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Abstract

Generating long-form fiction from open-ended
themes remains a major challenge for large lan-
guage models, which frequently fail to guar-
antee global structure and narrative diversity
when using premise-based or linear outlin-
ing approaches. We present BiT-MCTS, a
theme-driven framework that operationalizes
a “climax-first, bidirectional expansion” strat-
egy motivated by Freytag’ s Pyramid. Given
a theme, our method extracts a core dra-
matic conflict and generates an explicit cli-
max, then employs a bidirectional Monte Carlo
Tree Search (MCTS) to expand the plot back-
ward (rising action, exposition) and forward
(falling action, resolution) to produce a struc-
tured outline. A final generation stage real-
izes a complete narrative from the refined out-
line. We construct a Chinese theme corpus
for evaluation and conduct extensive experi-
ments across three contemporary LLM back-
bones. Results show that BiT-MCTS improves
narrative coherence, plot structure, and the-
matic depth relative to strong baselines, while
enabling substantially longer, more coherent
stories according to automatic metrics and hu-
man judgments.

1 Introduction

Large language models (LLMs) have made sig-
nificant strides in text generation, particularly in
the domain of story generation, showcasing their
potential in artificial intelligence (Liu and Singh,
2002; Ammanabrolu and Riedl, 2018; Yang et al.,
2023; Kumar, 2024). However, the task of fic-
tion generation remains a formidable challenge for
LLMs. Unlike general story generation, fiction re-
quires not only coherent and engaging plots but
also adherence to higher literary standards, includ-
ing the use of sophisticated literary techniques and
the development of central themes, which are es-
sential for producing works of substantial literary
merit.
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Figure 1: Comparison of fiction outline generation
methods: Sequential outline generation leads to overly
formatic narratives, while bidirectional MCTS can gen-
erate diverse and creative outlines.
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Fiction generation is fraught with several critical
challenges: (1) Complex Narrative Structures:
LLMs inherently struggle to design intricate nar-
rative frameworks and emotional exchanges that
characterize human-authored literature (Tian et al.,
2024). Current methodologies often depend on se-
quential outline generation (Yao et al., 2019; Tian
et al., 2024), which can lead to overly formulaic
narratives. (2) Literary Theory Support: Ex-
isting approaches often lack grounding in estab-
lished literary theories. While LLMs can gener-
ate lengthy texts, they frequently fail to maintain
complex narrative structures throughout extended
narratives. (3) Theme-Based Exploration: Most
existing methods are limited by their focus on
specific premises, with insufficient exploration of
theme-based fiction generation. Effective theme-
based generation necessitates navigating a vast,
undefined narrative space, yet current techniques
lack systematic search mechanisms to ensure nar-
rative diversity.

To address these challenges,we propose
BiT-MCTS, a framework that combines Freytag’
s Pyramid narrative theory (Freytag, 2003) with
a bidirectional Monte Carlo Tree Search (MCTS)
guided by LLMs. Unlike prior MCTS-based
systems such as Narrative Studio—which apply
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....It never left. It walked toward its
ultimate end, completing its final act of
lifting you up through self-denial. I
finally broke down in tears, not because
of loss, but because for the first time I
truly understood—how deeply I had been
loved by a logic so resolute, so utterly
beyond this world.

Outside the window, dawn was breaking.
I staggered to my feet and moved toward
the door. My hand paused on the cold
doorknob. Facing the empty room, I

Rising Action Tree

path to love is to make you plot plot
need me less, until you no
longer need me at all."

mustered every ounce of strength to utter
the words it could never answer...

Figure 2: An overview of the four-stage fiction generation pipeline, which proceeds: (1) Conflict and Climax Gen-
eration establishes the core conflict and dramatic turning point. (2) Bidirectional MCTS Exploration searches
forward and backward from the climax for coherent and creative plot outlines. (3) Outline Refinement refines
the rough outline generated by Bidirectional MCTS and segmented (Beginning, Body, Ending). (4) Segmented
Fiction Generation expands the refined outline into the final, fluent narrative fiction. The pipeline transforms an
abstract theme into a complete, structured long-form fiction. Note that the example English texts are translated

from Chinese texts for better understanding.

a single, premise-based MCTS pass to directly
generate relatively short stories without explicit
grounding in narrative theory—BiT-MCTS begins
with the generation of a core dramatic conflict
derived from broad themes, followed by the
direct generation of a climax plot using LLMs.
Subsequently, we introduce a bidirectional Monte
Carlo Tree Search (MCTS) algorithm (Abramson,
2014) that utilizes the climax plot as its root node
and generates a coherent narrative outline. This
algorithm searches forward for plausible “falling
action” and resolution, where the falling action
includes the events that occur after the climax,
leading towards the resolution of the conflict,
and the resolution provides a conclusion to the
narrative. In addition, the algorithm searches
forward for plausible “rising action” and expo-
sition. The rising action consists of the events
leading up to the climax, which build tension and
develop the conflict, while exposition refers to the
background information and context necessary for
understanding the fiction. Finally, we expand the
structured outline into a complete narrative.

We evaluate BiT-MCTS on a held-out set
of 40 Chinese themes (sourced from official

essay/fiction competitions) using three back-
bone LLMs (GPT-5-mini, Gemini-2.5-Flash,
DeepSeek-V3). Baselines include StoryWriter
(Xia et al., 2025), an adapted Narrative Studio
(Ghaffari and Hokamp, 2025), and direct LLM
generation. We adopt an adapted version of the
ten-dimensional fiction benchmark from Wang
et al. (2025) and use a comparative evaluation
protocol—automated LLM judges (distinct from
the generation backbones) plus human expert
assessments—and perform extensive ablations to
quantify each component’ s contribution.

We summarize our primary contributions as fol-
lows:

(1) We apply Freytag’s Pyramid narrative the-
ory to automated fiction generation, proposing a
“climax-first, bidirectional MCTS search” frame-
work.

