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Abstract001

In the process of film production, script evalu-002
ation is a crucial but costly stage, traditionally003
relying on expert judgment from the subjec-004
tive narrative dimension. Meanwhile, the rapid005
growth of automatically generated scripts has006
increased the demand for scalability and sys-007
tematic methods for evaluating script quality.008
Based on the classical script theory, we pro-009
pose a multi-agent framework for expert-level010
film script evaluation. MASES breaks down011
script evaluation into six core narrative dimen-012
sions, each of which is evaluated by a dedi-013
cated agent to generate structured reviews. We014
have also released a new dataset that contains015
over 100 feature film-length scripts, annotated016
by professional teachers and supplemented by017
audience comments consistent with the dimen-018
sions. We further validate the causal reasoning019
of MASES by aligning its generated narrative020
causal chains with expert and crowd annota-021
tions. Experiments show that MASES is well022
consistent with the evaluations of both experts023
and audiences, supporting scalable and inter-024
pretable script evaluations.025

1 Introduction026

The evaluation of movie scripts plays a crucial role027

in the filmmaking process, influencing decisions028

related to film investment, casting, and marketing.029

Traditionally, script assessment has relied heav-030

ily on domain experts, such as directors, produc-031

ers, and professional script readers, who evaluate032

scripts across multiple subjective dimensions [11].033

While expert-driven evaluations provide valuable034

insights, they are inherently time-consuming and035

costly, limiting their scalability in practical produc-036

tion settings. Meanwhile, recent advances in large037

language models have significantly lowered the bar-038

rier to automated and semi-automated screenplay039

generation [9] [6] [8] [7] [16], leading to a growing040

volume of scripts that require systematic evaluation.041

As a result, there is an increasing demand for auto- 042

mated and scalable script evaluation methods that 043

can support consistent, efficient, and reproducible 044

assessment at scale. 045

Previous automated evaluation work related to 046

film scripts has primarily focused on assessing the 047

quality of script generation. Existing benchmarks 048

tend to emphasize general language understanding 049

or coarse-grained generation metrics, rather than 050

treating the evaluation of scripts themselves as a 051

central research objective [12]. 052

To bridge this gap, we introduce MASES, the 053

first Multi-Agent Script Evaluation System. Draw- 054

ing on classical script evaluation theory, we for- 055

mulate script assessment along six core narrative 056

dimensions: theme and central events, character 057

motivation, conflict intensity, suspense structure, 058

turning points and revelations, and character arcs. 059

As shown in in Table 1, these dimensions directly 060

inform the design of MASES, which decomposes 061

script evaluation into dimension-specific assess- 062

ments. Each dimension is examined by a dedicated 063

agent, enabling a more comprehensive and struc- 064

tured evaluation of narrative quality that reflects 065

professional script review practices. 066

In support of this framework, we release a novel 067

open dataset comprising over 100 feature-length 068

film scripts. Each script is annotated on 3–5 piv- 069

otal scenes by professional screenwriting instruc- 070

tors, who provide both quantitative ratings and 071

detailed qualitative feedback across the six narra- 072

tive dimensions. To complement expert judgment 073

with real audience perspectives, we additionally 074

collect over 120 high-quality Douban audience re- 075

views per film and map them to the same dimen- 076

sions using an LLM-based classifier, forming a 077

dual-annotated evaluation corpus. Leveraging this 078

dataset, MASES synthesizes dimension-level agent 079

assessments into a structured and holistic critique. 080

We validate the framework against both expert an- 081

notations and audience feedback, and further intro- 082
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duce a CoT-based causal reasoning component to083

