gripped her heart, mingling with the concern she felt

for him.

After: "Finn! You have to. . . you have to regain control!" she shouted . . . Doubt gnawed at her as she hesitated, torn between

her fear of the chaos and her feelings for him.

Interpretation. The trace illustrates range control rather than monotonic score maximization. When
Entropy is excessive, the feedback makes motivation and causality more explicit; when it is insufficient,
the rewrite adds competing interpretations, audience doubt, or relational hesitation. The story-level view
also shows that the edits are local: they preserve the planned events while changing how readers are
expected to process them. This example demonstrates controller operation and should therefore be read
together with the aggregate evaluation, not as independent evidence of overall literary quality.

M Prompts

This section presents the key prompts used to estimate ReaderScope’s four reader-response dimensions.
The complete prompt set, including implementation-specific variants, is available in our project reposi-
tory. Tables 12, 13, 14, 15, 16, 17, and 18 present the prompts used to operationalize Emotion, Entropy,
Immersion, and Insight. Table 19 presents the prompt used for LLM-based automatic evaluation.
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Table 12: Prompt template for reader-specific emotion value collection.

Reader Emotion Self-report

Variables:
!<INPUT 0>! -- Reader profile
!<INPUT 1>! -- Chapter index
!<INPUT 2>! -- Story title
!<INPUT 3>! -- Reader memory before the current chapter
!<INPUT 4>! -- Current chapter

### System Prompt
You are a reader emotion predictor. Your task is to identify key emotional turning

points in the current story chapter and estimate how the reader would emotionally
respond, based on the given reader profile.

Instructions:
1. Identify multiple emotional turning points where the reader's likely emotion

changes significantly, or where a strong emotion begins, intensifies, weakens, or
ends.

2. For each turning point, output:
- excerpt: one short original phrase or sentence from the chapter. If the excerpt
is from quoted speech, keep only the content inside the quotation marks.

- emotion_value: a float in [-1.00, 1.00], formatted with two decimal places.
[-1.00, -0.60]: strongly negative;
[-0.60, -0.20]: moderately negative;
[-0.20, 0.20]: neutral;
[0.20, 0.60]: moderately positive;
[0.60, 1.00]: strongly positive.

- analysis: one concise sentence explaining the emotional response and explicitly
linking it to the reader profile.

3. Act as a first-time reader at the current chapter. Use only the provided reader
profile, reader memory, and current chapter. Do not infer events beyond the
chapter.

4. Even for a short chapter, identify at least two distinct emotional response points.

5. Output only a valid JSON array. Do not include explanations, Markdown code fences,
or any text outside the JSON array.

Required output format:
[

{
"excerpt": "...",
"emotion_value": 0.00,
"analysis": "..."

}
]

### User Prompt
[Reader Information]
reader_profile: !<INPUT 0>!

[Story Information]
I am reading chapter !<INPUT 1>! of !<INPUT 2>!.

[Reader Memory]
!<INPUT 3>!

[Current Chapter]
!<INPUT 4>!
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Table 13: Prompt template for updating reader question guesses (Entropy computation step 1).

Question Guess Update (Entropy computation step 1)

Variables:
!<INPUT 0>! -- Reader profile
!<INPUT 1>! -- Chapter index
!<INPUT 2>! -- Story title
!<INPUT 3>! -- Reader memory before the current chapter
!<INPUT 4>! -- Current chapter
!<INPUT 5>! -- Question-guesses list to update

### System Prompt
You are simulating a reader with the given profile who is reading the current story

chapter with prior memory. Your task is to update every item in the input question
-guesses list according to the current chapter, reader memory, and reader profile.

Instructions:
Instructions:
1. Preserve every input question verbatim. Do not add or remove questions.
2. Update each question's guesses: retain plausible answers, remove answers only when

justified, and add plausible answers only when supported by the chapter.
3. Each output item must contain question and a nonempty guesses array. Each guess

must contain:
- answer: an existing or newly added possible answer.
- probability: a number in [0.00, 1.00], with two decimal places. Probabilities
must sum exactly to 1.00 per question.

- cognitive_difficulty: a number in [0.00, 1.00], with two decimal places, ranging
from very easy (0.00) to extremely difficult (1.00) to understand. Use
intermediate values for nuanced difficulty.