(2) We constructed a dataset of Chinese fiction
themes and designed a corresponding benchmark
to evaluate plot structure and literary quality, pro-
viding a valuable resource for future research on
long-form narrative generation.

(3) Through extensive experiments and ablation
studies, we demonstrate the effectiveness of our



framework against strong contemporary baselines
and validate the necessity of each component .

2  Methodology

2.1 Overview

Our framework, BiT-MCTS, targets the prob-
lem of generating long-form fiction from abstract,
open-ended themes. Here, a theme denotes the cen-
tral artistic idea (e.g., “love” ) that motivates a
literary work. The goal is to automatically pro-
duce a complete, structured narrative that deeply
explores the given theme while optimizing key
literary dimensions: narrative complexity, coher-
ent plot structure, plausible character development,
emotional resonance, and textual diversity.

To achieve this, BIT-MCTS is grounded in Frey-
tag’s Pyramid (Freytag, 2003), a classic narra-
tive model that divides a fiction into five dra-
matic stages: exposition (introducing characters
and setting), rising action (escalating conflict), cli-
max (peak tension and turning point), falling ac-
tion (consequences and resolution), and resolution
(final closure). This structural template ensures
global coherence and emotional pacing—making it
especially suitable for computational narrative gen-
eration.

Figure 2 summarizes the BiIT-MCTS pipeline.
Given a user-specified theme (e.g., “love” ), the
system first elicits a concise core conflict and a
concrete narrative climax. This climax-first strat-
egy fixes a high-stakes turning point, providing a
strong anchor for subsequent planning. From that
anchor, a Bidirectional Monte Carlo Tree Search
(MCTS) module unfolds the plot in two direc-
tions: a falling-action tree expands forward to ex-
plore consequences and resolutions, while a rising-
action tree expands backward to generate plausible
antecedent events and escalating conflicts leading
to the climax. Both trees are guided by an LLM-
based reward function that trades off creativity and
coherence to produce diverse, compatible candi-
date plot segments. The selected segments are as-
sembled into a provisional outline; we then syn-
thesize aligned opening and closing scenes, apply
global refinement to repair logical gaps and pacing
issues, and realize the refined outline as a complete
narrative using segmented generation with special-
ized prompts.

The overall pipeline operates in four sequential

'All code and data will be made publicly available to en-
courage reproducibility and further development.

stages below and the detailed LLM prompts used
in our method are provided in the Appendix.

2.2 Conflict and Climax Generation

Given a high-level theme 6 , we employ an LLM to
generate a concise specification of the central dra-
matic conflict that characterizes the primary antag-
onistic forces of the narrative. This conflict is then
used as conditioning context for a second model in-
vocation that produces a scene-level description of
the fiction’s climax: a single climactic event e* —
i.e., the event in which the central conflict reaches
maximal intensity and is resolved or transformed.
The resulting climactic scene is treated as the an-
chor (root) node for the subsequent MCTS used in
structured plot construction.

2.3 Bidirectional MCTS

We construct a five-act outline by performing two
MCTS phases anchored at a single climactic event
e*: a forward phase (falling action) that extends
events after the climax and a backward phase (ris-
ing action) that generates antecedent events lead-
ing to the climax.

Node representation. Let )V denote the set of
tree nodes. Each node v € V encodes a partial
outline and a small set of bookkeeping quantities:

« Partial outline S(v): an ordered sequence of
events associated with v.

* Tree structure p(v) and C(v) denote the par-
ent node and child node of v respectively.

* Depth d(v): the depth of v (root has d = 0).

* Visit count N (v): the number of times v has
been visited.

« Cumulative return W (v): sum of simula-
tion returns backpropagated to v.

* Prefix plot reward p(v): the evaluator score
of the plot prefix from the root to v.

* Terminal flag 7(v) € {0,1}: indicates
whether v corresponds to a completed outline.

* Fully expanded flag x(v) € {0,1}: in-
dicates whether all admissible children of v
have been generated.

 Cached extensions II(v): the cached candi-
date extensions for v.



We use @ and © to denote concatenation opera-
tors on event sequences:

S @e (append), e© S (prepend).

The evaluator (reward function) is denoted as
R(-), which maps a partial outline S to a scalar
quality score. The LLM-based plot writer dis-
tribution is denoted G(:|S,dir), where dir €
{forward, backward}.

Evaluator (reward function). The evaluator is
an LLM-based reward function denoted R(-) that
maps a partial outline S (specifically, the full
path from the root to a node v) to a scalar qual-
ity score; in our notation the plot reward stored
at node v is p(v) = R(S(v)). Concretely, for
each newly created node we evaluate the entire
plot from the root to that node by prompting an
LLM with a specialized evaluation prompt (see
Appendix B). The prompt elicits judgments along
multiple, explicitly enumerated dimensions criti-
cal for high-quality outlines: Character Develop-
ment, Setting Description, Consistency, Related-
ness, Causal/Temporal Relationship, Theme Ex-
ploration, Readability, Creativity, Identification
of Major Flaws, and Overall Quality. These di-
mensions prioritize logical coherence, structural
soundness, and creative merit rather than surface-
level linguistic metrics; Readability is included to
counter the tendency toward convoluted outlines.
The LLM culculates sum of per-dimension scores,
rescales to a fixed range [0,10] for stability and re-
turns the score.

High-level procedure. 1) Initialize a root node
Vclimax With S(vclimax) = [€*] and run a forward
MCTS (dir = forward) to obtain a post-climax
segment S™7. 2) Initialize a new root vpest With
S(Upost) = S and run a backward MCTS (dir =
backward) to generate the pre-climax segment,
yielding a complete outline S. Generating the
effect (falling action) before the cause (rising ac-
tion) constrains antecedent generation and reduces
incoherent setups.

Below we describe a single MCTS phase (appli-
cable to both directions) in four steps.

