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Abstract

Multi-chapter novel generation requires mod-
els to balance two quality dimensions simul-
taneously: chapter-level reader engagement
and global narrative rhythm. Existing ap-
proaches have mainly focused on planning,
memory, and execution, while paying limited
attention to the mismatch between training sig-
nals and reader experience. We propose Chap-
terRL, which reformulates multi-chapter gen-
eration as a reward design problem. Specifi-
cally, ChapterRL introduces two complemen-
tary reward signals. Reading Depth Resid-
ual (RDR) derives debiased chapter-level qual-
ity signals from reader continuation and com-
pletion behavior through genre—position strat-
ified normalization. Dynamic Rhythm Tra-
jectory (DRT) uses an arousal estimator to im-
pose a threshold-gated penalty on systematic
rhythm collapse in the later part of a story. The
two signals correspond to chapter attractive-
ness and global narrative momentum, and are
jointly integrated into reinforcement learning
training. We evaluate the full ChapterRL pol-
icy on three automatic benchmarks and sepa-
rately validate its RDR reward model on task-
aligned narrative domains of the Chinese Writ-
ingPreferenceBench. Results show that Chap-
terRL improves chapter quality and rhythm sta-
bility over supervised fine-tuning and single-
reward variants, while RDR exhibits strong
narrative preference alignment as an efficient
scalar reward model.Code is available at Chap-
terRL.

1 Introduction

Multi-chapter novel generation lies at the inter-
section of long-form language modeling and nar-
rative understanding. Unlike single-turn creative
writing, it requires a model to maintain two in-
dispensable forms of quality over thousands of to-
kens and across multiple chapters: chapter-level
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engagement, where each chapter must be suf-
ficiently compelling to motivate continued read-
ing, and global narrative rhythm, where the en-
tire story must sustain coherent emotional tension,
pacing, and forward momentum. Recent progress
includes improved outline control (Yang et al.,
2023; Chung et al., 2022), pacing-oriented plan-
ning (Wang et al., 2023a), retrieval-augmented
generation (Wen et al., 2023), and hierarchical sys-
tems with memory and critique (Wang et al., 2025;
Bae and Kim, 2024; Xiong et al., 2025). These ap-
proaches mainly advance generation through bet-
ter planning, memory, and execution.

However, the deeper bottleneck is the mismatch
between training signals and reader experience. A
chapter can be coherent yet unengaging, or a story
can be structurally sound but lose emotional mo-
mentum. Tian et al. (2024) provide a systematic
analysis of LLM-generated narratives, showing
that narrative arousal tends to decline in later story
segments—a trajectory-level failure mode that cur-
rent planning methods do not directly optimize.
Meanwhile, LL.M-as-a-judge methods are vulner-
able to calibration bias and reward hacking in sev-
eral settings (Gu et al., 2025; Zhao et al., 2026;
Badshah and Sajjad, 2025).

To address these limitations, we propose Chap-
terRL, a chapter-aware reinforcement learning
framework that explicitly reformulates multi-
chapter novel generation as a reward design prob-
lem. Our core observation is that naturally occur-
ring reader behavior on large-scale online fiction
platforms contains rich chapter-level signals rele-
vant to narrative quality. When these signals are
extracted with principled debiasing, they become
a scalable source of supervision. ChapterRL intro-
duces two complementary reward signals. Read-
ing Depth Residual (RDR) is a behavior-driven
chapter-level reward constructed from reader con-
tinuation and completion behavior. It combines
continuation rate and completion rate, then re-
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moves systematic genre and chapter-position con-
founds by stratified z-score normalization, yield-
ing a measure of excess narrative attractiveness.
This signal answers the chapter-level question: is
this chapter compelling enough to sustain contin-
ued reading?

Dynamic Rhythm Trajectory (DRT) specifi-
cally targets the later-story arousal decline identi-
fied by Tian et al. (2024). We first use DeepSeek-
R1 as a teacher to annotate chapter-level arousal,
distill these annotations into a lightweight Arousal
Scorer, and then penalize chapters whose arousal
falls substantially below the recent local mean.
This threshold-gated design distinguishes normal
narrative valleys from systematic rhythm collapse.
DRT answers the story-level question: does the
story experience a systematic loss of emotional ve-
locity during unfolding ?

The two signals are normalized within each
prompt group and directly combined as the train-
ing reward. Our contributions are threefold:

1. We propose a dual-level narrative reward
framework that is extensible beyond chap-
ters to any ordered narrative segments, broad-
ening its applicability to multi-stage creative
writing.

2. We design a behavior-based debiased re-
ward construction method (RDR) that con-
verts large-scale reader continuation behav-
ior into scalable chapter-level reward super-
vision.

3. We show empirically that ChapterRL im-
proves narrative-specific benchmarks and
strongly reduces late-story collapse, while
RDR exhibits strong task-aligned preference
accuracy on the Fiction and Scriptwriting do-
mains of Chinese WritingPreferenceBench.
Together with a segment-granularity ablation,
these results suggest that ChapterRL is not
limited to explicit chapter headers but can ex-
tend to multi-stage narrative writing.

2 Related Work

Reward Design for Creative Writing. The
paradigm for improving creative text generation
has been shifting from architectural innovations in
planning and memory (Yang et al., 2023; Wang
et al., 2025; Yi et al., 2025; Xia et al., 2025;
Wan et al., 2025) to the sophisticated design of
reward functions for reinforcement learning (Yin

et al., 2025; Gurung and Lapata, 2025). Recent
works like LongWriter-Zero (Wu et al., 2026) and
Writing-RL (Lei et al., 2026) leverage composite
rewards that combine metrics for general writing
quality, length, and formatting. While effective,
these frameworks target generic virtues like flu-
ency and coherence (Liao et al., 2025), not the spe-
cific demands of multi-chapter fiction: sustained
chapter-level engagement and coherent long-range
narrative rhythm.

Limitations of Conventional Reward Sources.
The dominant approaches for sourcing reward sig-
nals in creative writing face significant limitations.
Human Preference-Based Reward Models, trained
on pairwise comparisons (Ziegler et al., 2020; Cas-
tricato et al., 2022), are a standard approach. They
effectively capture nuanced aspects of writing
quality but suffer from high cost, limited scalabil-
ity, and a tendency to converge towards "safe" pref-
erences, stifling novelty. Alternative formulations,
such as verifiable reward shaping (Jia et al., 2025)
and LLM-as-a-Judge with generative rewards (Li
et al., 2026; Lai et al., 2024), have emerged to
improve scalability. These methods use power-
ful LLMs to provide scores or detailed critiques,
sometimes enhanced by structured rubrics. How-
ever, their reliability for long-form narrative eval-
uation is questionable. They are susceptible to
systemic biases (e.g., position, verbosity) and of-
ten prioritize surface-level fluency over deep nar-
rative substance (Gu et al., 2025; Ye et al., 2025;
Xiao et al., 2025). Crucially, they struggle to
track and penalize cumulative, long-horizon degra-
dations such as the gradual collapse of narrative
momentum (see also (Guo et al., 2026) for an anal-
ysis of collapse in training dynamics), a key prob-
lem ChapterRL addresses.

