
BiT-MCTS: A Theme-based Bidirectional MCTS Approach to Chinese
Fiction Generation

Anonymous ACL submission

Abstract001

Generating long‑form fiction from open‑ended002
themes remains a major challenge for large lan-003
guage models, which frequently fail to guar-004
antee global structure and narrative diversity005
when using premise‑based or linear outlin-006
ing approaches. We present BiT‑MCTS, a007
theme‑driven framework that operationalizes008
a“climax‑first, bidirectional expansion”strat-009
egy motivated by Freytag’s Pyramid. Given010
a theme, our method extracts a core dra-011
matic conflict and generates an explicit cli-012
max, then employs a bidirectionalMonte Carlo013
Tree Search (MCTS) to expand the plot back-014
ward (rising action, exposition) and forward015
(falling action, resolution) to produce a struc-016
tured outline. A final generation stage real-017
izes a complete narrative from the refined out-018
line. We construct a Chinese theme corpus019
for evaluation and conduct extensive experi-020
ments across three contemporary LLM back-021
bones. Results show that BiT‑MCTS improves022
narrative coherence, plot structure, and the-023
matic depth relative to strong baselines, while024
enabling substantially longer, more coherent025
stories according to automatic metrics and hu-026
man judgments.027

1 Introduction028

Large language models (LLMs) have made sig-029

nificant strides in text generation, particularly in030

the domain of story generation, showcasing their031

potential in artificial intelligence (Liu and Singh,032

2002; Ammanabrolu and Riedl, 2018; Yang et al.,033

2023; Kumar, 2024). However, the task of fic-034

tion generation remains a formidable challenge for035

LLMs. Unlike general story generation, fiction re-036

quires not only coherent and engaging plots but037

also adherence to higher literary standards, includ-038

ing the use of sophisticated literary techniques and039

the development of central themes, which are es-040

sential for producing works of substantial literary041

merit.042

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.

Fiction generation is fraught with several critical 043

challenges: (1) Complex Narrative Structures: 044

LLMs inherently struggle to design intricate nar- 045

rative frameworks and emotional exchanges that 046

characterize human-authored literature (Tian et al., 047

2024). Current methodologies often depend on se- 048

quential outline generation (Yao et al., 2019; Tian 049

et al., 2024), which can lead to overly formulaic 050

narratives. (2) Literary Theory Support: Ex- 051

isting approaches often lack grounding in estab- 052

lished literary theories. While LLMs can gener- 053

ate lengthy texts, they frequently fail to maintain 054

complex narrative structures throughout extended 055

narratives. (3) Theme-Based Exploration: Most 056

existing methods are limited by their focus on 057

specific premises, with insufficient exploration of 058

theme-based fiction generation. Effective theme- 059

based generation necessitates navigating a vast, 060

undefined narrative space, yet current techniques 061

lack systematic search mechanisms to ensure nar- 062

rative diversity. 063

To address these challenges,we propose 064

BiT‑MCTS, a framework that combines Freytag’ 065

s Pyramid narrative theory (Freytag, 2003) with 066

a bidirectional Monte Carlo Tree Search (MCTS) 067

guided by LLMs. Unlike prior MCTS‑based 068

systems such as Narrative Studio—which apply 069
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Figure 2: An overview of the four-stage fiction generation pipeline, which proceeds: (1)Conflict and ClimaxGen-
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 directly070

generate relatively short stories without explicit071

grounding in narrative theory—BiT-MCTS begins072

with the generation of a core dramatic conflict073

derived from broad themes, followed by the074

direct generation of a climax plot using LLMs.075

Subsequently, we introduce a bidirectional Monte076

Carlo Tree Search (MCTS) algorithm (Abramson,077

2014) that utilizes the climax plot as its root node078

and generates a coherent narrative outline. This079

algorithm searches forward for plausible“falling080

action”and resolution, where the falling action081

includes the events that occur after the climax,082

leading towards the resolution of the conflict,083

and the resolution provides a conclusion to the084

narrative. In addition, the algorithm searches085

forward for plausible “rising action”and expo-086

sition. The rising action consists of the events087

leading up to the climax, which build tension and088

develop the conflict, while exposition refers to the089

background information and context necessary for090

understanding the fiction. Finally, we expand the091

structured outline into a complete narrative.092

We evaluate BiT‑MCTS on a held‑out set093

of 40 Chinese themes (sourced from official094

essay/fiction competitions) using three back- 095

bone LLMs (GPT‑5‑mini, Gemini‑2.5‑Flash, 096

DeepSeek‑V3). Baselines include StoryWriter 097

(Xia et al., 2025), an adapted Narrative Studio 098

(Ghaffari and Hokamp, 2025), and direct LLM 099

generation. We adopt an adapted version of the 100

ten‑dimensional fiction benchmark from Wang 101

et al. (2025) and use a comparative evaluation 102

protocol—automated LLM judges (distinct from 103

the generation backbones) plus human expert 104

assessments—and perform extensive ablations to 105

quantify each component’s contribution. 106

We summarize our primary contributions as fol- 107

lows: 108

(1) We apply Freytag’s Pyramid narrative the- 109

ory to automated fiction generation, proposing a 110

“climax-first, bidirectional MCTS search”frame- 111

work. 112

(2) We constructed a dataset of Chinese fiction 113

themes and designed a corresponding benchmark 114

to evaluate plot structure and literary quality, pro- 115

viding a valuable resource for future research on 116

long-form narrative generation. 117

(3) Through extensive experiments and ablation 118

studies, we demonstrate the effectiveness of our 119
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framework against strong contemporary baselines120