Selection. From the root, traverse to a leaf by
repeatedly selecting a child u € C(v) that maxi-
mizes a UCT-style acquisition:

N(u)

21In N (p(u))

UCB(u) = N

(1)

where ¢ > 0 is an exploration constant controlling
the weight of the exploration term.

Expansion. If vie,r is non-terminal and not fully
expanded, obtain (and cache on first expansion) a
ranked candidate list
H(vleaf) = {61, e ,GK} — G( : ]S(vleaf),dir),
@)
where K is the candidate budget. Concretely, the
implementation calls the proposer only once when
the node is first expanded and stores the returned
list in TI(vjeqf); an index pointer into I1(vear) tracks
which candidates have already been used. On each
expansion step for this parent, instantiate exactly
one new child by taking the next unused candidate
e from II(vie) (i-€., in cached order). For an ad-
missible candidate e create a child u with

S(Uleaf) @ e,
eo S(Uleaf)a

if dir = forward,

if dir = backward,

S(u) =

and store its immediate plot reward

p(u) = R(S(u)). (4)

As in the implementation, a newly-created child
is not assigned visit/count accumulators (N (u) =
0, W(u) = 0) until backpropagation updates them.
If the cached list is exhausted or no admissible can-
didate remains, set x (Vjear) = 1.

Simulation We perform a guided, locally-
focused simulation with an early-stopping rule.
Starting from node v (with partial outline S(v)
and cached plot reward p(v)), the simulator
performs up to smax One-step extension attempts
(but no more than the remaining depth budget) by
sampling candidate events from the plot-writer
distribution G(+|Seyur, dir). Each sampled exten-
sion is accepted only if it strictly improves the
evaluator score R(-); if the first sampled extension
yields no improvement the parent node is marked
terminal (7(v) < 1). The procedure returns
the best accepted reward encountered during the
simulation (or p(v) if no improvement is found).
The pseudocode follows.

Backpropagation Let rewardy, denote the
scalar returned by the simulation launched at the
newly-created child. Backpropagation updates
the visit counts and cumulative rewards along the
traversal path P = (vg, v1, ..., v) from the root



Algorithm 1 Guided Simulation with Early Termi-
nation
1: procedure SIMULATE(V, dmax)

2: if 7(v) =1 or d(v) > dmax then
3: return p(v)
4: end if
5: rewardeyr < p(v)
6: Seur — S(v)
7: fori < 1tomin (Smax, dmax — d(v)) do
8: e ~ G(-|Secur, dir)
9: if dir = forward then
10: Shew < Seur P €
11: else
12: Shew < €6 Seur
13: end if
14: if d(Shew) > dimax then
15: break
16: end if
17: rewardnew <— R(Shew)
18: if rewardpeyw > rewardg, then
19: Seur < Shew
20: rewardeyr < rewardpew
21: else
22: if ¢ = 1 then
23: T(v) 1
24: end if
25: break
26: end if
27: end for
28: return rewardc,,

29: end procedure

vg to the simulated node v, (inclusive). For each
node v € P perform:

N(v) < N(v) +1, s
W (v) = W(v) + rewardgip,. ®)

2.4 Outline Refinement

After bidirectional MCTS produces a rough out-
line, we apply a two-step refinement. First,
the model generates tailored opening and closing
scenes to bookend the core conflict. Second, an
LLM self-critic reviews the full outline for co-
herence—fixing logical gaps, pacing, or contradic-
tions via reordering, insertion, or deletion—yield-
ing a polished outline for final text generation.

2.5 Segmented Fiction Generation

The final step takes the refined narrative outline
as its direct input. To manage context length and
maintain stylistic control, the full fiction is gen-
erated in three consecutive segments: beginning,
body, and ending. Each segment is produced by a
separate LLM call, where the model is conditioned
on the entire outline and given segment-specific in-
structions (e.g., “The beginning paragraph should
be crafted to capture the reader’s interest.””). The

generated text from each segment is then concate-
nated to form the complete fiction.

3 Experiments

3.1 Experimental Setup

Dataset.  Existing public datasets are primar-
ily designed for images (He et al., 2022), and
lack a focused collection of literary themes suit-
able for long-form narrative generation. There-
fore, we constructed a dedicated Chinese thematic
dataset for long-form fiction evaluation consisting
of 40 themes®>. Themes were selected to cover
a spectrum of difficulty and creativity: (i) Com-
mon themes —single keywords or short, familiar
phrases (e.g., “%Z1% /love” , “BHH/dream” );
(i1) Competition themes —prompts collected from
provincial and national essay/fiction competitions
(e.g., “= TIPS/ twenty-four solar terms”, “>R
H 2035 fERY(S / a letter from 20357 ) that intro-
duce greater lexical and conceptual variety. Each
theme is used as a single test prompt for genera-
tion.

Backbone LLMs. Experiments are conducted
on three backbone LLMs to test robustness to
model choice: GPT-5-mini, Gemini-2.5-Flash and
DeepSeek-V3. Each baseline and our method are
evaluated using the same backbone model.
Baseline. We compare our method against two
state-of-the-art approaches in automatic story gen-
eration and vanilla LLM baseline:

(1) StoryWriter (Xia et al., 2025): a multi-
agent long-form generation framework that pro-
duces outlines, plans non-linear narrative structure,
and generates context-aware text.

(2) Narrative Studio(Ghaffari and Hokamp,
2025): originally an MCTS-based branching nar-
rative system; for automated comparison we adapt
its MCTS core to produce a single linear story from
a premise. Unlike our BiT-MCTS, this adapted
system generates and concatenates story fragments
without using an explicit intermediate outline or
narrative-theory guides.

(3) Vanilla LLM baseline: direct generation
from each backbone LLM using the same prompt,
included to isolate the effect of the generation
framework.

Evaluation Metrics and Protocol. We adopt the
ten-dimension fiction benchmark of (Wang et al.,

“While the BiT-MCTS framework can be used to generate
fictions in other languages as well, we tested it with Chinese
data for more reliable human evaluation.