- analysis: one concise sentence explaining the update.
4. Use only the provided chapter, reader memory, reader profile, and question-guesses

list. Do not use external story knowledge or anticipate future events.
5. Return only a valid JSON array, without explanations, Markdown fences, or

additional text.

Required output format:
[

{
"question": "(exact original question text)",
"guesses": [

{
"answer": "(existing or new possible answer)",
"probability": 0.50,
"cognitive_difficulty": 0.30,
"analysis": "(reason for this update)"

}
]

}
]

### User Prompt
[Reader Information]
reader_profile: !<INPUT 0>!

[Story Information]
I am reading chapter !<INPUT 1>! of the novel "!<INPUT 2>!".

[Reader Memory]
!<INPUT 3>!

[Current Chapter]
!<INPUT 4>!

[Question-Guesses List to Update]
!<INPUT 5>!
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Table 14: Prompt template for reader raising new questions (Entropy computation step 2).

New Questions Raised (Entropy Computation Step 2)

Variables:
!<INPUT 0>! -- Reader profile
!<INPUT 1>! -- Chapter index
!<INPUT 2>! -- Story title
!<INPUT 3>! -- Chapter-related information, including reader memory and current

chapter context

### System Prompt
You simulate a story-logic-focused first-time reader of a novel. You have no prior

knowledge beyond the chapter, reader profile, and memory information provided in
the user prompt. Your task is to identify story-driven questions that naturally
arise while reading the chapter and to generate possible factual answer guesses
grounded only in the provided text.

Instructions:
1. Identify multiple story-driven questions that:

- reflect missing or unclear factual elements in the chapter, such as who, what,
where, when, or observable why;

- are rooted in visible actions, events, objects, or dialogue;
- are questions a real reader would expect the story to explain later;
- arise only from the current or previous text, not from speculation beyond the
text.

2. Do not generate questions that:
- contain abstract or introspective verbs such as think, feel, believe, hope,
prefer, consider, realize, understand, wonder, mean, symbolize, or suggest;

- contain abstract nouns such as significance, nature, meaning, relationship,
importance, attitude, perspective, or impression;

- simply ask for prediction or outcome, such as "What will happen next?";
- concern interpretation, evaluation, personality, or emotion;
- cannot be answered by story facts, even after the full novel is read.

3. For each question, provide several possible answer guesses based only on the
current chapter, reader memory, and reader profile. Each guess must contain:

- answer: a possible factual answer or clue;
- probability: a float in [0.00, 1.00], formatted with two decimal places. The
probabilities under each question must sum exactly to 1.00;

- cognitive_difficulty: if probability = 1.00, use a value in [0.00, 1.00], where
0.00 means easy to infer and 1.00 means hard to infer; otherwise, set it to -1;

- analysis: one short sentence explaining the reasoning based solely on the
provided text.

4. Before output, verify that each question:
- arises from the current text;
- has an answer that is not yet known but could appear later;
- does not involve prediction or interpretation;
- focuses on story logic, action, motive, or missing factual information.

5. Append a chapter tag to the end of each question:
"question": "(Question text) (Chapter N)"

6. Output only a valid JSON array. The array must contain at least two distinct
question objects. Do not include explanations, Markdown code fences, or any text
outside the JSON array.

7. Use the key "guesses" rather than "answers". All string values in the JSON output
must be enclosed in double quotation marks.
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Table 14: Prompt template for reader raising new questions (Entropy computation step 2). (continued)

New Questions Raised (Entropy Computation Step 2, continued)

Required output format:
[

{
"question": "(Question text) (Chapter N)",
"guesses": [

{
"answer": "(Guess 1)",
"probability": 0.77,
"cognitive_difficulty": -1,
"analysis": "(Reason)"

},
{

"answer": "(Guess 2)",
"probability": 0.23,
"cognitive_difficulty": -1,
"analysis": "(Reason)"

}
]

}
]

### User Prompt
You are simulating a story-logic-focused reader with the following profile:
!<INPUT 0>!

You are reading Chapter !<INPUT 1>! of the novel "!<INPUT 2>!".

[Chapter-Related Information]
!<INPUT 3>!

Please follow the system rules and generate the JSON array of story-driven questions
and their answer guesses.
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Table 15: Prompt template for reader-specific immersion scale report.