User Behavior as a Debiased Reward Signal.
A less-explored but promising alternative is to
derive rewards from large-scale, natural user be-
havior, which reflects genuine reader experience
(Toubia et al., 2021). ChapterRL follows this di-
rection by converting large-scale reader behavior
into debiased chapter-level reward supervision. Its
Reading Depth Residual (RDR) component dis-
tills a clean signal of chapter-level narrative attrac-
tiveness, building on complementary frameworks
for measuring reader engagement and psychologi-
cal depth in narratives (Harel-Canada et al., 2024;
Schmidt et al., 2023; Park and Kim, 2024). The
Dynamic Rhythm Trajectory (DRT) component
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Figure 1: Overview of the ChapterRL framework. Given a multi-chapter novel prompt, the policy generates G
structured responses, each segmented into an ordered chapter sequence (71, ...,7¢). Reading Depth Residual
(RDR) first constructs debiased chapter-level targets from reader continuation and completion behavior through
genre—position stratified normalization. It then scores each target chapter using an M-chapter sliding window,
predicting a scalar reward for the final chapter. Dynamic Rhythm Trajectory (DRT) suppresses systematic
arousal decline through a threshold-gated local-window penalty, yielding Rprr. The two signals are separately
normalized within each prompt group, fused as the final reward, and used for GRPO training of the policy model,

with a format check to enforce valid multi-chapter outputs.

further penalizes systemic arousal decline in later
story stages, a narrative-specific failure mode that
generic quality rewards do not directly capture.

3 Method

ChapterRL is a chapter-aware reinforcement learn-
ing framework for multi-chapter novel generation,
where the reward unit is an ordered narrative seg-
ment and defaults to a natural chapter.

We decompose narrative quality into two com-
plementary signals: Reading Depth Residual
(RDR), derived from debiased continuation and
completion behavior, and Dynamic Rhythm Tra-
jectory (DRT), which penalizes later-story arousal
collapse. All models and signals in this paper op-
erate on Chinese text. Reader-behavior logs are
collected from a proprietary Chinese online read-
ing platform.

3.1 Problem Formulation

Let D = {q¢;} denote a set of story-writing
prompts. A policy model 7y generates a structured
response y. We use a segmentation function Sy to
convert the response into an ordered sequence of

narrative units:
(D

where /¢ denotes the segmentation granularity, 7;
is the j-th generated narrative unit, and C is
the number of units after segmentation. In the
chapter-structured configuration, / = CHAPTER
and the units are natural chapters segmented by
the instructed Chinese chapter headers, rendered
as “Chapter 17, “Chapter 27, etc. in the English
translation. More generally, ¢ can also correspond
to fixed-length text blocks, such as 200-, 500-, or
1000-character segments. We train the policy us-
ing Group Relative Policy Optimization (GRPO)
(Shao et al., 2024).

Se(9) = [F1,...,7¢),

3.2 Reading Depth Residual
3.2.1 Behavioral data and quality proxies

We construct RDR labels from private reader-
behavior logs collected from a large-scale on-
line reading platform. The dataset contains over
20,000 web novels, 2 million chapters, and more
than 10 million user reading interactions. From
these logs, we construct over 700,000 RDR-
labeled samples. For each story i, let C; denote
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its number of chapters. For each reader whose
terminal chapter is ¢, the data records the read-
ing depth within that terminal chapter, denoted
dyt € [0,1]. We use this terminal reading depth
to construct a binary completion indicator for the
terminal chapter: readers who finish the terminal
chapter are counted as completed, while readers
who leave before finishing it are counted as not
completed. From these logs, we derive N; 4, the
number of readers reaching chapter ¢ in story 1.
We set N; ¢,+1 = 0 and define
Dit = Nit — Nigr1, 1<t<G,

where D; ; is the number of readers whose termi-
nal chapter is t. Let F;; denote the number of
these terminal readers who finish chapter ¢ accord-
ing to terminal reading depth. We compute labels
only for chapters with N; ; > 0.

The continuation rate captures inter-chapter
decision behavior:

Nit+1

Ly =
b
’ Ni

1<t < 2)

The completion rate captures within-chapter
depth behavior among terminal readers and is de-

fined when terminal readers are observed:
Fiy
Pi=-—

D;; > 0.
s Di,t7 2,

3

When D; ; = 0, completion is unobserved; in the
combined proxy below, the chapter quality proxy
falls back to continuation.

We combine the observable signals into a raw
chapter-level quality proxy as

aLi,t =+ (1 — Q)Pi,tv
Ly,
-F)’i,ta

t < CZ', Dm > 0,
t <G, Diy =0,
t=C;

Qit =

4
where o« € [0,1] controls the trade-off be-
tween cross-chapter continuation and within-
chapter completion. A larger o emphasizes inter-
chapter reading momentum, while a smaller «
emphasizes local chapter completion. We set
a = 0.7, which emphasizes inter-chapter contin-
uation while retaining completion-based satisfac-
tion signals. Sensitivity results are provided in Ap-
pendix A.

3.2.2 Stratified debiasing normalization

Raw engagement signals contain two major con-
founds: chapter-position effects and genre-
popularity effects. For example, first chapters nat-
urally receive higher continuation rates than late
chapters, and popular genres may receive stronger
engagement regardless of chapter quality. We
therefore apply genre—position stratified z-score
normalization:

Qit — Hp(ip)
maX{Ub(i,t), €}’

d; = clip ( -3, 3) )
where b(7,t) denotes the selected normalization
bucket: the genre—position bucket when it con-
tains at least 30 samples, and the global position
bucket otherwise. fuy(; ) and oy(; ¢y are the mean
and standard deviation of ();; values in bucket
b(i,t), €, > 0 prevents division by zero, and
clip(z, —3, 3) truncates x to [—3, 3].

3.2.3 Reward model

We train RDR as a pointwise regression reward
model to preserve the magnitude of the continu-
ous residual label Su and reduce reward inference
to one forward pass per candidate response.

M -chapter sliding-window scoring. For each
story ¢ with chapters (Ch; 1, ..., Ch; ¢,), we con-
struct one reward-model instance for every tar-
get chapter . Let M denote the sliding-window
length. The input window contains the previous
M — 1 chapters and the target chapter:

k<1,
k>1
(6)

Here [CHAPTER] is a chapter separator and
(empty) is an empty padding placeholder. Early
chapters are padded with empty slots to maintain
a consistent window size.

The RDR reward model takes the M -chapter
window as input and predicts a single scalar score
for the final target chapter:

i\ — [CHAPTER] (empty),
“* 7\ [CHAPTER] Ch,

A M
Qs = RDR(X(}"), )
where Qi,t is the predicted debiased attractiveness
score of chapter ¢. The model is trained to regress
the debiased reader-behavior label d; ;:

1

T Z Huberq 5 (ta - 5i,t> , (8)

(i,6)eT

LRDR =
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where 7 denotes the set of target chapters and
Huberg 5 is the Huber loss with transition point
0.5. We use M = 3 in the final configuration, with
sensitivity results reported in Appendix A.