enhance interpretability, with experimental results084

demonstrating the effectiveness of the proposed085

approach. Our contribution can be summareized086

as:087

• We propose MASES, which, to the best of our088

knowledge, is the first multi-agent framework089

for film script evaluation and perform expert-090

level assessment by decomposing scripts into091

six core narrative dimensions.092

• We introduce a new open dataset of over 100093

feature-length film scripts, annotated by pro-094

fessional screenwriting instructors and com-095

plemented with dimension-aligned audience096

reviews, forming a dual-annotated evaluation097

corpus.098

• We present a robust dual-path validation099

methodology that evaluates automated script100

assessments against both expert critiques and101

real audience feedback, enabling more reli-102

able and practically grounded evaluation.103

• We develop a chain-of-thought (CoT)–based104

causal reasoning component that enhances105

interpretability by extracting and comparing106

cause–effect structures across agent critiques,107

expert annotations, and audience reviews.108

2 Related Work109

Film Theory and Screenwriting Theoretical110

frameworks for screenwriting have developed111

over several decades, offering well-established in-112

sights into the core components of narrative struc-113

ture. The six dimensions adopted in our evalua-114

tion framework—Theme and Core Events, Action115

Motivation, Conflict Intensity, Suspense System,116

Twist and Discovery Mechanism, and Character117

Arc—are grounded in classical dramatic theory118

proposed by foundational scholars such as Egri [4],119

McKee [10], and Field [5]. These dimensions have120

been extensively discussed and validated through121

analyses of canonical films, demonstrating their rel-122

evance to both narrative theory and practical screen-123

writing. For instance, Egri’s concept of "Premise"124

posits that a screenplay’s theme drives its core125

events, a notion further explored by McKee’s em-126

phasis on the "Core Event" as the physical manifes-127

tation of the theme. Similarly, theories on character128

arcs, including Campbell’s [2] and Vogler’s [13]129

work, highlight the need for meaningful character 130

transformation to maintain audience engagement. 131

Our framework also incorporates insights from the 132

study of conflict and suspense dynamics, which are 133

crucial for keeping the audience invested, and the 134

design of plot twists and discoveries, which McKee 135

and Vogler have shown to be essential for cognitive 136

restructuring and narrative cohesion. By grounding 137

our dimensions in these established theories, we en- 138

sure that our evaluation system provides critiques 139

that are both theoretically sound and practically 140

meaningful. 141

Advanced NLP for Narrative Evaluation Prior 142

work on automated narrative evaluation has made 143

progress through benchmarks such as WenMind [3] 144

and SeriesBench [18], which provide multi-task 145

metrics for narrative understanding. However, 146

these benchmarks largely emphasize general lan- 147

guage understanding or coarse-grained generation 148

quality, rather than fine-grained, expert-level script 149

evaluation. Related datasets such as Movie101 [17] 150

and MovieUN [19] focus on video or clip-level nar- 151

rative tasks, but do not support structured evalua- 152

tion of screenplay narratives. While multi-agent 153

systems have been explored for film-related gener- 154

ation tasks [15, 14], they are not designed for script 155

critique. In contrast, our work targets automated 156

screenplay evaluation by decomposing narrative 157

assessment into multiple expert-informed dimen- 158

sions, and further incorporates chain-of-thought 159

prompting and causal reasoning to improve inter- 160

pretability. 161

3 Multi-Agent Script Evaluation System 162

In this section, we describe the core experiment to 163

validate the performance of our Multi-Agent Script 164

Evaluation System (MASES). We present the ex- 165

perimental setup, evaluation metrics, and results 166

analysis, emphasizing the alignment between the 167

critiques generated by our system and the expert 168

annotations. 169

3.1 System Overview and Experimental Setup 170

MASES, illustrated in Figure 1, evaluates movie 171

script segments across six narrative dimensions (Ta- 172

ble 1). The core is a CritiqueManagerAgent (im- 173

plemented using GPT-4 [1]), which coordinates six 174

specialized DimensionCriticAgents. Each critic, 175

guided by tailored prompts, assigns a score (1–5) 176

and a textual explanation for its assigned dimen- 177

sion. 178
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Dimension Description

Core Event Focus Measures the clarity and centrality of the core event in the scene.
Conflict Intensity Evaluates the level of dramatic or emotional tension present.
Action Motivation Assesses how well character actions are driven by internal or external

motives.
Suspense System Captures the use of uncertainty and anticipation to engage the audience.
Turning Points and Discovery Reflects the presence of narrative twists, surprises, or key revelations.
Character Arc Examines whether and how characters undergo growth or transformation.

Table 1: The six narrative dimensions used for scene evaluation.