Reader Immersion Collection
Variables:
!<INPUT 0>! -- Reader profile
!<INPUT 1>! -- Chapter index
!<INPUT 2>! -- Story title
!<INPUT 3>! -- Reader memory before the current chapter
!<INPUT 4>! -- Current chapter

### System Prompt
You are an advanced cognitive simulation model designed to behave like a human reader.

You must adopt the perspective, habits, emotions, and subjective reading
experiences specified by the reader profile.

Your task is to rate the reader's immersion after reading the current chapter. Act
strictly as a first-time reader:

- use no prior knowledge beyond the given reader memory and current chapter;
- make no assumptions about future plot events;
- use no external facts or meta-reasoning;
- base all ratings only on the reader profile, reader memory, and current chapter.

### Immersion Scale

Attention:
A1: When I finished the story, I was surprised to see that time had gone by so fast.
A2: When I was reading the story, I was focused on what happened in the story.
A3: I felt absorbed in the story.
A4: The story gripped me in such a way that I could close myself off from things

happening around me.
A5: I was reading in such a concentrated manner that I had forgotten the world around

me.

Transportation:
T1: When I was reading the story, it sometimes seemed as if I were in the story world

too.
T2: When reading the story, there were moments in which I felt that the story world

overlapped with my own world.
T3: The world of the story sometimes felt closer to me than the world around me.
T4: When I finished reading the story, it felt like I had taken a trip to the world of

the story.
T5: Because all of my attention went into the story, I sometimes felt as if I could

not exist separate from the story.

Emotional Engagement:
EE1: When I read the story, I could imagine what it must be like to be in the shoes of

the main character.
EE2: I felt sympathy for the main character.
EE3: I felt connected to the main character in the story.
EE4: I felt how the main character was feeling.
EE5: I felt for what happened in the story.

Mental Imagery:
MS1: When I was reading the story, I had an image of the main character in mind.
MS2: When I was reading the story, I could see the situations happening in the story

being played out before my eyes.
MS3: I could imagine what the world in which the story took place looked like.

24703



Table 15: Prompt template for reader-specific immersion scale report. (continued)

Reader Immersion Collection (continued)
### Rating Rules
1. Use a 7-point integer scale:

-3 = totally disagree,
-2 = strongly disagree,
-1 = somewhat disagree,
0 = neutral,
1 = somewhat agree,
2 = strongly agree,
3 = totally agree.

2. Each item must be assigned exactly one integer value from -3 to 3.

3. The dimensions and items are:
- Attention: A1, A2, A3, A4, A5
- Transportation: T1, T2, T3, T4, T5
- Emotional Engagement: EE1, EE2, EE3, EE4, EE5
- Mental Imagery: MS1, MS2, MS3

4. If the chapter feels incomplete, unclear, or weakly immersive, rate it naturally as
a first-time reader would.

5. Output only a valid JSON object. Do not include explanations, Markdown code fences,
or any text outside the JSON object.

Required output format:
{

"Attention": {
"A1": 0,
"A2": 0,
"A3": 0,
"A4": 0,
"A5": 0

},
"Transportation": {

"T1": 0,
"T2": 0,
"T3": 0,
"T4": 0,
"T5": 0

},
"Emotional Engagement": {

"EE1": 0,
"EE2": 0,
"EE3": 0,
"EE4": 0,
"EE5": 0

},
"Mental Imagery": {

"MS1": 0,
"MS2": 0,
"MS3": 0

}
}

### User Prompt
You are simulating a reader with the following profile:
!<INPUT 0>!

You are reading Chapter !<INPUT 1>! of the story "!<INPUT 2>!".

[Reader Memory]
!<INPUT 3>!
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Table 16: Prompt template for reader-specific insight-reflective scale report (Insight computation step 1).

Reader Insight Scale Self-report (Insight Computation Step 1)

[Current Chapter]
!<INPUT 4>!

Variables:
!<INPUT 0>! -- Reader profile
!<INPUT 1>! -- Chapter index
!<INPUT 2>! -- Story title
!<INPUT 3>! -- Reader memory before the current chapter
!<INPUT 4>! -- Current chapter

### System Prompt
You are an advanced cognitive simulation model designed to behave like a human reader.

You must adopt the perspective, habits, emotions, and subjective reading
experiences specified by the reader profile.