and validate the necessity of each component 1.121

2 Methodology122

2.1 Overview123

Our framework, BiT-MCTS, targets the prob-124

lem of generating long-form fiction from abstract,125

open-ended themes. Here, a theme denotes the cen-126

tral artistic idea (e.g., “love”) that motivates a127

literary work. The goal is to automatically pro-128

duce a complete, structured narrative that deeply129

explores the given theme while optimizing key130

literary dimensions: narrative complexity, coher-131

ent plot structure, plausible character development,132

emotional resonance, and textual diversity.133

To achieve this, BiT-MCTS is grounded in Frey-134

tag’s Pyramid (Freytag, 2003), a classic narra-135

tive model that divides a fiction into five dra-136

matic stages: exposition (introducing characters137

and setting), rising action (escalating conflict), cli-138

max (peak tension and turning point), falling ac-139

tion (consequences and resolution), and resolution140

(final closure). This structural template ensures141

global coherence and emotional pacing—making it142

especially suitable for computational narrative gen-143

eration.144

Figure 2 summarizes the BiT-MCTS pipeline.145

Given a user-specified theme (e.g.,“love”), the146

system first elicits a concise core conflict and a147

concrete narrative climax. This climax-first strat-148

egy fixes a high-stakes turning point, providing a149

strong anchor for subsequent planning. From that150

anchor, a Bidirectional Monte Carlo Tree Search151

(MCTS) module unfolds the plot in two direc-152

tions: a falling-action tree expands forward to ex-153

plore consequences and resolutions, while a rising-154

action tree expands backward to generate plausible155

antecedent events and escalating conflicts leading156

to the climax. Both trees are guided by an LLM-157

based reward function that trades off creativity and158

coherence to produce diverse, compatible candi-159

date plot segments. The selected segments are as-160

sembled into a provisional outline; we then syn-161

thesize aligned opening and closing scenes, apply162

global refinement to repair logical gaps and pacing163

issues, and realize the refined outline as a complete164

narrative using segmented generation with special-165

ized prompts.166

The overall pipeline operates in four sequential167

1All code and data will be made publicly available to en-
courage reproducibility and further development.

stages below and the detailed LLM prompts used 168

in our method are provided in the Appendix. 169

2.2 Conflict and Climax Generation 170

Given a high-level theme θ , we employ an LLM to 171

generate a concise specification of the central dra- 172

matic conflict that characterizes the primary antag- 173

onistic forces of the narrative. This conflict is then 174

used as conditioning context for a secondmodel in- 175

vocation that produces a scene-level description of 176

the fiction’s climax: a single climactic event e*— 177

i.e., the event in which the central conflict reaches 178

maximal intensity and is resolved or transformed. 179

The resulting climactic scene is treated as the an- 180

chor (root) node for the subsequent MCTS used in 181

structured plot construction. 182

2.3 Bidirectional MCTS 183

We construct a five‑act outline by performing two 184

MCTS phases anchored at a single climactic event 185

e*: a forward phase (falling action) that extends 186

events after the climax and a backward phase (ris- 187

ing action) that generates antecedent events lead- 188

ing to the climax. 189

Node representation. Let V denote the set of 190

tree nodes. Each node v ∈ V encodes a partial 191

outline and a small set of bookkeeping quantities: 192

• Partial outline S(v): an ordered sequence of 193

events associated with v. 194

• Tree structure p(v) and C(v) denote the par- 195

ent node and child node of v respectively. 196

• Depth d(v): the depth of v (root has d = 0). 197

• Visit count N(v): the number of times v has 198

been visited. 199

• Cumulative return W (v): sum of simula- 200

tion returns backpropagated to v. 201

• Prefix plot reward ρ(v): the evaluator score 202

of the plot prefix from the root to v. 203

• Terminal flag τ(v) ∈ {0, 1}: indicates 204

whether v corresponds to a completed outline. 205

• Fully expanded flag χ(v) ∈ {0, 1}: in- 206

dicates whether all admissible children of v 207

have been generated. 208

• Cached extensions Π(v): the cached candi- 209

date extensions for v. 210
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We use ⊕ and ⊖ to denote concatenation opera-211

tors on event sequences:212

S ⊕ e (append), e⊖ S (prepend).213

The evaluator (reward function) is denoted as214

R(·), which maps a partial outline S to a scalar215

quality score. The LLM-based plot writer dis-216

tribution is denoted G(·|S, dir), where dir ∈217

{forward, backward}.218

Evaluator (reward function). The evaluator is219

an LLM-based reward function denoted R(·) that220

maps a partial outline S (specifically, the full221

path from the root to a node v) to a scalar qual-222

ity score; in our notation the plot reward stored223

at node v is ρ(v) = R
(
S(v)