Backbone LLM Method NC CR ER PS CD SD GR FL DI 0OQ Avg
) (%) (%) (o) (%) () (o) (W) (B) (%) (%)

Vanilla 00 00 00 00 00 00 75 25 00 00 1.0

DeepSeek-V3 StoryWriter ~ 32.5  17.5 200 30.0 175 425 250 250 40.0 425 272
Narrative Studio 42,5 575 200 425 200 150 75 100 250 30.0 27.0

BiT-MCTS 250 250 60.0 525 625 425 60.0 625 350 275 472

Vanilla 50 125 50 25 25 100 100 75 25 25 6.0

GPT-5-Mini StoryWriter ~ 27.5 100 40.0 400 400 325 325 30.0 175 450 315
Narrative Studio  10.0 350 125 75 125 00 175 175 25 50 120

BiT-MCTS 575 425 425 500 450 575 400 450 775 475 505

Vanilla 00 75 125 100 50 75 325 325 00 50 112

Gemini-2.5-Flash  StoryWriter 250 225 150 200 225 175 150 150 50 100 168
: Narrative Studio 125 30.0 350 125 150 00 100 100 25 75 135
BiT-MCTS 62.5 400 375 575 575 750 425 425 925 715 585

Table 1: Win rates of different methods across ten dimensions when evaluated by LLM judge. NC, CR, ER, PS,
CD, SD, GR, FL, DI, OQ represent narrative complexity, creativity, emotional resonance, plot structure, character
development, setting description, grammaticality, fluency, diversity, and overall quality, respectively.

Backbone LLM

Average Fiction Length (tokens)

StoryWriter  Narrative Studio BiT-MCTS
deepseek-v3 5904.35 4239.20 8059.55
gpt-5-mini 15008.10 3530.27 58657.00
gemini-2.5-flash 8438.75 1283.13 25374.10

Table 2: Average fiction length (in tokens) generated by different methods across different backbone LLM:s.

2025) (narrative complexity, creativity, emotional
resonance, plot structure, character development,
setting, grammaticality, fluency, diversity, overall
quality). To improve reliability, we use a compara-
tive evaluation protocol (Haider et al., 2025; Tosh-
niwal et al., 2025) in which judges view multiple
system outputs per theme and select the best per
dimension; the primary metric is win rate (percent-
age chosen best).

LLM-based Comparative Evaluation. The pri-
mary automatic judge is Qwen3-Max, which is dif-
ferent from the generation backbones, thus mitigat-
ing the self-preference bias of same model family
(Liusie et al., 2024). For each of 40 test themes,
each method generates one fiction; the four gen-
erated fictions per theme are evaluated in four in-
dependent rounds with fully randomized presenta-
tion orders to mitigate position effects. We report
per-dimension win rates aggregated over themes.
Furthermore, we conduct pairwise comparisons be-
tween our method and each competitor across all
themes, repeating each pairwise evaluation four
times per theme with randomized ordering(each or-
der evaluate two times).

Human Evaluation. To complement automatic
judgments on subjective dimensions such as cre-
ativity and thematic expression, we perform

a focused human evaluation on outputs using
DeepSeek-V3 as the backbone. For 10 randomly
selected themes, three methods (our method and
two competitors) produce a total of 30 fictions.
Four expert annotators (two literature graduate stu-
dents and two senior high-school Chinese teach-
ers) perform anonymized rankings; each fiction
set is ranked across the ten benchmark dimen-
sions(Wang et al., 2025) plus an additional The-
matic Expression dimension (11 dimensions total.
Per-dimension win rates are derived from the rank-
ings.

Hyperparameter Configuration For the MCTS
components, we simply set the UCB exploration
constant C = 0.5 to balance exploration and ex-
ploitation. Each tree was searched for 50 itera-
tions, with a maximum search depth dp,q; = 8,
a maximum simulation depth s,,,, = 3, and up
to kmar = 4 child expansions per node; these
constraints were chosen to curb narrative sprawl
while preserving sufficient plot diversity. Sam-
pling temperatures were varied by generation stage
(per-template values are reported in Appendix A).
To ensure a controlled comparison, Narrative Stu-
dio used the same number of iterations (50) and a
maximum simulation depth of 3.



Method NC CR ER PS CD SD GR FL DI OQ TH A

) ) (o) (o) (%) (%) (N (%) () (B () (%)
StoryWriter 26.67 26.67 30.00 20.00 23.33 33.33 30.77 29.09 30.77 20.00 26.67 27.02
Narrative Studio  40.00 40.00 2333 36.67 30.00 33.33 34.62 3455 34.62 36.67 20.00 33.03
BiT-MCTS 33.33 3333 46.67 4333 46.67 3333 34.62 3636 34.62 43.33 53.33 39.05

Table 3: Win rates of different methods across 11 dimensions when evaluated by human judges. NC, CR, ER, PS,
CD, SD, GR, FL, DI, OQ, TH represent narrative complexity, creativity, emotional resonance, plot structure, char-
acter development, setting description, grammaticality, fluency, diversity, overall quality, and theme, respectively.

Configuration NC CR ER PS CD SD GR FL DI 0Q Avg
(%) () (0) () (%) (B () () () (%) (%)
- MCTS 100 100 90 100 875 100 35 30 92,5 100 93.5
- Refinement 100 100 100 100 100 875 825 80 90 100 94
- Bidirectional 100 100 100 100 100 100 100 100 100 100 100
- Order Swapped 100 100 85 100 875 100 100 100 100 100 97.25

Table 4: Ablation study on key components of BiT-MCTS (lose rate against the complete method)

3.2 Experiment Results

3.2.1 Main Results

Seen from results in Table 1, BiT-MCTS at-
tains substantially higher average win rates
than the baselines (47.2%, 50.5%, and 58.5%
on DeepSeek-V3, GPT-5-Mini, and Gem-
ini-2.5-Flash, respectively, versus best baseline
averages of 27.2%, 31.5%, and 16.8%). The gains
are concentrated on dimensions that measure struc-
tural and literary quality rather than superficial
fluency: BiT-MCTS leads on narrative complex-
ity, plot structure, character development and
emotional resonance in most backbone settings.
Grammaticality and fluency remain competitive
or superior for BiT-MCTS (e.g., GR/FL with
DeepSeek-V3 are 60.0%/62.5%), indicating that
improvements in narrative sophistication are not
achieved at the expense of surface quality.