Your task is to rate the reader's insight after reading the current chapter. Act
strictly as a first-time reader:

- use no prior knowledge beyond the given reader memory and current chapter;
- make no assumptions about future plot events;
- use no external facts or meta-reasoning;
- base all insight ratings only on the reader profile, reader memory, and current

chapter.

### Insight Scale

Personal Insight:
PI1: Reading this chapter made me notice some details in my life that I usually

overlook.
PI2: In this chapter, I recognized certain emotions in my daily life that I often

ignore.
PI3: I felt that the characters or events in this chapter made me aware of my own

shortcomings.
PI4: I saw similarities between the character's experiences and my own situation.
PI5: Through this chapter, I re-examined some of my own motivations.
PI6: This chapter made it easier for me to understand and accept my more negative

emotions.
PI7: Reading this chapter gave me an urge to change my lifestyle.
PI8: As I gradually understood this chapter, it was because I could connect it to

concerns in my own life.
PI9: During the reading process, my emotions at one point made me see an unsettling or

troubling aspect of life.

Non-Personal Insight:
NPI1: This chapter helped me better understand people who are different from me.
NPI2: Reading this chapter gave me new insights into human nature and social events.
NPI3: This chapter made me understand some people whom I might usually overlook.
NPI4: This chapter taught me to more clearly identify certain types of people or

events.
NPI5: I felt that this chapter particularly highlighted certain morally significant

content.
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Table 16: Prompt template for reader-specific insight-reflective scale report (Insight computation step 1). (contin-
ued)

Reader Insight Scale Self-report (continued)

### Rating Rules
1. Use a 7-point integer scale:

1 = completely disagree,
2 = strongly disagree,
3 = somewhat disagree,
4 = neutral,
5 = somewhat agree,
6 = strongly agree,
7 = completely agree.

2. Each item must be assigned exactly one integer value from 1 to 7.

3. The dimensions and items are:
- PersonalInsight: PI1, PI2, PI3, PI4, PI5, PI6, PI7, PI8, PI9
- NonPersonalInsight: NPI1, NPI2, NPI3, NPI4, NPI5

4. If the chapter feels incomplete, unclear, or weakly reflective, rate it naturally
as a first-time reader would.

5. Output only a valid JSON object. Do not include explanations, Markdown code fences,
comments, or any text outside the JSON object.

Required output format:
{

"PersonalInsight": {
"PI1": 4,
"PI2": 4,
"PI3": 4,
"PI4": 4,
"PI5": 4,
"PI6": 4,
"PI7": 4,
"PI8": 4,
"PI9": 4

},
"NonPersonalInsight": {

"NPI1": 4,
"NPI2": 4,
"NPI3": 4,
"NPI4": 4,
"NPI5": 4

}
}

### User Prompt
You are simulating a reader with the following profile:
!<INPUT 0>!

You are reading Chapter !<INPUT 1>! of the story "!<INPUT 2>!".

[Reader Memory]
!<INPUT 3>!

[Current Chapter]
!<INPUT 4>!

Please provide the JSON insight rating.
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Table 17: Prompt template for reader-specific value-state collection (Insight computation step 2).

Reader Value-State Collection

Variables:
!<INPUT 0>! -- Reader profile
!<INPUT 1>! -- Story context or reader memory before the current paragraph
!<INPUT 2>! -- Current story paragraph

### System Prompt
You are an advanced cognitive simulation model designed to role-play a specific human

reader based on the reader profile.

Your task is to read the current story paragraph and evaluate how this specific text
influences the reader's current psychological state regarding core values.

### Role-Playing Instructions
1. Fully adopt the reader's background, personality, preferences, and biases specified

in the reader profile.

2. Do not simply output the reader's baseline values. Instead, rate how each value is
currently activated, challenged, weakened, or prioritized in the reader's mind
after reading the current paragraph.

3. Apply dynamic scoring:
- If the paragraph reinforces a value, assign a higher score to that value.
- If the paragraph challenges or violates a value, score the reader's current
reaction naturally: the reader may either prioritize that value more strongly or
feel that it is less relevant in the current context.

- If a value is not relevant to the current paragraph, fall back to the reader's
baseline tendency.

4. Use only the reader profile, story context, and current paragraph. Do not use
external knowledge or anticipate future events.

### Value Scale

Universalism:
Understanding, appreciation, tolerance, and protection for the welfare of all people

and nature.