)
. Concretely, for224

each newly created node we evaluate the entire225

plot from the root to that node by prompting an226

LLM with a specialized evaluation prompt (see227

Appendix B). The prompt elicits judgments along228

multiple, explicitly enumerated dimensions criti-229

cal for high-quality outlines: Character Develop-230

ment, Setting Description, Consistency, Related-231

ness, Causal/Temporal Relationship, Theme Ex-232

ploration, Readability, Creativity, Identification233

of Major Flaws, and Overall Quality. These di-234

mensions prioritize logical coherence, structural235

soundness, and creative merit rather than surface-236

level linguistic metrics; Readability is included to237

counter the tendency toward convoluted outlines.238

The LLM culculates sum of per-dimension scores,239

rescales to a fixed range [0,10] for stability and re-240

turns the score.241

High-level procedure. 1) Initialize a root node242

vclimax with S(vclimax) = [e⋆] and run a forward243

MCTS (dir = forward) to obtain a post-climax244

segment S→. 2) Initialize a new root vpost with245

S(vpost) = S→ and run a backward MCTS (dir =246

backward) to generate the pre-climax segment,247

yielding a complete outline S←. Generating the248

effect (falling action) before the cause (rising ac-249

tion) constrains antecedent generation and reduces250

incoherent setups.251

Below we describe a single MCTS phase (appli-252

cable to both directions) in four steps.253

Selection. From the root, traverse to a leaf by254

repeatedly selecting a child u ∈ C(v) that maxi-255

mizes a UCT-style acquisition:256

UCB(u) =
W (u)

N(u)
+ c

√
2 lnN(p(u))

N(u)
, (1)257

where c > 0 is an exploration constant controlling 258

the weight of the exploration term. 259

Expansion. If vleaf is non-terminal and not fully 260

expanded, obtain (and cache on first expansion) a 261

ranked candidate list 262

Π(vleaf) = {e1, . . . , eK} ← G
(
· |S(vleaf), dir

)
,
(2) 263

where K is the candidate budget. Concretely, the 264

implementation calls the proposer only once when 265

the node is first expanded and stores the returned 266

list inΠ(vleaf); an index pointer intoΠ(vleaf) tracks 267

which candidates have already been used. On each 268

expansion step for this parent, instantiate exactly 269

one new child by taking the next unused candidate 270

e from Π(vleaf) (i.e., in cached order). For an ad- 271

missible candidate e create a child u with 272

S(u) =

S(vleaf)⊕ e, if dir = forward,

e⊖ S(vleaf), if dir = backward,
(3) 273

and store its immediate plot reward 274

ρ(u) = R
(
S(u)

)
. (4) 275

As in the implementation, a newly-created child 276

is not assigned visit/count accumulators (N(u) = 277

0, W (u) = 0) until backpropagation updates them. 278

If the cached list is exhausted or no admissible can- 279

didate remains, set χ(vleaf) = 1. 280

Simulation We perform a guided, locally- 281

focused simulation with an early-stopping rule. 282

Starting from node v (with partial outline S(v) 283

and cached plot reward ρ(v)), the simulator 284

performs up to smax one-step extension attempts 285

(but no more than the remaining depth budget) by 286

sampling candidate events from the plot-writer 287

distribution G(·|Scur, dir). Each sampled exten- 288

sion is accepted only if it strictly improves the 289

evaluator scoreR(·); if the first sampled extension 290

yields no improvement the parent node is marked 291

terminal (τ(v) ← 1). The procedure returns 292

the best accepted reward encountered during the 293

simulation (or ρ(v) if no improvement is found). 294

The pseudocode follows. 295

Backpropagation Let rewardsim denote the 296

scalar returned by the simulation launched at the 297

newly-created child. Backpropagation updates 298

the visit counts and cumulative rewards along the 299

traversal path P = (v0, v1, . . . , vk) from the root 300
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Algorithm 1Guided Simulation with Early Termi-
nation
1: procedure SIMULATE(v, dmax)
2: if τ(v) = 1 or d(v) ≥ dmax then
3: return ρ(v)
4: end if
5: rewardcur ← ρ(v)
6: Scur ← S(v)
7: for i← 1 to min

(
smax, dmax − d(v)

)
do

8: e ∼ G(·|Scur, dir)
9: if dir = forward then
10: Snew ← Scur ⊕ e
11: else
12: Snew ← e⊖ Scur
13: end if
14: if d(Snew) > dmax then
15: break
16: end if
17: rewardnew ← R(Snew)
18: if rewardnew > rewardcur then
19: Scur ← Snew
20: rewardcur ← rewardnew
21: else
22: if i = 1 then
23: τ(v)← 1
24: end if
25: break
26: end if
27: end for
28: return rewardcur
29: end procedure