At inference time, we apply the same sliding-
window construction to the generated chapter se-
quence, and let Qj = RDR(X' j(M) ) denote the
predicted score of the j-th generated target chap-
ter, where X ](]V[) is its M-chapter generated win-
dow. For valid segmented outputs with C' > 1,
the story-level RDR reward is the average target-
chapter score:

c
1 .
Rrpr(9) = ol E Qj- ©)
=1

3.3 Dynamic Rhythm Trajectory
3.3.1 Arousal annotation and distillation

We first obtain offline chapter-level arousal labels
using DeepSeek-R1 (Guo et al., 2025). For each
chapter, the teacher follows a two-step annota-
tion procedure: it first identifies the protagonist
or central viewpoint character, and then extracts
English emotion adjectives that trace the protag-
onist’s emotional transitions. These descriptors
are mapped to the NRC-VAD lexicon (Moham-
mad, 2018) and averaged over the arousal dimen-
sion to obtain a teacher label a; € [0,1]. The
exact Chinese prompt templates used for protag-
onist detection and protagonist-centered emotion
extraction are provided in Appendix C. The NRC-
VAD lexicon provides human-annotated valence,
arousal, and dominance scores (each in [0, 1]) for
over 20,000 English words, constructed via best—
worst scaling.

To support online RL training, we distill these
teacher-derived labels into a lightweight Arousal
Scorer (AS). The distilled scorer achieves strong
agreement with human annotations on a held-out
test set of 363 books, with MAE = 0.084, Pear-
son r = (.78, and Spearman p = (0.76. Detailed
validation protocol is provided in Appendix C.

3.3.2 Reward formulation

Although we describe DRT using chapter terminol-
ogy for the chapter-structured configuration, the
formulation only requires the ordered sequence
S¢(9). Thus, a; = AS(7) € [0, 1] denotes the
Arousal Scorer output for the ¢-th narrative unit,
which can be either a natural chapter or a fixed-
length segment in the granularity ablation.

Algorithm 1 DRT module pipeline

Require: Chapter sequence {rt}tC:l, local window K,
threshold 7
Ensure: Story-level DRT reward Rprr ()
1: Use DeepSeek-R1 to identify the protagonist and extract
protagonist-centered English emotion adjectives
2: Map the adjectives to NRC-VAD arousal values and av-
erage them into offline chapter-level labels a
3: Distill these labels into an Arousal Scorer on Chinese
chapter text
4: Use the Arousal Scorer to predict chapter arousal scores
at for generated story

5: fort=2,3,...,Cdo

6: Compute the local mean a+— x.:—1 and gated penalty
pr = max(0,Gt—xg:t—1 — at — T)

7: end for

8: if C < 2 then

9: Return 0

10: else

11: Return Rprr () = — 55 ZtCZQ Dt

12: end if

For the ¢-th narrative unit with ¢ > 2, given
local-window length K and threshold 7, the gated
DRT penalty is

pt = max (0, ay—g:4—1 — ar — T) , (10)

where the local mean over the previous K units is
t—1

. 1 E
At—Kit—1 = m - (1,t—K) v
J—max(Ll,l—
(11)

The story-level DRT reward is the normalized neg-
ative mean penalty:

c
_ﬁ dteabt, C 22,

(12
0, c—1 ¥

Rprr(9) = {

The threshold 7 is critical, as it penalizes only
significant arousal drops, thus preserving natural
narrative variations rather than forcing monotonic
high intensity.

3.4 Unified Reward and Training

Because RDR and DRT operate on different scales,
we standardize each component within the same
prompt group. For a prompt group {7(™}¢_,
and reward component x € {RDR, DRTY, let p
and o,; denote the mean and standard deviation of
{R,(5™)}% _,. We define

>, Rn@(m)) — Uk

(m) _
k Ok + € (13)

K

where € > 0 is a small constant for numerical sta-
bility. The final reward for valid outputs is

Reward (™) = R{™L + RI . (14)
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This separate standardization makes the two com-
ponents comparable without additional fusion
weights.

Format penalty. In the main chapter-structured
setting, we parse each generated response for
the instructed chapter-header pattern, rendered as
“Chapter 17, “Chapter 27, etc. in the English trans-
lation. If fewer than two chapters are detected—
i.e., the model fails to follow the instructed multi-
chapter format—we apply a fixed format penalty
of —1.0 in place of the composite reward, strongly
discouraging unstructured outputs. For fixed-
length segment ablations, segmentation is per-
formed after generation by character count, so the
chapter-header format penalty is applied only to
the main chapter-structured setting.

4 Experiments

We organize the empirical evaluation into three
parts: datasets, training setup, and benchmarks
and baselines.

4.1 Datasets

For RL training, we use a self-instruct paradigm
with an LLM to generate 840 story synopses
across 12 genres. Each synopsis is wrapped with
one of two writing templates: 85% use the long
prompt template and 15% use the short prompt
template. Both templates require a multi-chapter
format and a complete emotional arc, forming the
final GRPO training set. (Wang et al., 2023b)

For reward construction, RDR is trained on
chapter-level reader-behavior labels derived from
continuation and completion statistics from a pri-
vate fiction platform, while the Arousal Scorer is
trained on DeepSeek-derived chapter-level arousal
labels. The latter is used only to instantiate the
DRT reward during RL. Detailed data statistics are
provided in Appendix E.

4.2 Training Setup

RL training uses GRPO (Shao et al., 2024) with
Qwen3-8B (Yang et al., 2025) as the policy model,
G = 8, batch size 32, KL penalty coefficient
£ = 0.01, maximum generation length 32,000
tokens, and 3 training epochs (approximately 80
policy update steps). We also report a Qwen3-
32B ChapterRL run under the same reward design
for scaling comparison. The RDR reward model
is trained as a pointwise scalar scorer on chapter-
level reader-behavior residual labels. It uses the

same M -chapter sliding-window construction de-
scribed above, with empty-prefix padding for early
chapters and a single supervision label for the final
target chapter.

The Arousal Scorer uses Qwen3-8B with LoRA
adapters (r = 16, arora = 32, dropout 0.05, ap-
plied to attention query/value projections), trained
for 5 epochs on DeepSeek-derived chapter-level
arousal labels. For DRT, we use gating threshold
7 = 0.05 and local-window length K = 3. Both
RDR and AS are frozen during RL. Metrics for
trainable settings are averaged over three random
seeds.

4.3 Benchmarks and Baselines

To evaluate multi-chapter novel generation, we
use three automatic benchmarks for the final pol-
icy and one external preference benchmark for
reward-model validation. The automatic bench-
marks include Arena-Hard v2.0 Creative Writing
(AH-CW), WebNovelBench, and WritingBench
(Li et al., 2025; Lin et al., 2025; Wu et al., 2025).
All three automatic benchmarks use Claude-4-
Sonnet as the evaluation model.

In addition, we evaluate the RDR reward model
on the Chinese subset of WritingPreferenceBench
(WPB) (Ying et al., 2026). Since RDR is designed
to estimate chapter-level narrative attractiveness
rather than general-purpose writing quality, we fo-
cus on the Fiction and Scriptwriting domains as
task-aligned narrative slices. We use the published
Chinese reward-model results from WPB as com-
parison baselines. This WPB evaluation validates
the reward model itself, rather than the final Chap-
terRL policy.