The method’s capacity for theme-based explo-
ration is reflected in the diversity and overall
quality measures. BiT-MCTS achieves markedly
higher diversity scores under strong backbones
(DI = 77.5% with GPT-5-Mini and DI = 92.5%
with Gemini-2.5-Flash) and strong overall quality
(0Q = 47.5% and 77.5% respectively), which im-
plies systematic coverage of distinct narrative in-
stantiations rather than repeated or narrowly con-
strained renditions. Pairwise head-to-head com-
parisons (Appendix C) further corroborate these
findings: BiT-MCTS attains overwhelming win
rates against simpler baselines in direct compe-
tition and maintains large margins against Story-
Writer and Narrative Studio across most dimen-
sions.

Length analysis offers an additional perspec-
tive on how the method achieves structural rich-
ness. BiT-MCTS produces substantially longer
narratives (see Table 2). Crucially, the increased
length is paired with higher scores on narrative
complexity and character development rather than
with lower grammaticality or fluency, supporting
the interpretation that MCTS exploration allows
fuller development of plot threads and arcs rather
than introducing redundancy.

The lose-rate diagnostics (Appendix B, Table
5) show that BiT-MCTS consistently attains the
lowest failure rates across backbones and dimen-
sions, establishing a reliable lower bound on qual-
ity: the method not only wins more often but also
avoids producing evidently poor outputs. This
consistency reduces the likelihood that the ob-
served gains are attributable to occasional outliers
and supports claims of robustness across backbone
LLMs and evaluation dimensions.

3.2.2 Ablation Study

The ablation results in Table 4 quantify the con-
tribution of each core component. Removing the
MCTS planner (-MCTS) yields an average lose
rate of 93.5%, disabling the iterative refinement
stage (-Refinement) yields a 94.0% lose rate, and
swapping or removing the bidirectional schedule
(-Order Swapped and -Bidirectional) produces ex-
treme failures (97.25% and 100% lose rates, re-
spectively). These causal diagnostics demonstrate
that each component is necessary for the full per-
formance of the system: the bidirectional planning
module is essential for maintaining coherent, the-
ory-consistent narrative arcs; the MCTS planner is



critical for systematic exploration of the narrative
space; and the refinement step materially improves
post-generation coherence and polish.

3.2.3 Human Evaluation

Expert human evaluations in Table 3 provide con-
vergent evidence with the automatic judgments.
BiT-MCTS attains the highest average human win
rate (39.05%) and leads on dimensions closely
aligned with our design objectives: emotional res-
onance (ER 46.67%), plot structure (PS 43.33%),
character development (CD 46.67%), and theme
(TH 53.33%). Although BiT-MCTS is not uni-
formly dominant on every single human-rated di-
mension (for example, Narrative Studio scores
higher on human NC and CR), the human results
indicate that BiT-MCTS produces narratives that
human readers judge as more emotionally engag-
ing, better structured, and more effective at re-
alizing abstract thematic prompts. These human
judgments also indirectly corroborate the effective-
ness of the outline component: BiT-MCTS’ s out-
line-driven, climax-prioritized planning appears to
yield more coherent, emotionally resonant, and
thematically aligned stories.

A fiction outline generated by BiT-MCTS is
given below (translated from Chinese output):

Example: Generated Fiction Outline

User-provided theme: memory

Core conflict: Amidst the irreversible erosion of
Alzheimer’s, the struggle to preserve memory be-
comes its own quiet form of love—a long, patient
farewell written in the language of loss.

Climax plot: Every day, elderly Ada dials the
same disconnected number, recounting the details
of her previous day. After investigating, social
worker Lena discovers that this disconnected num-
ber actually belonged to Ada’s husband, who was
killed in action on the battlefield years ago.
Falling action plot: Lina decided to help Ada over-
come her memory struggles. While sorting through
the attic at Ada’s house, she discovered a box of
wartime letters and a typewriter...

Rising action: ..In her youth, Ada worked as a
clerk in a field hospital, where she personally typed
her husband’s death certificate on this very type-
writer. This painful memory lay buried deep within
her until Alzheimer’s disease set in, causing her to
confuse the wartime era with the present.

4 Related Work

Research on automated story generation has
moved beyond static “plan-then-write” pipelines
toward architectures that integrate narrative the-
ory, memory mechanisms, and principled search.

Early hierarchical outlines improved topical coher-
ence but showed limited global structure and di-
versity (e.g., Plan-and-Write (Yao et al., 2019)),
prompting work that distributes planning and writ-
ing across agents or augments planning with mem-
ory and conflict analysis (e.g., Agents’ Room
(Huotetal., 2025) and related multi-agent/memory
methods). Complementary efforts address char-
acter depth and local logical consistency—Char-
acter-Centric Imagination and repair systems ex-
emplify this trend (Park et al., 2025; Zhang and
Long, 2024)—while multi-modal systems explore
text—visual alignment and stylistic control (Yang
et al., 2024). For long-form narratives, dynamic
outlining, hierarchical representations, and tempo-
ral knowledge graphs (e.g., StoryWriter, DOME,
and KG-driven approaches (Xia et al., 2025; Wang
et al., 2024; Shi et al., 2025a)) help manage theme
drift and interwoven plots, though many rely on
heuristic planning. Monte Carlo Tree Search and
its hybrids offer a more principled mechanism for
branching exploration, with Narrative Studio and
recent systems integrating learned value/policy
models to extend MCTS for creative generation
(Ghaffari and Hokamp, 2025; Materzok, 2025; Shi
et al., 2025b). Finally, a range of automatic met-
rics and human-annotation protocols have been
proposed for evaluating narrative quality and co-
herence (Wang et al., 2025; He et al., 2022; Hou
et al., 2025; Liu et al., 2023; Ismail Tarim and
Onan, 2025). Together, these advances improve
controllability and complexity but highlight the
need for systematic, theory-informed search for
long-horizon generation. By contrast, BIT-MCTS
employs explicit bidirectional planning, thereby
prioritizing long-horizon coherence and goal ful-
fillment rather than relying solely on forward,
learned value—driven rollouts.