v0 to the simulated node vk (inclusive). For each301

node v ∈ P perform:302

N(v)← N(v) + 1,

W (v)←W (v) + rewardsim.
(5)303

2.4 Outline Refinement304

After bidirectional MCTS produces a rough out-305

line, we apply a two‑step refinement. First,306

the model generates tailored opening and closing307

scenes to bookend the core conflict. Second, an308

LLM self‑critic reviews the full outline for co-309

herence—fixing logical gaps, pacing, or contradic-310

tions via reordering, insertion, or deletion—yield-311

ing a polished outline for final text generation.312

2.5 Segmented Fiction Generation313

The final step takes the refined narrative outline314

as its direct input. To manage context length and315

maintain stylistic control, the full fiction is gen-316

erated in three consecutive segments: beginning,317

body, and ending. Each segment is produced by a318

separate LLM call, where the model is conditioned319

on the entire outline and given segment-specific in-320

structions (e.g.,“The beginning paragraph should321

be crafted to capture the reader’s interest.”). The322

generated text from each segment is then concate- 323

nated to form the complete fiction. 324

3 Experiments 325

3.1 Experimental Setup 326

Dataset. Existing public datasets are primar- 327

ily designed for images (He et al., 2022), and 328

lack a focused collection of literary themes suit- 329

able for long-form narrative generation. There- 330

fore, we constructed a dedicated Chinese thematic 331

dataset for long-form fiction evaluation consisting 332

of 40 themes2. Themes were selected to cover 333

a spectrum of difficulty and creativity: (i) Com- 334

mon themes —single keywords or short, familiar 335

phrases (e.g.,“爱情 / love”,“梦想 / dream”); 336

(ii) Competition themes—prompts collected from 337

provincial and national essay/fiction competitions 338

(e.g.,“二十四节气 / twenty-four solar terms”,“来 339

自 2035年的信 / a letter from 2035”) that intro- 340

duce greater lexical and conceptual variety. Each 341

theme is used as a single test prompt for genera- 342

tion. 343

Backbone LLMs. Experiments are conducted 344

on three backbone LLMs to test robustness to 345

model choice: GPT-5-mini, Gemini-2.5-Flash and 346

DeepSeek‑V3. Each baseline and our method are 347

evaluated using the same backbone model. 348

Baseline. We compare our method against two 349

state-of-the-art approaches in automatic story gen- 350

eration and vanilla LLM baseline: 351

(1) StoryWriter (Xia et al., 2025): a multi- 352

agent long-form generation framework that pro- 353

duces outlines, plans non‑linear narrative structure, 354

and generates context‑aware text. 355

(2) Narrative Studio(Ghaffari and Hokamp, 356

2025): originally an MCTS‑based branching nar- 357

rative system; for automated comparison we adapt 358

itsMCTS core to produce a single linear story from 359

a premise. Unlike our BiT-MCTS, this adapted 360

system generates and concatenates story fragments 361

without using an explicit intermediate outline or 362

narrative-theory guides. 363

(3) Vanilla LLM baseline: direct generation 364

from each backbone LLM using the same prompt, 365

included to isolate the effect of the generation 366

framework. 367

Evaluation Metrics and Protocol. We adopt the 368

ten‑dimension fiction benchmark of (Wang et al., 369

2While 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.
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Backbone LLM Method NC CR ER PS CD SD GR FL DI OQ Avg
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

DeepSeek-V3
Vanilla 0.0 0.0 0.0 0.0 0.0 0.0 7.5 2.5 0.0 0.0 1.0

StoryWriter 32.5 17.5 20.0 30.0 17.5 42.5 25.0 25.0 40.0 42.5 27.2
Narrative Studio 42.5 57.5 20.0 42.5 20.0 15.0 7.5 10.0 25.0 30.0 27.0
BiT-MCTS 25.0 25.0 60.0 52.5 62.5 42.5 60.0 62.5 35.0 27.5 47.2

GPT-5-Mini
Vanilla 5.0 12.5 5.0 2.5 2.5 10.0 10.0 7.5 2.5 2.5 6.0

StoryWriter 27.5 10.0 40.0 40.0 40.0 32.5 32.5 30.0 17.5 45.0 31.5
Narrative Studio 10.0 35.0 12.5 7.5 12.5 0.0 17.5 17.5 2.5 5.0 12.0
BiT-MCTS 57.5 42.5 42.5 50.0 45.0 57.5 40.0 45.0 77.5 47.5 50.5

Gemini-2.5-Flash
Vanilla 0.0 7.5 12.5 10.0 5.0 7.5 32.5 32.5 0.0 5.0 11.2

StoryWriter 25.0 22.5 15.0 20.0 22.5 17.5 15.0 15.0 5.0 10.0 16.8
Narrative Studio 12.5 30.0 35.0 12.5 15.0 0.0 10.0 10.0 2.5 7.5 13.5
BiT-MCTS 62.5 40.0 37.5 57.5 57.5 75.0 42.5 42.5 92.5 77.5 58.5

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 LLMs.

2025) (narrative complexity, creativity, emotional370

resonance, plot structure, character development,371

setting, grammaticality, fluency, diversity, overall372

quality). To improve reliability, we use a compara-373

tive evaluation protocol (Haider et al., 2025; Tosh-374

niwal et al., 2025) in which judges view multiple375

system outputs per theme and select the best per376

dimension; the primary metric is win rate (percent-377

age chosen best).378

LLM-based Comparative Evaluation. The pri-379

mary automatic judge is Qwen3‑Max, which is dif-380

ferent from the generation backbones, thus mitigat-381

ing the self-preference bias of same model family382

(Liusie et al., 2024). For each of 40 test themes,383

each method generates one fiction; the four gen-384

erated fictions per theme are evaluated in four in-385

dependent rounds with fully randomized presenta-386

tion orders to mitigate position effects. We report387

per‑dimension win rates aggregated over themes.388

Furthermore, we conduct pairwise comparisons be-389

tween our method and each competitor across all390

themes, repeating each pairwise evaluation four391

times per themewith randomized ordering(each or-392

der evaluate two times).393

Human Evaluation. To complement automatic394

judgments on subjective dimensions such as cre-395

ativity and thematic expression, we perform396

a focused human evaluation on outputs using 397

DeepSeek‑V3 as the backbone. For 10 randomly 398

selected themes, three methods (our method and 399

two competitors) produce a total of 30 fictions. 400

Four expert annotators (two literature graduate stu- 401

dents and two senior high‑school Chinese teach- 402

ers) perform anonymized rankings; each fiction 403

set is ranked across the ten benchmark dimen- 404

sions(Wang et al., 2025) plus an additional The- 405

matic Expression dimension (11 dimensions total. 406

Per‑dimension win rates are derived from the rank- 407

ings. 408

Hyperparameter Configuration For the MCTS 409

components, we simply set the UCB exploration 410

constant C = 0.5 to balance exploration and ex- 411

ploitation. Each tree was searched for 50 itera- 412

tions, with a maximum search depth dmax = 8, 413

a maximum simulation depth smax = 3, and up 414

to kmax = 4 child expansions per node; these 415

constraints were chosen to curb narrative sprawl 416

while preserving sufficient plot diversity. Sam- 417

pling temperatures were varied by generation stage 418

(per‑template values are reported in Appendix A). 419

To ensure a controlled comparison, Narrative Stu- 420

dio used the same number of iterations (50) and a 421

maximum simulation depth of 3. 422
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Method NC CR ER PS CD SD GR FL DI OQ TH Avg
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