Our baselines include strong proprietary mod-
els (GPT-40 (OpenAl et al., 2024) and Gemini-
2.5-Pro (Comanici et al., 2025) under zero-shot
prompting), standard backbone baselines (Qwen3-
8B/32B zero-shot and Qwen3-8B + SFT), and two
Qwen3-8B single-component ablations (GRPO +
RDR only and GRPO + DRT only), together
with the full Qwen3-32B ChapterRL setting (Yang
etal., 2025). As generic RL references, we include
reported WritingBench scores from RLMR (Liao
et al., 2025), Writing-Zero (Jia et al., 2025), and
LongWriter-Zero (Wu et al., 2026).

For all three benchmarks, we generate and
evaluate one response per prompt and use a
two-stage generation—evaluation pipeline. AH-
CW contains 250 Chatbot Arena creative-writing
prompts and reports pairwise win rate against
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Model Method Benchmark Quality Collapse Metrics
AH-CW 1T  WebNovel T WritingBench © LC Rate | 2H Drop |

Closed-source LLMs
GPT-40 Zero-shot 72.4 3.54 7.97 - -
Gemini-2.5-Pro Zero-shot 90.8 4.49 8.09 - -
Other related work
Qwen2.5-32B GRPO + Writing RM - - 7.05 - -
Qwen3-8B RLMR - - 8.13 - -
Qwen3-32B Writing-Zero - - 8.29 - -
Qwen2.5-32B LongWriter-Zero - - 8.69 - -
Open-source baselines
Qwen3-8B Zero-shot 18.1 3.37 7.05 513 0.053
Qwen3-8B SFT 23.8 3.52 7.24 49.2 0.047
Qwen3-32B Zero-shot 49.8 4.59 7.49 52.1 0.049
ChapterRL variants
Qwen3-8B GRPO + RDR only 47.6 4.61 7.61 38.8 0.032
Qwen3-8B GRPO + DRT only 50.1 4.53 7.65 18.7 0.024
Qwen3-8B GRPO + RDR + DRT 52.8 4.73 8.01 15.0 0.011
Qwen3-32B GRPO + RDR + DRT 70.6 4.81 8.36 8.1 0.01
Real novels (reference) - - - 1.3 0.008

Table 1: Main results. AH-CW is evaluated on the Creative Writing subset of Arena-Hard v2.0 (Li et al., 2025), us-
ing pairwise win rate (%) against responses generated by gemini-2.0-flash (50% indicates tie). WebNovelBench
reports the overall narrative-quality score (Lin et al., 2025). WritingBench reports the overall writing-quality score
on a 0-10 scale over the full benchmark (Wu et al., 2025). All automatic benchmark evaluations for our reported
baselines and ChapterRL variants use Claude-4-Sonnet as the evaluator. Results for the closed-source baselines,
Qwen3 zero-shot baselines, SFT baseline, and ChapterRL variants are obtained under the same evaluation pro-
tocol. RLMR, Writing-Zero, and LongWriter-Zero rows are external WritingBench reference results reported in
their original papers and are not reproduced under our unified protocol. LC Rate is the fraction of stories with
significant late-stage collapse (%), and 2H Drop is the arousal drop from the first half to the second half. Results
for our own trainable models are averaged over three random seeds unless otherwise specified.

gemini-2.0-flash-001, providing an open-
ended preference test independent of our rewards.
WebNovelBench, built from over 4,000 Chinese
web novels, scores eight narrative dimensions on
1-5 scales and aggregates them using PCA; the re-
ported overall narrative-quality score ranges from
1 to 5. WritingBench contains 1,000 Chinese and
English tasks across six domains and 100 subdo-
mains, each evaluated using five instance-specific
1-10 criteria whose scores are averaged. Train-
ing prompts require a valid multi-chapter struc-
ture but do not fix the chapter count. On the 48
held-out prompts used for human evaluation (Sec-
tion 5.3), Qwen3-8B ChapterRL generates an av-
erage of 18.48 detectable chapter segments and
9,183.3 Chinese characters per response, corre-
sponding to approximately 9k—12k tokens.

5 Analysis Experiments

This section analyzes ChapterRL from multiple an-
gles: generation quality, rhythm stability, human
preference, reward-model alignment, and robust-
ness to design choices. We also examine training
dynamics to detect potential reward hacking.

5.1 Main Results

Table 1 presents the main results. Among Qwen3-
8B variants, ChapterRL achieves the best overall
performance, reaching 52.8 on AH-CW, 4.73 on
WebNovelBench, 8.01 on WritingBench, 15.0%
LC Rate, and 0.011 2H Drop.

Compared with Qwen3-8B zero-shot, Chap-
terRL improves by +34.7 on AH-CW, +1.36 on
WebNovelBench, and +0.96 on WritingBench.
Compared with Qwen3-8B + SFT, the gains are
+29.0, +1.21, and +0.77. RDR-only gives the
stronger WebNovelBench score, while DRT-only
gives stronger collapse mitigation; combining
them yields the best Qwen3-8B results across all
reported metrics.

Qwen3-8B  ChapterRL also outperforms
Qwen3-32B zero-shot on all three benchmark-
quality metrics. With the same reward design,
Qwen3-32B ChapterRL further reaches 70.6 on
AH-CW, 4.81 on WebNovelBench, and 8.36 on
WritingBench.

WritingBench is a benchmark that includes a
diverse range of creative text types. Since Chap-
terRL specializes in writing with chapter-based
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structures, its performance on WritingBench is
less prominent. In contrast, WebNovelBench is
a benchmark focused purely on novel writing,
where ChapterRL demonstrates a more outstand-
ing performance.

We further analyze robustness across judge
models and a non-Qwen backbone in Appendix F.

5.2 Later-Story Collapse Analysis

Table 1 and Figure 2 show that DRT directly
improves late-stage rhythm stability. Qwen3-8B
zero-shot has 51.3% LC Rate and 0.053 2H Drop.
RDR-only reduces them to 38.8% and 0.032,
while DRT-only reduces them further to 18.7%
and 0.024. The full ChapterRL model obtains the
best generated-story collapse metrics, with 15.0%
LC Rate and 0.011 2H Drop.

0.66

midpoint

0.62 W/v—/\/\/\-\/\_\ﬁ/v
0.60
0584

— Quen3-88 Zero-shot

Quen3-88 GRPO + RDR only

0.52 { — Quen3-88 GRPO + DRT only
— Quen3-88 ChapterRL

Arousal score

0.0 0.2 0.4 0.6 0.8 1.0
Normalized chapter position after tail truncation

Figure 2: Arousal trajectories over normalized chapter
position after tail truncation. ChapterRL maintains the
most stable generated trajectory, while zero-shot shows
the clearest late-stage decline. Shaded regions denote
=£2 standard errors.

5.3 Human Evaluation

We conduct a blind human evaluation to vali-
date the automatic metrics. Six native Chinese
annotators—three frequent novel readers and three
without regular reading habits—were trained on a
rubric. We sampled four held-out prompts from
each of 12 genres (48 total) and evaluated four
systems: Qwen3-8B + SFT, GRPO + RDR only,
GRPO + DRT only, and ChapterRL (RDR + DRT).
Each output was rated on Instruction Following,
Content Quality, and Overall Performance. Con-
tent Quality covers chapter engagement, plot ten-
sion, chapter structure, cross-chapter coherence,
and late-stage narrative progression. Two annota-
tors independently scored each output; a third ad-
judicated differences greater than one point.