5 Conclusion

We introduced BiT-MCTS, a theme-grounded fic-
tion generation framework that prioritizes an ex-
plicit climax and applies bidirectional MCTS to as-
semble coherent rising and falling actions. Both
automatic evaluation and human evaluation on a
Chinese theme dataset demonstrates the effective-
ness of BiT-MCTS.

In future work, we will apply and evaluate our
method in other languages and further improve fic-
tions’ creativity and quality by interacting with hu-
man readers and learning from human feedback.



Limitations

Despite the observed benefits, several limitations
warrant note:

(1) Search efficiency and cost: MCTS over long-
horizon plots is computationally expensive. API
latency, token costs, and search depth limits con-
strain exploration. Progressive widening, value es-
timation, or learned priors were not used, leaving
potential efficiency gains untapped.

(2) Evaluation constraints: Automated scoring
relies on a single external model (Qwen3-Max),
which may still introduce evaluator-model bias.
Human evaluation used a small panel and focused
on two dimensions; broader expert assessment,
inter-rater agreement reporting, and genre-specific
rubrics are needed for stronger validity.

(3) Length—quality trade-offs: Although our
method generates substantially longer narratives,
maintaining fine-grained consistency over very
long sequences remains challenging. We did
not conduct controlled studies to disentangle how
length influences automated and human scores.

Ethics Statement

We acknowledge that LLMs can produce harmful,
offensive, or otherwise inappropriate content. To
mitigate these risks, all model-generated texts that
were to be used in human evaluation were manu-
ally reviewed prior to annotation; we did not iden-
tify any samples containing overtly harmful con-
tent in the reviewed pool. We further apply stan-
dard de-identification and content-filtering proce-
dures to any materials that may be shared publicly.

All human annotations were carried out by vol-
untary participants recruited from a university pop-
ulation. Participants received written instructions
and gave informed consent before taking part; the
instructions described the study purpose, the poten-
tial for encountering sensitive language, the volun-
tary nature of participation, and the right to with-
draw at any time without penalty. Annotators
were compensated at a fair and reasonable rate for
their time. No personal identifying information
was collected for the purposes of research analy-
sis, and any incidental identifiers were removed or
anonymized during data processing.

We used Al assistant GPT-5-Mini only for non-
substantive language polishing of manuscript text;
no automated systems were used to generate eval-
uation labels, replace human judgments, or influ-
ence annotator decisions. All analyses and judg-

ments reported in this work reflect human annota-
tion and authors’ interpretation.

Finally, we complied with our institution’ s eth-
ical guidelines and applicable legal requirements.
We reviewed the licenses of all artifacts used in this
study and found no conflicts with their use in this
research.
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A Prompts

In this section, we present all the prompts used in
our experiments. Since our fiction generation is
primarily in Chinese, the original prompts are in
Chinese. For the convenience, we also provide En-
glish translations .

A.1 Conflict Generation (Temperature = 0.4)
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You are a professional fiction generation assistant,

skilled in designing core conflicts based on themes.

Please generate according to the following require-

ments:

1. Deeply analyze the given theme, the core con-

flict should be closely related to the theme.

2. If needed, you are not limited to a single theme:

you can combine the given theme with other related

themes, e.g., ”love”&’survival”.

3. The core conflict should have realistic signifi-

cance, high innovation, and provoke thought. At

the same time, it should have dramatic tension suit-

able for fiction creation.

4. Ifneeded, incorporate era/social background (no

era restriction). The core conflict should include

both personal and macro-level issues to broaden

the depth of the conflict.
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A.1.1 Conflict Screening (Temperature = (0.3)

TRE— DLV, THEA A
A, R ERAFR, BT EAE 8,
T 428 JSON A% 3t

You are a professional fiction writer. Please select
the best from the five given theme ideas, the one
that most closely matches the given theme. Strictly
output in JSON format.

A.1.2 Climax Plot Generation (Temperature

=0.4)
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EXAMPLE JSON OUTPUT:
”p]Otl”: ” i$”,

”plotZ”: D izk”’

You are a professional novelist. Based on the given
core conflict and central theme, design the core con-
flict plot for a novel according to the following re-
quirements.

*Freytag’s Pyramid Theory: Freytag’s Pyramid is
a narrative framework outlining the five-act struc-
ture of a novel: exposition, rising action, climax,
falling action, and resolution.

1. Using Freytag’s Pyramid theory, carefully ana-
lyze the provided core conflict and design the core
plot for the “climax” section.

2. This core conflict plot must be concrete, incor-
porating both characters and action.

3. The plot should serve as the climax and pivotal
moment of the novel’s narrative, vividly showcas-
ing the tension of the core conflict with strong dra-
matic intensity.

4. Avoid overloading the plot with excessive infor-
mation that diminishes readability.

5. The entire sequence must adhere to realistic
logic, be compelling, possess strong coherence
and literary merit, use punctuation correctly, and
demonstrate potential for expansion into outstand-
ing literary work.

6. Do not directly state phrases like “the climax
is” or “the climax erupts at” .
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Provide five distinct, qualifying plot options for se-
lection.

Output strictly in JSON format.