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 23.33 36.67 30.00 33.33 34.62 34.55 34.62 36.67 20.00 33.03
BiT-MCTS 33.33 33.33 46.67 43.33 46.67 33.33 34.62 36.36 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 OQ Avg
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

- MCTS 100 100 90 100 87.5 100 35 30 92.5 100 93.5
- Refinement 100 100 100 100 100 87.5 82.5 80 90 100 94
- Bidirectional 100 100 100 100 100 100 100 100 100 100 100
- Order Swapped 100 100 85 100 87.5 100 100 100 100 100 97.25

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

3.2 Experiment Results423

3.2.1 Main Results424

Seen from results in Table 1, BiT‑MCTS at-425

tains substantially higher average win rates426

than the baselines (47.2%, 50.5%, and 58.5%427

on DeepSeek‑V3, GPT‑5‑Mini, and Gem-428

ini‑2.5‑Flash, respectively, versus best baseline429

averages of 27.2%, 31.5%, and 16.8%). The gains430

are concentrated on dimensions that measure struc-431

tural and literary quality rather than superficial432

fluency: BiT‑MCTS leads on narrative complex-433

ity, plot structure, character development and434

emotional resonance in most backbone settings.435

Grammaticality and fluency remain competitive436

or superior for BiT‑MCTS (e.g., GR/FL with437

DeepSeek‑V3 are 60.0%/62.5%), indicating that438

improvements in narrative sophistication are not439

achieved at the expense of surface quality.440

The method’s capacity for theme‑based explo-441

ration is reflected in the diversity and overall442

quality measures. BiT‑MCTS achieves markedly443

higher diversity scores under strong backbones444

(DI = 77.5% with GPT‑5‑Mini and DI = 92.5%445

with Gemini‑2.5‑Flash) and strong overall quality446

(OQ = 47.5% and 77.5% respectively), which im-447

plies systematic coverage of distinct narrative in-448

stantiations rather than repeated or narrowly con-449

strained renditions. Pairwise head‑to‑head com-450

parisons (Appendix C) further corroborate these451

findings: BiT‑MCTS attains overwhelming win452

rates against simpler baselines in direct compe-453

tition and maintains large margins against Story-454

Writer and Narrative Studio across most dimen-455

sions.456

Length analysis offers an additional perspec- 457

tive on how the method achieves structural rich- 458

ness. BiT‑MCTS produces substantially longer 459

narratives (see Table 2). Crucially, the increased 460

length is paired with higher scores on narrative 461

complexity and character development rather than 462

with lower grammaticality or fluency, supporting 463

the interpretation that MCTS exploration allows 464

fuller development of plot threads and arcs rather 465

than introducing redundancy. 466

The lose‑rate diagnostics (Appendix B, Table 467

5) show that BiT‑MCTS consistently attains the 468

lowest failure rates across backbones and dimen- 469

sions, establishing a reliable lower bound on qual- 470

ity: the method not only wins more often but also 471

avoids producing evidently poor outputs. This 472

consistency reduces the likelihood that the ob- 473

served gains are attributable to occasional outliers 474

and supports claims of robustness across backbone 475

LLMs and evaluation dimensions. 476

3.2.2 Ablation Study 477

The ablation results in Table 4 quantify the con- 478

tribution of each core component. Removing the 479

MCTS planner (-MCTS) yields an average lose 480

rate of 93.5%, disabling the iterative refinement 481

stage (-Refinement) yields a 94.0% lose rate, and 482

swapping or removing the bidirectional schedule 483

(-Order Swapped and -Bidirectional) produces ex- 484

treme failures (97.25% and 100% lose rates, re- 485

spectively). These causal diagnostics demonstrate 486

that each component is necessary for the full per- 487

formance of the system: the bidirectional planning 488

module is essential for maintaining coherent, the- 489

ory‑consistent narrative arcs; the MCTS planner is 490
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critical for systematic exploration of the narrative491

space; and the refinement step materially improves492

post‑generation coherence and polish.493

3.2.3 Human Evaluation494

Expert human evaluations in Table 3 provide con-495

vergent evidence with the automatic judgments.496

BiT‑MCTS attains the highest average human win497

rate (39.05%) and leads on dimensions closely498

aligned with our design objectives: emotional res-499

onance (ER 46.67%), plot structure (PS 43.33%),500

character development (CD 46.67%), and theme501

(TH 53.33%). Although BiT‑MCTS is not uni-502

formly dominant on every single human‑rated di-503

mension (for example, Narrative Studio scores504

higher on human NC and CR), the human results505

indicate that BiT‑MCTS produces narratives that506

human readers judge as more emotionally engag-507

ing, better structured, and more effective at re-508

alizing abstract thematic prompts. These human509

judgments also indirectly corroborate the effective-510

ness of the outline component: BiT‑MCTS’s out-511

line‑driven, climax‑prioritized planning appears to512

yield more coherent, emotionally resonant, and513

thematically aligned stories.514

A fiction outline generated by BiT-MCTS is515

given below (translated from Chinese output):516

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 hermemory 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.