The combined ChapterRL model achieves the
best results across all dimensions, with 4.31 mean
instruction following (87.5% satisfactory), 4.02

mean content quality (93.8% satisfactory), and
4.04 mean overall performance (93.8% satisfac-
tory). RDR-only is slightly stronger on Content
Quality, whereas DRT-only is slightly stronger
on Overall Performance, supporting their comple-
mentarity. Full results and scoring anchors are pro-
vided in Appendix G.

5.4 RDR Reward Model Validation

Table 2 analyzes whether genre—position strati-
fied normalization reduces chapter-position bias
in RDR. We report the absolute Spearman corre-
lation between chapter position and RDR score,
together with the downstream WebNovelBench
score.

Condition |ppos| 4+ WebNovel 1
w/0 norm. 0.35 4.38
w/ norm. (Ours) 0.06 4.61

Table 2: Position-bias analysis of the RDR reward.
|ppos| is the absolute Spearman correlation between
chapter position and RDR score; lower values indicate
weaker position bias. The WebNovelBench score of
the normalized setting is copied from the Qwen3-8B +
GRPO + RDR-only result in Table 1.

We further evaluate RDR on the Chinese WPB
Fiction and Scriptwriting domains, which are most
aligned with multi-stage narrative generation. Ta-
ble 3 reports the results.

On the task-aligned WPB narrative domains,
RDR achieves 75.3 on Fiction, 81.8 on Scriptwrit-
ing, and 78.6 on average. It outperforms the listed
scalar-output reward models and remains competi-
tive with the strongest generative reward model on
narrative average.

5.5 Segment Granularity Ablation

We test whether ChapterRL depends on natural
chapter boundaries by replacing chapter segmen-
tation with fixed-length 200-, 500-, and 1000-
character blocks, while keeping the policy model,
reward models, training prompts, and GRPO con-
figuration unchanged. Table 4 shows that natural
chapters perform best, with 4.73 on WebNovel-
Bench and 15.0% LC Rate. Among fixed-length
settings, 500-character segmentation is strongest,
reaching 4.61 and 18.6%.

5.6 Ablation and Sensitivity Analysis

Beyond segmentation granularity, ChapterRL has
four design-relevant hyperparameters: « (RDR
continuation—completion mixture weight), 7 (DRT
gating threshold), M (RDR sliding-window
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Model Fiction Script. Narr. Avg.

Scalar-output reward models

Nvidia/AceMath-7B 54.9 54.6 54.8
RM-Mistral-7B 55.9 72.7 64.3
Skywork-Llama-8B 52.2 54.6 53.4

Skywork-Gemma-27B 53.3 45.5 494
RDR (Ours) 753 818 78.6
Generative reward models

RM-R1-DS-Qwen-7B 56.5 36.4 46.5
RM-RI1-DS-Qwen-14B  71.7 54.6 63.2
RM-R1-Qwen2.5-7B 86.4 72.7 79.6

Table 3: Task-aligned preference accuracy (%) of re-
ward models on the Chinese subset of WritingPrefer-
enceBench.

Reward unit WebNovel T LC Rate |

200-char 4.32 37.2
500-char 4.61 18.6
1000-char 4.46 24.1
Natural chapter 4.73 15.0

Table 4: Segment-granularity ablation for ChapterRL.

length), and K (DRT local window). We report
the sensitivity results for these hyperparameters in
Appendix A.

5.7 Training Dynamics and Reward Hacking

We monitor average generation length during RL
training to check for length-based reward hack-
ing. ChapterRL does not show significant length
inflation, suggesting that the combined RDR and
DRT rewards do not encourage simple length ex-
pansion.

6 Conclusion

We presented ChapterRL, a chapter-aware rein-
forcement learning framework that reframes multi-
chapter novel generation as a reward design
problem. By combining Reading Depth Resid-
ual (RDR), which extracts debiased supervision
from reader continuation behavior, with Dynamic
Rhythm Trajectory (DRT), which penalizes later-
story arousal collapse through threshold-gated tra-
jectory modeling, ChapterRL aligns training sig-
nals with reader experience at both local and
global temporal scales. Although natural chap-
ters are the default unit in our main setting,
the segment-granularity analysis suggests that the
framework can also operate over fixed-length nar-
rative segments. Our WPB analysis further val-
idates the RDR reward model as a task-aligned
scalar preference scorer for narrative domains, in-
cluding Scriptwriting, while the final ChapterRL
policy is assessed through generation-quality and
rhythm-collapse evaluations.

Limitations

Our RDR data is proprietary, which limits repro-
ducibility. To mitigate this, we propose and vali-
date an LL.M-based method to simulate reader be-
havior ... as a public alternative (Appendix H). The
RDR sliding-window length M presents a trade-
off between broader narrative context and compu-
tational cost. The Arousal Scorer is trained and
validated on Chinese literary text, so transferring it
to other languages or domains would likely require
re-distillation. Although our segment-granularity
ablation suggests that ChapterRL can operate on
fixed-length text segments, natural chapters re-
main the most effective reward unit in our exper-
iments. Applying the framework to other multi-
stage creative writing tasks, such as screenplays
or interactive role-playing, may benefit from task-
specific segmenters that better capture scenes, di-
alogue turns, or dramatic beats. We further ac-
knowledge that protagonist-centered arousal is an
incomplete proxy for narrative tension; stories can
achieve suspense through restraint or low-arousal
plot development, which our threshold-gated DRT
may not fully capture.
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A Ablation and Sensitivity Details

This section provides additional ablation and sensitivity results for ChapterRL. We summarize the sensi-
tivity of four main hyperparameters in Table 5: the RDR continuation—completion mixture weight «, the
RDR sliding-window length M, the DRT local window K, and the DRT gating threshold 7.

Module Model config Hyperparameter Setting Metric Value
RDR label mixture

RDR Qwen3-8B + GRPO + RDR only « 0.3 WebNovel 1 4.38
RDR Qwen3-8B + GRPO + RDR only « 0.5 WebNovel 1 4.43
RDR Qwen3-8B + GRPO + RDR only « 0.7 WebNovel 1 4.61
RDR Qwen3-8B + GRPO + RDR only « 0.9 WebNovel 1 4.17
RDR sliding-window length

RDR Qwen3-8B + GRPO + RDR only M 1 WebNovel 1 4.25
RDR Qwen3-8B + GRPO + RDR only M 2 WebNovel 1 4.59
RDR Qwen3-8B + GRPO + RDR only M 3 WebNovel 1 4.61
RDR Qwen3-8B + GRPO + RDR only M 4 WebNovel 4.27
DRT local-window length

DRT Qwen3-8B + GRPO + DRT only K 2 LC/2H] 28.5%/0.031
DRT Qwen3-8B + GRPO + DRT only K 3 LC/2H| 18.7% /0.024
DRT Qwen3-8B + GRPO + DRT only K 4 LC/2H| 20.4%/0.026
DRT Qwen3-8B + GRPO + DRT only K ) LC/2H{| 19.3%/0.026
DRT gating threshold

DRT Qwen3-8B + GRPO + DRT only Teate 0.00 LC/2H{| 17.1%/0.025
DRT Qwen3-8B + GRPO + DRT only Tgate 0.03 LC/2H{| 19.3%/0.026
DRT Qwen3-8B + GRPO + DRT only Tgate 0.05 LC/2H| 18.7% /0.024
DRT Qwen3-8B + GRPO + DRT only Tgate 0.08 LC/2H| 27.5%/0.030

Table 5: Component-level sensitivity summary for key hyperparameters. RDR-related ablations are conducted with
Qwen3-8B + GRPO + RDR only and evaluated by WebNovelBench. DRT-related ablations are conducted with
Qwen3-8B + GRPO + DRT only and evaluated by LC Rate and 2H Drop, abbreviated as LC / 2H. The bold rows
correspond to the single-component settings reported in Table 1; the full ChapterRL result is reported separately
in Table 1.