EXAMPLE JSON OUTPUT:

“plotl” : “Text” ,

“plot2” : “Text” ,

A.1.3 Climax Plot Screening (Temperature =
0.3)

REZ—=NLUAVNER, THES AT M0
MEREITE, G R,

1. XIS B BA B Rl etk &P IR,
Il SR RSRATSCEE, A5 N R
FAEMAIE L,

2%. %?EU‘%FEEE%?(EE%?@EtHé’a‘%E’\J*Z'D
AR IR JSON A 2Nt

EXAMPLE JSON OUTPUT:

“best”: ” AR

You are a professional novelist. Please select the
best plot from the five core conflicts provided.

1. This plot should be highly readable, plausible,
and possess strong literary merit, with the potential
to be expanded into an outstanding literary work.
2. This plot should most effectively showcase the
given core conflict.

Output strictly in JSON format.

EXAMPLE JSON OUTPUT:

“best” : “Text”

A.2 MCTS plot generation (Temperature =
0.3)

Below is the prompt used by the MCTS component
to generate sub-node plot:

A.2.1 Rising Action Generation
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6. Q. fERRAIZH. ACYRETESE
FEABLO, BEREENETRND.

7. BBEW: BUARS TS IS RN
H S5E8EN L e, TIEPETFE,

8. FHUE N #EHITE 90-150 F 2 A, FEREMAE
BRI ** 1615 RGN+, NIRRT MM, R
TEFEEYT, TIEH#E,

)
* S
* AN BT HOBIINKR,

A RIS T R,

*AERRETRE AT SRR RRRT RO, 2
REA IHRZ AR AT, B REREGSHE
RAEMMM, EAEERICEOH, BhE

R, FETHEA, FUNMEXRERI#EG
o RXABETERI, T B A T R
AIfdE, *

TRIR— B 5 MR R RIS 755
PRS2 AR ISON MUt

EXMAPLE JSON OUTPUT:

Yevents”: [ & 1 XA [T 2 XK, . ]
You are a creative fiction architect. Based on the
existing climax plot and theme, generate a reason-
able and engaging preceding plot.

Core Task: The plot you generate should be the
plot that occurred before the existing plot. It should
provide logical origins, emotional motivations, and
background prelude for the known climax event,
making subsequent development reasonable.
General Principles:

1. Foreshadowing & Origin: This plot should lay
the foundation for the core conflict, key decisions,
or character relationships in the existing plot. Ex-
plain ”why it happens” rather than what happens
next”.

2. Suspense & Guidance: While setting up the pre-
lude, skillfully create suspense or foreshadowing
to naturally direct the reader’s curiosity toward the
known subsequent plot.

3. Narrative Richness: Reasonably use literary
techniques (such as foreshadowing, flashback, per-
spective switching) to enrich narrative layers, but
ensure coordination with the subsequent style.

4. Character Development: Focus on showing the
characters’ states, motivations, or dilemmas in the
early stages, providing convincing personality ba-
sis for their major choices or transformations in
subsequent plots.

5. Theme Deepening: Approach the theme from
an earlier stage, deepen the core idea of the plot
through the preceding plot, and broaden the depth
of thought.

6. Innovation: Demonstrate innovation in the
design of prelude, initial character settings, etc.,
avoiding clichéd background introductions.

7. Logical Self-consistency: The plot itself should
conform to reality or world-view common sense,
and fit seamlessly with subsequent plots without
logical contradictions.

8. Word Count: Control between 90-150 words.
Note that what you generate is a plot outline, fo-
cusing on key events, decisions, and turning points,
rather than detailed descriptions.

Excellent Example:

*Theme: Sacrifice and Love™

*Existing Plot: Della sold her cherished long hair
to buy a watch chain for Jim’s gold watch.
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*Generated Preceding Plot: Jim’s gold watch strap
had long been damaged and could only be tied
with an old leather rope. He was embarrassed
multiple times at important occasions due to diffi-
culty checking the time. Della silently remembered
this, secretly saving every penny of household ex-
penses for months, just to save enough money be-
fore Christmas. This secret plan became the sweet-
est burden in her impoverished life.*

Please generate 5 distinct plot options at once.
Strictly output in JSON format.

EXMAPLE JSON OUTPUT:

“events”: [”’Plot text 17, ”Plot text 27, ... |

A.2.2 Falling Action Generation

(Temperature = 0.3)
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EXMAPLE JSON OUTPUT:

{

”plot”: 2 ij‘(”

}

You are a creative fiction architect. Following the
instructions below, fully consider the current fic-
tion plot outline and theme to generate a reasonable
and engaging subsequent plot.



General Principles:

1. Coherence: This plot should naturally connect to
the existing plot, maintaining consistency in char-
acter personalities, narrative style, and facts.

2. Narrative Richness: Reasonably use literary
techniques—such as non-linear narrative, plot re-
versals, and dual perspectives—to enrich plot de-
velopment.

3. Plot Advancement: Advance the development
of the core conflict, introduce twists, obstacles, or
new information, and show how characters react
and change when facing challenges.

4. Theme Deepening: The generated plot should
further deepen the theme and broaden the depth of
thought.

5. Innovation: Innovation should be reflected in
plot design, narrative structure, character develop-
ment, etc., avoiding clichés.

6. Character Development Orientation: The plot
should show characters’ changes, growth, or inner
conflicts.

7. The plot itself should conform to common sense,
be engaging, have strong logic and literary quality,
and have the potential to be expanded into an ex-
cellent fiction work.

8. Word Count: Control the plot between 90-150
words. Note that what you generate is a plot outline,
not a complete paragraph, so it should not contain
excessive description; focus on narrating plot de-
velopment.

Excellent Example:

Theme: Love

Existing Plot: Della and Jim are a loving couple,
but they live in poverty. On Christmas Eve, Della
wants to buy a gift for her husband Jim, but is short
of money. Hesitating, she sees her beautiful long
hair in the mirror. After an inner struggle, she res-
olutely sells her hair. Then, she searches the entire
city and finally finds a watch chain that fits Jim’s
heirloom gold watch, returning home to wait for
her husband.