517

4 Related Work518

Research on automated story generation has519

moved beyond static“plan‑then‑write”pipelines520

toward architectures that integrate narrative the-521

ory, memory mechanisms, and principled search.522

Early hierarchical outlines improved topical coher- 523

ence but showed limited global structure and di- 524

versity (e.g., Plan‑and‑Write (Yao et al., 2019)), 525

prompting work that distributes planning and writ- 526

ing across agents or augments planning with mem- 527

ory and conflict analysis (e.g., Agents’ Room 528

(Huot et al., 2025) and relatedmulti‑agent/memory 529

methods). Complementary efforts address char- 530

acter depth and local logical consistency—Char- 531

acter‑Centric Imagination and repair systems ex- 532

emplify this trend (Park et al., 2025; Zhang and 533

Long, 2024)—while multi‑modal systems explore 534

text–visual alignment and stylistic control (Yang 535

et al., 2024). For long‑form narratives, dynamic 536

outlining, hierarchical representations, and tempo- 537

ral knowledge graphs (e.g., StoryWriter, DOME, 538

and KG‑driven approaches (Xia et al., 2025; Wang 539

et al., 2024; Shi et al., 2025a)) help manage theme 540

drift and interwoven plots, though many rely on 541

heuristic planning. Monte Carlo Tree Search and 542

its hybrids offer a more principled mechanism for 543

branching exploration, with Narrative Studio and 544

recent systems integrating learned value/policy 545

models to extend MCTS for creative generation 546

(Ghaffari and Hokamp, 2025; Materzok, 2025; Shi 547

et al., 2025b). Finally, a range of automatic met- 548

rics and human‑annotation protocols have been 549

proposed for evaluating narrative quality and co- 550

herence (Wang et al., 2025; He et al., 2022; Hou 551

et al., 2025; Liu et al., 2023; İsmail Tarım and 552

Onan, 2025). Together, these advances improve 553

controllability and complexity but highlight the 554

need for systematic, theory‑informed search for 555

long‑horizon generation. By contrast, BiT‑MCTS 556

employs explicit bidirectional planning，thereby 557

prioritizing long‑horizon coherence and goal ful- 558

fillment rather than relying solely on forward, 559

learned value–driven rollouts. 560

5 Conclusion 561

We introduced BiT‑MCTS, a theme‑grounded fic- 562

tion generation framework that prioritizes an ex- 563

plicit climax and applies bidirectional MCTS to as- 564

semble coherent rising and falling actions. Both 565

automatic evaluation and human evaluation on a 566

Chinese theme dataset demonstrates the effective- 567

ness of BiT-MCTS. 568

In future work, we will apply and evaluate our 569

method in other languages and further improve fic- 570

tions’ creativity and quality by interacting with hu- 571

man readers and learning from human feedback. 572
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Limitations573