B Prompt Construction Details

This appendix describes the GRPO prompt construction procedure. All operational prompts are written
in Chinese, and the original prompt strings are provided as rendered figures.

Overview. Prompt construction consists of two stages. First, we generate diverse story synopses with
a self-instruct procedure. Second, each accepted synopsis is wrapped with either a long or short writing
template to form the final prompt consumed by the GRPO policy. The final prompt set uses an 85% long-
template and 15% short-template mixture. The genre label and prompt type are retained as metadata for
data balancing and analysis, but they are not inserted as additional messages.

No reward-related information is included in the prompt. In particular, reader-behavior statistics, RDR
labels, DRT arousal labels, reward-model outputs, and evaluation annotations are never exposed to the
policy model. The prompt only specifies the desired writing format and the story synopsis.

Prompt construction dataflow. Table 6 summarizes how genre specifications are converted into
GRPO training instances. The exact Chinese prompt strings are provided in Figures 3, 4, and 5.

Genre-specific instructions. We use 12 predefined Chinese web-fiction genres. Each genre is asso-
ciated with a short instruction that constrains the synopsis-generation model toward genre-appropriate
settings, conflicts, and character relations. The exact genre keys and instruction strings used in the im-
plementation are shown in Figure 3.
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Stage Input Operation Output Policy-

visible?
Genre Genre names and genre Define genre-specific constraints for Genre-to-instruction ~ No
specification instructions synopsis generation. mapping.
Synopsis Genre, genre instruction, Query DeepSeek-R1 with a system Candidate story No
generation target count, and existing message and a user message. Up to 10 synopses.
synopses existing same-genre synopses are

injected as diversity context.
Filtering and Candidate synopses Parse numbered outputs and remove Accepted synopsis No
deduplication malformed items, exact duplicates, and pool.

near duplicates.
Prompt Accepted synopsis and Select the corresponding format block  Final user message. Yes
assembly prompt type and concatenate it with the synopsis.
Instance Final user message, Store the final prompt under messages; GRPO training Partially
packaging prompt type, and genre retain type and category as metadata instance.

only.

Table 6: GRPO prompt construction pipeline. Only messages[@].content is consumed by the policy model;
type and category are metadata.

Code key Instruction string

ARER PpHEe. IRRGRAEEE, EXEIAREMERIDE, 2HEs. M. RKRAEH—
BEHEE  nmHRONREONE, BER. RENWE, HABRNER, #EBSETS
BHER  OREHEE, REBRBY: kS 25, BT 5T, RHAGSESEERE
ABER FOSZOMRN, BEBHENIRE, BREABMMEEE/®ENRIE
PEEE  HRGERHEESR, 8%, WE. REER, ADEELHEPNRKS%E
REMUR  STHRE. TRAS. BEER, UEHSBIBERE, SBUITHAE
PR Rt Rk, ERSIRSIEHNIRE, ARERRGEE, BILTESS AME
ERER  AREE. SEARE, BXIAGERE, NSRS HES RN
BHRR  OREHEE, LOBRRSHTLE, LEABASY, RIWTRESAMER
ROEE  RpEe. BUER, TANEREERENNISREFOL, RNMKTEE
RERE  mEXR. KR, BRFE, FENBAYAL, RESERENRIES B

BERE RELE. SHEEENER. RENAN, BENGES BSEENRRNET

Figure 3: Exact Chinese genre keys and instruction strings used in CATEGORY_INSTRUCTIONS.
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Stage 1: synopsis generation. For each genre, we prompt DeepSeek-R1 to generate new synopses
conditioned on the genre instruction and a small set of existing same-genre examples. This context
encourages plot-level diversity and reduces repetition.

The synopsis-generation prompt contains a system message and a user message. The system message
specifies the model role, while the user message specifies the target genre, genre instruction, existing
examples, output format, and the number of requested synopses. The exact Chinese strings used in this
stage are shown in Figure 4.

Code field Exact prompt template

system_msg  {RR—NEWHPXME/NERL, BRAZEERZITHA. BIE. BREIDOKREEE,

BN [{category}] FEEUNBARL {count} T REIHIEIEIEM,

ERIFESR: {instruction}

EEEH (BREE, EREMEMEETIRE LBPERXS) : {existing_samples}
Bk

1. B MERE 1-287F, RO AMRXRRTF BEHR

2. ETRERM. FiF, BRERN

3. BRI EZOTE (AEERNEBIEE)

4. 8T—NMEE, BEEHS, BX: 1. [EERS]

5. RELERsIR, TEHMIRAXTF

BER {count} P

user_msg

Figure 4: Exact Chinese strings used by the synopsis-generation prompt constructor.

Generated outputs are parsed line by line according to the required numbered-list format. We remove
malformed items, exact duplicates, and embedding-based near duplicates before adding accepted syn-
opses to the pool. We target 70 accepted synopses per genre, resulting in approximately 840 prompts
across 12 genres.

Stage 2: final GRPO prompt assembly. Each accepted synopsis is converted into a GRPO training
prompt by applying one of two writing templates. The final prompt set contains 85% long prompts and
15% short prompts. The selected template is concatenated with the synopsis into a single user message.
The exact Chinese strings for both templates and the final prompt format are shown in Figure 5.

Code field Exact prompt template

(&N EK]
BASEHRT, ERMENE: $1H, H28, H35..
SENAME—1T, BHlA:
FORMAT_BLOCK FE (BT
[ETHE]

28 [ETRRE]
[ETAA]

[#E=NEK]
SHORT_FORMAT_BLOCK  figiisE, NBER—MAMIETABRIEENS,
BFEL800-1500F,

ERBUATEKREIE—RINE: {format_req}
[#Z=E4EE] {synopsis}

content

Figure 5: Exact Chinese strings used by the final GRPO prompt assembly function.

Final training instance schema. After assembly, each GRPO training instance has the following struc-
ture:

{
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"messages”: [
{
"role"”: "user”,
"content”: "<final writing prompt>"
}
1,
"type": "long_or_short”,
"category”: '"<genre>"

Only messages[@].content is used as input to the policy model. The fields type and category are
metadata and are not exposed as additional messages during GRPO rollouts.

C DRT Arousal Annotation Prompt

This appendix provides the prompt details for the offline arousal annotation step used by Dynamic
Rhythm Trajectory (DRT). The purpose of this step is to obtain chapter-level arousal supervision from
DeepSeek-R1 before training the Arousal Scorer. During GRPO training, DeepSeek-R1 is not queried;
the frozen Arousal Scorer is used instead.