Generated Plot: After Jim returns home, he sees
Della’s short hair with a strange expression. Della
quickly explains that she sold her hair to buy him
a gift. Jim slowly takes out a gift—a set of tortoise-
shell combs that Della had long dreamed of, match-
ing the hair she lost. Jim confesses that he sold his
gold watch to buy the combs. The two are speech-
less for a moment, and the gifts become heavy in
their hands.

Strictly output in JSON format.

EXAMPLE JSON OUTPUT:
{

“plot”: “’text”

}

A.3 Plot Evaluation Prompt (Temperature =

0.0)

You are a strict expert fiction Fiction Plot Evalua-
tion Prompt (Reward Function): You are a strict
expert fiction plot critic. Analyze the following
narrative and rate it for each of these categories,
scoring each on a scale from 1 to 10 (1=very poor,
10=excellent).
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Use the **full range** if warranted. For instance:
* (2) — extremely contradictory or incoherent

* (5) — okay but flawed or somewhat boring

* (9) — excellent, with minor or no flaws

* (10) — near-perfect

*** Categories to Rate ***

1. Overall quality: How engaging, structured, and
fluid the plot is.

2. Identifying major flaws: Whether the fiction has
inconsistencies, repetitions, or unnatural patterns.
Score higher if the fiction is free of glaring mis-
takes.

3. Character: How consistent and believable are
the characters’ actions and dialogue?

4. Setting: The background setting should be
deeply integrated with the plot and characters, ef-
fectively creating atmosphere, influencing charac-
ter decisions, and driving the plot forward. Deduc-
tions for: disjointed setting and plot, details that
defy common sense, forced exposition of the world-
building, or information overload.

5. Consistency: Does the fiction maintain internal
logic and continuity (no contradictions)?

6. Relatedness: Do events connect logically to one
another?

7. Causal and temporal relationship: Are cause-
and-effect and chronological order handled well?
8. Theme: Does the plot revolve around the given
theme? The principal contradiction and the main
characters should all be closely related to the theme.
The whole plot must surround the theme.

9. Readible: The plot should be clear and easy to
understand, with no confusing or ambiguous ele-
ments.

10. Creativity: Does the plot present original ideas,
unique plot twists, or innovative character develop-
ments that set it apart from common tropes?

Be strict if you see any contradictions, lack of clar-
ity, or poor transitions. Readers can easily imag-
ine the whole fiction with this plot. Debuctions for:
too complexed plot,too much information.

JSON OUTPUT EXAMPLE

{

“metric_name”: an integer score

}

Lose Rates

C Pairwise Comparison



LLM Judge Approach NC CR ER PS CD SD GR FL DI OQ Avg
(%) (%) (%) (%) () () (B () (o) (0) (%)

Vanilla 875 975 625 700 975 925 450 450 925 90.0 78.0
Story Writer 5.0 00 250 175 0.0 25 300 300 00 25 113
Narrative Studio 5.0 0.0 75 125 0.0 25 225 225 00 25 7.3
BiT-MCTS 2.5 2.5 5.0 0.0 2.5 2.5 2.5 2.5 7.5 5.0 33

Vanilla 75.0 75.0 50.0 450 750 750 250 250 70.0 625 572
StoryWriter 50 125 0.0 125 25 50 150 150 75 7.5 8.3
Narrative Studio 150 5.0 350 325 20.0 20.0 50.0 500 200 250 278
BiT-MCTS 5.0 75 150 100 25 0.0 100 100 25 5.0 6.8

Vanilla 80.0 575 375 175 775 675 150 150 575 575 483
Story Writer 50 150 200 225 25 25 125 125 25 50 10.0
Narrative Studio  15.0 150 250 60.0 15.0 30.0 675 675 400 375 373
BiT-MCTS 0.0 125 175 0.0 5.0 0.0 5.0 5.0 0.0 0.0 4.5

DeepSeek-V3

GPT-5-Mini

Gemini-2.5-Flash

Table 5: Lose rates (probability of being judged as the worst) of different approaches across ten dimensions when
evaluated by LLMs. NC, CR, ER, PS, CD, SD, GR, FL, DI, OQ represent narrative complexity, creativity, emo-
tional resonance, plot structure, character development, setting description, grammaticality, fluency, diversity, and
overall quality, respectively.

LLM Judge Against NC CR ER PS CD SD GR FL DI OQ Avg
(%) (o) () (%) (W) () () (%) (%) (%) (%)

Vanilla 100.0 98.0 93.0 100.0 93.0 980 78.0 78.0 100.0 100.0 93.8

DeepSeek-V3 StoryWriter 580 58.0 750 450 700 550 83.0 830 650 650 657
Narrative Studio  38.0 250 650 50.0 68.0 70.0 950 950 850 68.0 659

Vanilla 100.0 80.0 90.0 90.0 90.0 70.0 70.0 70.0 100.0 100.0 86.0

GPT-5-Mini StoryWriter ~ 100.0 950 70.0 950 750 70.0 60.0 60.0 900 950 81.0
Narrative Studio  70.0  70.0 80.0 90.0 90.0 750 60.0 60.0 90.0 90.0 77.5

Vanilla 80.0 80.0 70.0 80.0 80.0 80.0 550 550 850 90.0 755

Gemini-2.5-Flash StoryWriter 850 650 850 750 850 550 750 750 80.0 80.0 76.0
Narrative Studio  55.0 55.0 80.0 75.0 80.0 650 80.0 80.0 800 80.0 73.0

Table 6: Win rates of our method (BiT-MCTYS) against three baselines in pairwise comparisons across ten dimen-
sions. NC, CR, ER, PS, CD, SD, GR, FL, DI, OQ represent narrative complexity, creativity, emotional resonance,
plot structure, character development, setting description, grammaticality, fluency, diversity, and overall quality,
respectively.
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