Despite the observed benefits, several limitations574

warrant note:575

(1) Search efficiency and cost: MCTS over long-576

horizon plots is computationally expensive. API577

latency, token costs, and search depth limits con-578

strain exploration. Progressive widening, value es-579

timation, or learned priors were not used, leaving580

potential efficiency gains untapped.581

(2) Evaluation constraints: Automated scoring582

relies on a single external model (Qwen3-Max),583

which may still introduce evaluator-model bias.584

Human evaluation used a small panel and focused585

on two dimensions; broader expert assessment,586

inter-rater agreement reporting, and genre-specific587

rubrics are needed for stronger validity.588

(3) Length–quality trade-offs: Although our589

method generates substantially longer narratives,590

maintaining fine-grained consistency over very591

long sequences remains challenging. We did592

not conduct controlled studies to disentangle how593

length influences automated and human scores.594

Ethics Statement595

We acknowledge that LLMs can produce harmful,596

offensive, or otherwise inappropriate content. To597

mitigate these risks, all model-generated texts that598

were to be used in human evaluation were manu-599

ally reviewed prior to annotation; we did not iden-600

tify any samples containing overtly harmful con-601

tent in the reviewed pool. We further apply stan-602

dard de‑identification and content‑filtering proce-603

dures to any materials that may be shared publicly.604

All human annotations were carried out by vol-605

untary participants recruited from a university pop-606

ulation. Participants received written instructions607

and gave informed consent before taking part; the608

instructions described the study purpose, the poten-609

tial for encountering sensitive language, the volun-610

tary nature of participation, and the right to with-611

draw at any time without penalty. Annotators612

were compensated at a fair and reasonable rate for613

their time. No personal identifying information614

was collected for the purposes of research analy-615

sis, and any incidental identifiers were removed or616

anonymized during data processing.617

We used AI assistant GPT-5-Mini only for non-618

substantive language polishing of manuscript text;619

no automated systems were used to generate eval-620

uation labels, replace human judgments, or influ-621

ence annotator decisions. All analyses and judg-622

ments reported in this work reflect human annota- 623

tion and authors’interpretation. 624

Finally, we complied with our institution’s eth- 625

ical guidelines and applicable legal requirements. 626

We reviewed the licenses of all artifacts used in this 627

study and found no conflicts with their use in this 628

research. 629
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A Prompts 743

In this section, we present all the prompts used in 744

our experiments. Since our fiction generation is 745

primarily in Chinese, the original prompts are in 746

Chinese. For the convenience, we also provide En- 747

glish translations . 748

A.1 Conflict Generation (Temperature = 0.4) 749

你是一个专业的短篇小说生成助手，擅长根据
主题设计核心矛盾，请按以下要求生成：
1. 深入分析给出的主题，核心矛盾应和主题密
切相关。
2. 若需要，可以不局限于单一主题：可以以给
定主题为主体，结合其他相关主题，例如”爱
情”&”生存”。
3. 核心矛盾应具有现实意义，高度创新性且引
人深思。同时应具有戏剧张力，适合短篇小说
创作。
4. 若需要，可结合时代背景/社会背景（时代不
限）。核心矛盾应同时包含个人问题与宏观问
题，从而拓宽核心矛盾的深度。
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 themewith 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. If needed, 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.

750
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A.1.1 Conflict Screening (Temperature = 0.3)751

752

你是一个专业的小说家，请在给出的五个主题
思想中，选出最好的，最符合给定主题的。严
格按照 JSON格式输出。
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.

753

A.1.2 Climax Plot Generation (Temperature754

= 0.4)755

你是一个专业的小说家，请根据给定的核心矛
盾和核心主题，按照以下要求，设计一出小说
的核心冲突情节。
*弗雷塔格金字塔理论：弗雷塔格金字塔是一
个叙事框架，它概述了小说的五部曲结构：开
场、上升动作、高潮、下降动作和结尾。
1. 按照弗雷塔格金字塔理论，仔细分析给出的
核心矛盾，设计出”高潮”部分的核心情节。
2. 这一核心冲突情节是具象的，必须包含人物
与剧情。
3. 该情节需作为小说情节的高潮与引爆点，能
直观展现核心矛盾的张力，具有极强的戏剧张
力。
4. 应避免杂糅过多信息，从而降低情节的可读
性。
5. 整个情节本身应合乎现实常理，引人入胜，
具有强逻辑性与文学性，正确使用标点符号，有
能扩写为优秀文学作品的潜质。
6. 不要直接出现”高潮是”，”高潮爆发在”这
样的表达。
请给出五个互不相同、符合条件的情节供选择。
严格按照 JSON格式输出。
EXAMPLE JSON OUTPUT:
”plot1”: ”文本”,
”plot2”: ”文本”,
...
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”.

756

Provide five distinct, qualifying plot options for se-
lection.
Output strictly in JSON format.
EXAMPLE JSON OUTPUT:
“plot1”: “Text”,
“plot2”: “Text”,
...

757

A.1.3 Climax Plot Screening (Temperature = 758

0.3) 759

你是一个专业的小说家，请在给出的五个核心
冲突剧情中，选出最好的。
1. 这个剧情应具有较强的可读性，合乎情理，
同时具有较强的文学性，有扩写为一篇优秀文
学作品的潜质。
2. 这个剧情应能最大程度地表现出给定的核心
矛盾。
严格按照 JSON格式输出。
EXAMPLE JSON OUTPUT:
”best”: ”文本”
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”

760

A.2 MCTS plot generation (Temperature = 761

0.3) 762

Below is the prompt used by theMCTS component 763

to generate sub-node plot: 764

A.2.1 Rising Action Generation 765

你是一位富有创造力的小说架构师。请根据现
有的小说情节高潮和主题思想，逆向构思并生
成一个合理且引人入胜的前序情节。
【任务核心】
你生成的情节是 **现有情节发生之前的故事
**。它需要为已知的高潮事件提供逻辑起源、情
感动机和背景铺垫，使后续发展顺理成章。
【总体原则】
1. 铺垫与起源：此情节应为现有情节中的核心
矛盾、关键决定或人物关系奠定基础。解释”为
什么会发生”，而非”接着会发生什么”。
2. 悬念与引导：在做好铺垫的同时，可以巧妙
设置悬念或伏笔，自然地将读者的好奇心引向
已知的后续情节。
3. 叙事丰富性：合理运用文学技巧（如伏笔、
倒叙、视角切换）来丰富叙事层次，但需确保
与后续风格协调。
4. 角色塑造：着重展现角色在早期阶段的状态、
动机或困境，为其在后续情节中的重大选择或
转变提供令人信服的性格依据。
5. 主题深化：从更早的阶段切入主题，通过前
置情节深化故事的核心思想，拓宽思考深度。
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6. 创新性：在铺垫的设计、角色的初始设定等
方面体现创新，避免老套的背景介绍。
7. 逻辑自洽：情节本身需合乎现实或世界观常
理，与后续情节严丝合缝，无逻辑矛盾。
8. 字数要求：控制在 90-150字之间。注意你生
成的是 **情节大纲 **，应聚焦于关键事件、决
定和转折，而非细节描写。
【优秀示例】
*主题：牺牲与爱 *
*现有情节：德拉卖掉了自己珍视的长发，为
吉姆的金表购买了表链。
*生成前序情节：吉姆的金表表带早已破损，只
能用旧皮绳勉强系住。他多次在重要场合因看
表不便而尴尬。德拉默默记在心里，暗中省下
每一分家用，持续了数月，只为在圣诞前攒够
钱。这个秘密计划，成了她贫瘠生活中最甜蜜
的负担。*
请你一次请生成 5个截然不同的情节方案
严格按照 JSON格式输出
EXMAPLE JSON OUTPUT:
”events”: [”情节 1文本”,”情节 2文本”, ... ]
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 1”, ”Plot text 2”, ... ]
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A.2.2 Falling Action Generation 769