Two-step annotation procedure. For each chapter, we use a two-step DeepSeek-R1 annotation
pipeline. First, the teacher identifies the protagonist or central viewpoint character of the chapter. Sec-
ond, conditioned on the detected protagonist, the teacher extracts protagonist-centered English emotion
adjectives. These adjectives are intended to capture the protagonist’s emotional transitions within the
chapter. We use English adjectives because the subsequent arousal lookup is performed with the NRC-
VAD lexicon.

The operational prompts are written in Chinese; Figure 6 provides the protagonist-detection and
protagonist-centered emotion-extraction templates.

Stage Exact prompt template

Bt conist detati NFR—BHEIGET, AENTARE? (DNAREST. 2H5HRBRLOAN)
MEMRESANES, FERLETEHEAS,

UTFR—BHUNEET, £AR Mprotagonist}) .
15BIRER T{protagonist}) MIEREMN, BHBRRLEPEHRTIICR—MMNER,
RIES: RBTMBRRAE—TRIEEEFER:
1. AR ER T{protagonist}) AIIER, ZEEMAM.
Protagonist-centered emotion extraction 2. 3R E ERHA IS R B AR E ——
FlENER T35 : grieving (#RE) [ sorrowful (FE) [/ melancholy (BE) ;
BIgNER & : furious (RE) [angry (FE) [irritated (BE) .
3. MR DRGSR AIE,
4. A —1 JSON 4, ASEMMBBHIL: ["calm", "curious", "anxious", "angry", "sad"]

Figure 6: Exact Chinese prompt templates used for the DeepSeek-based DRT arousal annotation pipeline. The first
row shows protagonist detection, and the second row shows protagonist-centered emotion adjective extraction.

Validation protocol. We selected novels with 10-300 chapters and fewer than 30,000
Chinese characters. Following the genre order in Appendix Figure 3, the counts are
31/30/30/30/30/30/30/31/30/30/30/31, totaling 363 held-out novels. Two trained annotators indepen-
dently followed the teacher’s two-step procedure: identifying the protagonist or central viewpoint char-
acter and extracting protagonist-centered English emotion adjectives for each chapter. They also rated
perceived narrative rhythm and reading tension/engagement on a 1-5 scale. A third annotator adjudi-
cated cases where ratings differed by > 2 points or arousal interpretations diverged substantially (e.g.,
“calm” versus “anxious”). The adjectives were deterministically mapped to NRC-VAD arousal scores,
and the mean human rating was used as the target. On the 363 books, the scorer achieves MAE = (0.084,
Pearson r = 0.78, and Spearman p = 0.76.

Prompt inputs and outputs. In the protagonist-detection stage, the chapter text is appended after the
prompt template, and the teacher is instructed to output only the protagonist name. In the emotion-
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extraction stage, the detected protagonist name is inserted into the prompt, and the chapter text is ap-
pended after the template. The teacher is required to output a JSON array of English emotion adjectives,
such as ["calm”, "curious”, "anxious"”, "angry”, "sad"], without any additional explanation.

From emotion adjectives to arousal labels. The extracted English emotion adjectives are lowercased
and mapped to NRC-VAD arousal values. For a nonempty multiset A; of matched arousal values, we
average them into the chapter-level teacher label:

>

vEA;

1
ap = —— (15)
| Ay
where A; is the multiset of NRC-VAD arousal values matched from the extracted emotion adjectives of

chapter t. The resulting scalar label a; € [0, 1] is used as the supervision target for training the Arousal
Scorer.

Fallback behavior. If protagonist detection fails, a generic protagonist placeholder is used. If emotion
extraction fails, the teacher output cannot be parsed as a valid JSON array, or no extracted adjective
can be matched to NRC-VAD, we assign the neutral teacher label a; = 0.5. This conservative fallback
prevents failed annotations from introducing artificially high or low arousal labels.

D Hyperparameter Details

Table 7 summarizes key hyperparameters used in RDR reward model training, Arousal Scorer training,
and GRPO policy training.

Component Parameter Value

RDR RM Tuning method Full fine-tuning + ZeRO-3
RDR RM Learning rate 5.0 x 107°
RDR RM Effective batch size 256

RDR RM Max sequence length 8,192

RDR RM Epochs 5

RDR RM Huber § 0.5
Arousal Scorer Tuning method LoRA (q_proj, v_proj)
Arousal Scorer LoRA rank r 16

Arousal Scorer LoRA arorA 32

Arousal Scorer LoRA dropout 0.05
Arousal Scorer Learning rate 2.0 x107°
Arousal Scorer Effective batch size 64

Arousal Scorer Max sequence length 2,048
Arousal Scorer Epochs 5

GRPO (policy) G (rollouts per prompt) 8

GRPO (policy)  Batch size (prompts per step) 32

GRPO (policy) KL coefficient 5 0.01

GRPO (policy) Max generation length 32,000 tokens
GRPO (policy) Learning rate 1.0 x 107°
GRPO (policy) Training epochs 3 (approx. 80 steps)
DRT Local window K 3

DRT Threshold 7 0.05

RDR Sliding-window length M 3

RDR Mixture weight « 0.7

Table 7: Hyperparameter summary. RDR uses full-parameter fine-tuning with DeepSpeed ZeRO-3 due to large
training data scale, while the Arousal Scorer uses LoRA adapters due to comparatively limited teacher-annotated
data.

E Data Statistics

The proprietary RDR corpus contains 24,000 completed Chinese web novels across the 12 genres in
Appendix Figure 3 (2,000 per genre; approximately 2M chapters). Each novel has at least 100 read-
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ers, and at least one reader completed the full novel. RDR labels are normalized using genre—position
stratification and clipped to [—3, 3]; story-level DRT rewards lie in [—0.95, 0].

F Robustness across Judges and Backbones

We evaluate ChapterRL with three judge models (Claude-4-Sonnet, GPT-40, Gemini-2.5-Pro) and trans-
fer to a non-Qwen backbone, Llama-3.1-8B. Table 8 reports each cell as Claude-4-Sonnet / GPT-40 /
Gemini-2.5-Pro. ChapterRL consistently improves over the corresponding SFT baseline on both back-
bones, confirming that the gains are not specific to one judge or to Qwen.

Model

AH-CW 1 (C/G/G) WebNovel 1 (C/G/G) WritingBench 1 (C/G/G)

Qwen3-8B Zero-shot
Qwen3-8B SFT
Qwen3-8B ChapterRL
Llama-3.1-8B SFT
Llama-3.1-8B ChapterRL

18.1/17.9/16.4
23.8/25.5/21.0
52.8/55.1/49.6
21.4/19.3/17.8
49.5/48.3/44.9

3.37/3.31/3.58
3.52/3.46/3.47
4.73/4.79/4.61
3.41/3.45/3.32
4.71/4.45/4.64

7.05/7.12/6.98
7.24/7.21/7.07
8.01/8.24/7.94
7.08/7.11/6.92
7.83/8.02/7.86

Table 8: Automatic evaluation across three judge models and two policy backbones.