Benevolence:
Preservation and enhancement of the welfare of people with whom one is in frequent

personal contact.

Tradition:
Respect, commitment, and acceptance of the customs and ideas that traditional culture

or religion provide.

Conformity:
Restraint of actions, inclinations, and impulses likely to upset or harm others or

violate social expectations and norms.

Security:
Safety, harmony, and stability of society, relationships, and self.

Power:
Social status and prestige, control or dominance over people and resources.

Achievement:
Personal success through demonstrating competence according to social standards.

Hedonism:
Pleasure and sensuous gratification for oneself.

Stimulation:
Excitement, novelty, and challenge in life.
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Table 17: Prompt template for reader-specific value-state collection (Insight computation step 2). (continued)

Reader Value-State Collection (continued)

Self-direction:
Independent thought and action, including choosing, creating, and exploring.

### Rating Rules
1. Use a 7-point integer scale:

1 = completely unimportant or strongly disagree in this context,
2 = mostly unimportant or disagree,
3 = slightly unimportant or somewhat disagree,
4 = neutral,
5 = slightly important or somewhat agree,
6 = important or agree,
7 = extremely important or strongly agree in this context.

2. Each value dimension must be assigned exactly one integer value from 1 to 7.

3. The rating should reflect the reader's current state of mind after reading the
current paragraph, not a stable personality score.

4. Output only a valid JSON object. Do not include explanations, Markdown code fences,
comments, or any text outside the JSON object.

Required output format:
{

"Universalism": 4,
"Benevolence": 4,
"Tradition": 4,
"Conformity": 4,
"Security": 4,
"Power": 4,
"Achievement": 4,
"Hedonism": 4,
"Stimulation": 4,
"Self-direction": 4

}

### User Prompt
[Reader Profile]
!<INPUT 0>!

[Story Context / Reader Memory]
!<INPUT 1>!

[Current Story Paragraph]
!<INPUT 2>!

[Instruction]
Based on the reader profile, story context, and current story paragraph, provide JSON

ratings that reflect the reader's current state of mind regarding the value
dimensions.
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Table 18: Prompt template for reader-specific baseline value rating (for Insight computation step 0).

Reader Baseline Value Rating (for Insight Computation Step 0)

Variables:
!<INPUT 0>! -- Reader profile

### System Prompt
Assume you are a reader with the given reader profile. Your task is to rate the reader

's baseline value orientation according to the profile.

### Value Scale

Universalism:
Caring for all people and supporting harmony between humanity and nature.

Benevolence:
Caring for and helping people who are personally close to the reader.

Tradition:
Maintaining customs, respecting religion or inherited cultural norms, and staying

humble.

Conformity:
Following rules, respecting elders, avoiding wrongdoing, and restraining actions that

violate social expectations.

Security:
Valuing stability, safety, social order, and health protection.

Power:
Seeking control over others, leadership, social status, and influence.

Achievement:
Pursuing success, demonstrating ability, and gaining recognition.

Hedonism:
Enjoying life's pleasures, happiness, and self-satisfaction.

Stimulation:
Seeking novelty, adventure, challenge, and exciting experiences.

Self-direction:
Valuing free choice, independent thought, and autonomy in life and goals.

### Rating Rules
1. Use a 7-point integer scale:

1 = completely disagree,
2 = strongly disagree,
3 = somewhat disagree,
4 = neutral,
5 = somewhat agree,
6 = strongly agree,
7 = completely agree.

2. Each value dimension must be assigned exactly one integer value from 1 to 7.

3. Score strictly based on the reader profile, not on general human tendencies.

4. If a value dimension conflicts with the reader profile, assign it a lower score.

5. If a value dimension aligns with the reader profile, assign it a higher score.

6. Output only a valid JSON object. Do not include explanations, Markdown code fences,
comments, or any text outside the JSON object.
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Table 18: Prompt template for reader-specific baseline value rating (for Insight computation step 0). (continued)

Reader Baseline Value Rating (continued)

Required output format:
{

"Universalism": X,
"Benevolence": X,
"Tradition": X,
"Conformity": X,
"Security": X,
"Power": X,
"Achievement": X,
"Hedonism": X,
"Stimulation": X,
"Self-direction": X

}

### User Prompt
You are going to act as the following reader:
!<INPUT 0>!
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Table 19: Prompt for LLM-based score

Prompt for LLM-based score

Variables:
!<INPUT 0>! -- Story Condition
!<INPUT 1>! -- Story Q7K
!<INPUT 2>! -- Story M3P

<commentblockmarker>###</commentblockmarker>
You will conduct a side-by-side evaluation. You will be given two system-generated

stories under the same story condition. Your task is to compare the two stories
and determine which one performs better based on the following dimensions.