(Temperature = 0.3) 770

你是一位富有创造力的小说架构师。请遵循以
下指示，充分考虑当前的小说情节大纲的和主
题思想，生成一个合理且引人入胜的后续情节。
【总体原则】
1. 连贯性：这个情节应能自然地衔接现有情节，
保持人物性格、叙事风格和事实一致性。
2. 叙事丰富性：合理运用文学技巧——如非线
性叙事、情节反转和双重视角——来丰富情节
发展。
3. 情节推动：推进核心矛盾的发展,引入转折、
障碍或新信息, 展现角色面对挑战时的反应和
变化。
4. 主题深化：生成的情节应该进一步深化主题，
拓宽思考深度
5. 创新性：情节设计，叙事结构，角色塑造等
方面均应体现创新，避免陈词滥调
6. 角色发展导向：情节都应展现角色的变化、
成长或内心冲突
7. 情节本身应合乎现实常理，引人入胜，具有
强逻辑性与文学性，有能扩写为优秀文学作品
的潜质。
8. 字数要求：情节控制在 90-150字之间，注意
你生成的是情节大纲，而非完整文段，故不用
包含过多描写，要主叙述情节发展
优秀示例：
主题：爱情
已有情节：德拉与吉姆是一对相爱的夫妻，但
是他们生活穷困。在圣诞前夕，德拉想为丈夫
吉姆买一件礼物，但囊中羞涩。踌躇之际，她看
到了镜中自己美丽的长发。经过内心挣扎，她
毅然卖掉了长发。随后，她跑遍全城，终于找
到一条适配丈夫祖传金表的表链，回到家中等
待丈夫。
生成情节：吉姆回家后，看到德拉的短发，神
情古怪。德拉急忙解释自己卖了头发为他买礼
物。吉姆缓缓掏出礼物——一套德拉曾魂牵梦
萦的玳瑁发梳，与她失去的长发相配。吉姆坦
白自己为了买下梳子卖掉了金表，两人一时无
言，礼物在手中变得沉重。
严格按照 JSON格式输出
EXMAPLE JSON OUTPUT:
{
”plot”: ”文本”
}
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.
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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”
}
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A.3 Plot Evaluation Prompt (Temperature =773

0.0)774

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 theworld-
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
}
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LLM Judge Approach NC CR ER PS CD SD GR FL DI OQ Avg
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

DeepSeek-V3
Vanilla 87.5 97.5 62.5 70.0 97.5 92.5 45.0 45.0 92.5 90.0 78.0

StoryWriter 5.0 0.0 25.0 17.5 0.0 2.5 30.0 30.0 0.0 2.5 11.3
Narrative Studio 5.0 0.0 7.5 12.5 0.0 2.5 22.5 22.5 0.0 2.5 7.3
BiT-MCTS 2.5 2.5 5.0 0.0 2.5 2.5 2.5 2.5 7.5 5.0 3.3

GPT-5-Mini
Vanilla 75.0 75.0 50.0 45.0 75.0 75.0 25.0 25.0 70.0 62.5 57.2

StoryWriter 5.0 12.5 0.0 12.5 2.5 5.0 15.0 15.0 7.5 7.5 8.3
Narrative Studio 15.0 5.0 35.0 32.5 20.0 20.0 50.0 50.0 20.0 25.0 27.8
BiT-MCTS 5.0 7.5 15.0 10.0 2.5 0.0 10.0 10.0 2.5 5.0 6.8

Gemini-2.5-Flash
Vanilla 80.0 57.5 37.5 17.5 77.5 67.5 15.0 15.0 57.5 57.5 48.3

StoryWriter 5.0 15.0 20.0 22.5 2.5 2.5 12.5 12.5 2.5 5.0 10.0
Narrative Studio 15.0 15.0 25.0 60.0 15.0 30.0 67.5 67.5 40.0 37.5 37.3
BiT-MCTS 0.0 12.5 17.5 0.0 5.0 0.0 5.0 5.0 0.0 0.0 4.5

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
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

DeepSeek-V3
Vanilla 100.0 98.0 93.0 100.0 93.0 98.0 78.0 78.0 100.0 100.0 93.8

StoryWriter 58.0 58.0 75.0 45.0 70.0 55.0 83.0 83.0 65.0 65.0 65.7
Narrative Studio 38.0 25.0 65.0 50.0 68.0 70.0 95.0 95.0 85.0 68.0 65.9

GPT-5-Mini
Vanilla 100.0 80.0 90.0 90.0 90.0 70.0 70.0 70.0 100.0 100.0 86.0

StoryWriter 100.0 95.0 70.0 95.0 75.0 70.0 60.0 60.0 90.0 95.0 81.0
Narrative Studio 70.0 70.0 80.0 90.0 90.0 75.0 60.0 60.0 90.0 90.0 77.5

Gemini-2.5-Flash
Vanilla 80.0 80.0 70.0 80.0 80.0 80.0 55.0 55.0 85.0 90.0 75.5

StoryWriter 85.0 65.0 85.0 75.0 85.0 55.0 75.0 75.0 80.0 80.0 76.0
Narrative Studio 55.0 55.0 80.0 75.0 80.0 65.0 80.0 80.0 80.0 80.0 73.0

Table 6: Win rates of our method (BiT-MCTS) 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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