G Human Evaluation Protocol

We describe the human evaluation protocol in detail. Six annotators were trained on a rubric that includes
five content-quality subcriteria: chapter engagement, plot tension, chapter structure, cross-chapter coher-
ence, and late-stage narrative progression. Each output was scored on a 1-5 scale for each subcriterion,
and the Content Quality score is the mean of these subcriteria. Instruction Following and Overall Perfor-
mance were rated on 1-5 scales. Two annotators independently scored each output; a third adjudicated
when scores differed by more than one point. Inter-annotator agreement will be reported in the final
version.

Model N Instr. Following Content Quality Overall

Qwen3-8B + SFT 48 4.02/72.9% 3.17/62.5% 3.13/60.4%
GRPO + RDR only 48 4.18/81.3% 3.56/83.3% 3.50/79.2%
GRPO + DRT only 48 4.16/79.2% 3.50/81.3% 3.58/81.3%
ChapterRL: RDR + DRT 48  4.31/87.5% 4.02/93.8% 4.04/93.8%

Table 9: Human evaluation results (mean / satisfactory rate).

H Prompt for Simulating Reader Behavior

Data Source AH-CW WebNovel

constructed data 50.5 4.47 7.79 70.2 78.9
real data 52.8 4.73 8.01 75.3 81.8

WritingBench  Fiction Script.

Table 10: The performance of ChapterRL using our constructed data versus real data.

Because the RDR training data comes from a proprietary reading platform, we provide an LLM-
based alternative for constructing per-chapter continuation and completion rates. This simulated reader-
behavior data can be used to train the RDR module when real platform logs are unavailable.

The prompts are written in Chinese, and the simulation template is shown in Figure 7.

Table 10 compares the performance of ChapterRL (based on Qwen3-8B) using our constructed data
versus real data, and it shows a similar comparison for the RDR module on the Chinese WPB Fiction
and Scriptwriting domains. The results show that simulated reader-behavior data preserves most of the
gains obtained from real platform logs.

We further compare the distributional agreement between real and simulated behavior signals in Ta-
ble 11. The simulation approximates the real log distributions reasonably well but remains imperfect.
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Behavior Signal Pearson{ KL | MAE ]
Chapter Continuation Probability 0.79 0.074  0.052
Chapter Completion Probability 0.72 0.103  0.064
Joint Continue—Complete Distribution 0.66 0.129  0.075

Table 11: Distributional agreement between real and simulated reader behavior signals.

Code field / stage

SYSTEM_PROMPT

CHAPTER_INPUT_FORMAT

QUALITY_TASK_TEMPLATE
| step_1

QUALITY_TASK_TEMPLATE
| step_2

QUALITY_TASK_TEMPLATE
| score_anchors

QUALITY_TASK_TEMPLATE
| constraints

Original Chinese template

RR—MUEAMNRETRBTEER. REFHEIRERR)
REMRRR—EILREE. 5. BAORREMER, /R
REFHNFNERR, OF: HUEHRE0E. A\MRES
BR5IA. TEREHE. REHIDRERBLIDRMNIED
i

<br> fRAVAES: BR—ANRNAEET, HTREHF, A
EhSEREFR MR

## (i + 1}E: {chapter_title}
<br> {chapter_text}

<bre<br> HREEIK, VRBETFHBXEURHBNKE.
ERUT SRR RITHE:

<br=<br> HI] 1. BIEHE

<br> JBELUT {chapter_count} METIHIX A, FENHR"E
HIFDRIREN B3R5 M EHEHF

Code field / stage

QUALITY_TASK_TEMPLATE
/ output_format

QUALITY_TASK_TEMPLATE
| chapter_payload

MULTI_SEGMENT_PROMPT
| first_segment

<br> WEANHWEX: RERTAEGRALE T —ENNER

B, GeEEETHR. ARRE. BRK. EREBEE

S| 2 REFH

<br> SHRTTABIHET, 1EAE SN retention_rate (823%
) #0 completion_depth (FEFRE) .

<br=<br> retention_rate (£%%): % 100 fLiEFEIIAE
KB, AEZLDASBEET—E,

<br=<br> completion_depth (SEIRE): EREZENEY
B, BERENRER, OI1FRET AZNS VLG,

retention_rate JP4H7E ©

MULTI_SEGMENT_PROMPT
/ middle_segment

<br> - 0.95 = B ERATHERZNR, LFEABEE

BET

<br> - 0.85 = FREFHMET, KBMIRESUE
<br>-0.75 = REBPENET, £ 1/4 REARERE
<br>-0.65 = ENEBRERETRE, X913 RERRK

<br> - 0.50 = BTG, MARNELFME, H—FIREFE MULTI_SEGMENT_PROMPT

W

<br><br>

completion_depth T4 $47E :

<br>-10 = BRETES, BRTRAEFREET—F
<br> - 0.7 = REILY 70% LKFF

<br> - 0.4 = FERE—FKFF

<br> - 015 = LRI ZIKFF, RRTHX

S8 3 RBYR

<br> - HEFFHB4BRIEE TS, retention_rate ZF/V 2 0.02, FR3F

BERNFEER,

/ final_segment

<br> - §ZFH retention_rate RS FIFBT 0.95, KfEH FINALOUTPUT

FHEF 0.40,
<br> - HFREHIFHENET, AFERSHRANIEK, B
TR1E notes HIRARE.

Original Chinese template

FEAEHEE —1 JSON 3%, FEBE markdown fESHRITIE:
<br={ <br> "book_id": {book_id}, <br= "chapter_count":
{chapter_count}, <br> "overall_assessment": "3t & BEEKHRRH
BTN (1-24) ", <br> "chapter_scores":

[{ <br= "chapter_idx": 1, <br> "retention_rate": 0.88,

<br> "completion_depth": 1.0, <br> "quality_rank": 3,

"notes": "Rl EIRZEREFIMKIE" <or> }] <br>}
<br=<br> 3¥&E: chapter_idx M 1% {chapter_count};
quality_rank 1 1 RREERS, {chapter_count} RITRERIE;
retention_rate # completion_depth #{®% 2 i/\#; HABES
BET,

<br>

LUTFREBHLBETAR:
<br> {chapters_text}

NREE: PR {book_name}; BETH {chapter_count}; BF
# {total_words}.

<bra<br> T BHERK, SORRE. XBE 1K, #
{total_segments} E&, B1&% 1-{first_segment_end} F, FFIRLL
TEPRS, SESENRBKTE, ENRETIM:

<br> {first_segment_text}

<bre<br- EHELOE "BIFEIEE 1-{first_segment_end} &, HFE

SET AR,

X2 {segment_idx} £&, # {total_segments} &, BI&%E
{segment_start}-{segment_end}

<br> {segment_text}

<br=<br> BRI, HRLE"EHRSE {segment_start}-
{segment_end} &, FFELET"EIF,

XERE—H, % {total_segments} £&, # {total_segments} £&,
&% {last_start}-{last_end} &:

<br> {last_segment_text}

<bre<br> T HALPFE {chapter_count} BMITHE, HIRE
e PLE:

<br> {all_chapter_titles}

<bre<br> MAEMBZL5TEER {chapter_count} Z, ERS5$E®KIRE
TMERRTESTRRE TS BAHE. BN REBYOER, H™
At JSON,

SERIEWNIRETHRIELRIE: chapter_idx. retention_rate,
completion_depth. quality_rank. notes.

Figure 7: Prompt for Simulating Reader Behavior.
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