Important evaluation principles:
- Judge the stories from the perspective of a reader's experience, not merely from the

presence of textual features.
- Evaluate each dimension independently. Do not first decide which story is better

overall and then copy that preference to all dimensions.
- A story may perform better on one dimension and worse on another.
- Do not reward plot completeness, worldbuilding, thematic clarity, or general writing

quality unless the current dimension directly asks for it.
- Do not reward exaggerated emotion, artificial suspense, decorative description, or

explicit moralizing unless it genuinely improves the specified reader experience.
- Use "Same" when neither story has a clear advantage in the specific dimension.

1. Narrative Craft Quality:
This metric evaluates the story's causal coherence, character motivation, scene

progression, thematic integration, and narrative completeness. This is the only
dimension where overall plot structure and completeness should be considered. A
stronger story should present believable character motivations, clear cause-and-
effect progression, meaningful development, and a theme that emerges naturally
through events and consequences.

2. Emotional Resonance:
This metric evaluates the reader's emotional experience while reading the story. Focus

on the reader's emotional trajectory, including shifts among fear, hope, guilt,
hesitation, betrayal, loss, relief, or resolve. A stronger story should create
emotional involvement through credible character situations, meaningful choices,
and consequential events. Do not reward exaggerated emotional wording unless it
creates a natural and sustained reader experience.

3. Suspense:
This metric evaluates the reader's curiosity, uncertainty, tension, and anticipation

during the reading process. Focus on meaningful unresolved questions about trust,
choices, hidden motives, risks, and consequences. A stronger story should make the
reader actively wonder what will happen next through character decisions,

information gaps, conflicting motives, and coherent stakes. Do not reward action,
danger, confusion, or withheld facts alone unless they increase reader
anticipation.

4. Immersive Engagement:
This metric evaluates the reader's sense of absorption, attention, and presence in the

story. Focus on concrete situations, stable perspective, sensory pressure,
spatial presence, and moment-to-moment involvement in the characters' experiences.
A stronger story should make the reader feel close to the scene and mentally

involved in what the characters are experiencing. Do not reward broad
worldbuilding or decorative description unless it directly increases scene-level
absorption.

5. Reflective Insight:
This metric evaluates the reader's post-reading reflection and sense of meaning. Focus

on reflection about human choices, relationships, values, identity,
responsibility, complicity, loyalty, sacrifice, or social pressure. A stronger
story should encourage deeper thought through conflicts and consequences. Do not
reward direct explanation, abstract preaching, moral slogans, or thematic clarity
alone.
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Table 19: Prompt for LLM-based score

Prompt for LLM-based score (continued)

Given the following story condition:
!<INPUT 0>!

---

[Story Q7K]
!<INPUT 1>!

---

[Story M3P]
!<INPUT 2>!

---
Please evaluate the two stories based on the five dimensions above.

For each dimension, choose exactly one of the following labels:
- "M3P" if Story M3P performs better on that dimension.
- "Q7K" if Story Q7K performs better on that dimension.
- "Same" if neither story has a clear advantage on that dimension.

Important independence check before output:
- Make each decision dimension by dimension.
- Do not copy the winner from one dimension to another.
- Do not first decide which story is better overall and then assign that story to all

dimensions.
- A story may be better in narrative craft but worse in suspense, immersion, emotion,

or reflective insight.
- If all five dimensions receive the same label, this must be because that story is

independently stronger on all five dimensions.
- Do not artificially diversify the labels. Use different labels only when the

evidence supports different winners across dimensions.

Return the output in the following JSON format:

```json
{

"narrative_quality": "M3P or Q7K or Same",
"emotional_resonance": "M3P or Q7K or Same",
"suspense": "M3P or Q7K or Same",
"immersive_engagement": "M3P or Q7K or Same",
"reflective_insight": "M3P or Q7K or Same"

}
```
Please ensure that the output can be read by Python's JSON library. You only need to

respond with that code block portion, without any additional content.

Output in JSON format:
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