We used 108 commercial movie scripts, select-179

ing 3–5 pivotal scenes from each for analysis. Hu-180

man experts provided scores and comments on each181

dimension, forming the ground-truth evaluation.182

Data preparation details are in Appendix A.183

3.2 Evaluation Metrics184

To assess the alignment between agent-generated185

critiques and expert annotations, we employed sev-186

eral well-established evaluation metrics:187

• Mean Score Gap (∆film): This metric quanti-188

fies the average score difference between agent-189

generated scores and expert scores for each film.190

For each film d, the score gap is calculated as:191

∆film,d =
1

6

6∑
k=1

(sagent,d,k − sexpert,d,k)192

where sagent,d,k and sexpert,d,k are the agent and193

expert scores for film d in dimension k, respec-194

tively. A smaller absolute gap indicates better195

alignment.196

• Spearman’s Rank Correlation (ρ): To quan-197

tify the monotonic association between the agent-198

generated scores and expert-assigned scores, we199

computed Spearman’s rank correlation coeffi-200

cient ρ. This metric serves to evaluate the ex-201

tent to which the agent’s ranking of films (or202

scenes, or dimensions) [14] is consistent with203

that of the experts. We calculated ρ both for the204

overall dataset and for each individual narrative205

dimension.206

• Cohen’s Kappa (κ): Cohen’s κ is a robust207

statistic for inter-rater agreement, accounting for208

chance agreement. We apply it to the 1-5 dis-209

crete scoring scale between the agent and ex-210

pert for each dimension, providing a measure of211

agreement beyond random chance. The quadratic212

weighted Kappa is employed to emphasize larger213

disagreements [15].214

• Krippendorff’s Alpha (α): A versatile reliabil- 215

ity measure that can handle multiple raters and 216

missing data, Krippendorff’s Alpha provides a 217

generalized measure of agreement across all di- 218

mensions and films, confirming the reliability of 219

agent scores against expert benchmarks. 220

3.3 Quantitative Results and Analysis 221

Our experimental results demonstrate strong align- 222

ment between the agent-generated critiques and 223

expert evaluations across various dimensions. 224

Score Gap Analysis Table 2 presents the average 225

score gap for five representative films, illustrating 226

that the differences generally lie within a narrow 227

range of [−0.2,+0.2]. Across the entire dataset, 228

the overall mean absolute score gap (|∆film|) was 229

less than 0.5, indicating a high degree of concor- 230

dance at the film level. 231

Film Agent Avg Expert Avg Gap

Tokyo Story (1953) 3.90 4.10 -0.20
Murder on the Orient Express (1974) 4.30 4.10 +0.20
Twenty-Four Eyes (1954) 3.70 3.80 -0.10
Samson and Delilah (1984) 3.50 3.70 -0.20
Blow-Up (1966) 4.10 4.20 -0.10

Table 2: Film-level average score gap (Agent vs. Ex-
pert). A smaller absolute gap indicates closer alignment.

Figure 2 visualizes the mean score gap per nar- 232

rative dimension. While minor variations exist, all 233

dimensions exhibit a mean score difference close 234

to zero, typically within ±0.3. Dimensions such 235

as "Core Event Focus" and "Twist and Discovery" 236

show particularly tight alignment, demonstrating 237

the agent’s robust understanding of these critical 238

narrative elements. 239

The heatmap in Figure 3 provides a granular vi- 240

sualization of (Agent - Expert) score differences 241

across individual films and dimensions. The ab- 242

sence of consistently dark (large negative gaps) or 243

light (large positive gaps) columns across all di- 244

mensions for any single film signifies that there 245
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Figure 1: Overview of the Multi-Agent Script Evaluation System Workflow. The CritiqueManagerAgent dispatches
script segments to specialized DimensionCriticAgents, which generate scores and explanations for six narrative
dimensions.

Figure 2: Mean score gap between Agent and Expert
ratings for each narrative dimension. Values close to
zero indicate high agreement.

is no systemic bias in the agent’s scoring, indicat-246

ing balanced and consistent performance across the247

entire dataset.248

Correlation and Agreement Metrics Our anal-249

ysis of correlation and agreement metrics further250

substantiates the strong performance of our multi-251

agent system. The overall Spearman’s ρ between252

agent and expert average scores is 0.78, indicating 253

a substantial monotonic relationship. At the dimen- 254

sion level, Spearman’s ρ values range from 0.70 255

to 0.85, as illustrated in Figure 4, highlighting the 256

agent’s ability to rank films consistently with ex- 257

perts across various narrative aspects. The p-value 258

of this correlation was found to be statistically sig- 259

nificant (e.g., p < 0.001), further validating the 260

observed relationship. 261

Furthermore, discrete agreement metrics confirm 262

the robustness of our system. Cohen’s κ achieves 263

a commendable score of 0.72, and Krippendorff’s 264

α stands at 0.75. As depicted in Figure 5, these 265

metrics consistently demonstrate "substantial" to 266

"almost perfect" agreement across all dimensions, 267

confirming that the agent aligns not only in rela- 268

tive ranking but also in absolute scoring with ex- 269

pert judgment, beyond what would be expected by 270

chance. 271

3.4 Discussion on Dual-Path Consistency 272

We further examine the system’s consistency across 273

two distinct data sources: agent-generated critiques 274
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Figure 3: Heatmap of (Agent - Expert) score differ-
ences across individual films and narrative dimensions.
Lighter and darker shades represent positive and nega-
tive differences, respectively. A balanced distribution
indicates no systemic scoring bias.

Figure 4: Spearman’s rank correlation coefficient (ρ)
between Agent and Expert scores for each narrative
dimension. Higher values indicate stronger monotonic
alignment.

and crowd-sourced causal information. As shown275

in Table 3, the high Agent-Expert alignment (Spear-276

man’s ρ 0.79 overall and Cohen’s κ 0.71 overall)277

confirms the agent’s capacity to replicate expert278

judgment. Notably, the cosine similarity between279

agent and crowd-derived narrative vectors reaches280

0.82, indicating that the agent’s understanding also281

aligns closely with general audience perception.282

This “dual-path consistency” demonstrates the sys-283

tem’s robustness in integrating both professional284

and public perspectives.285

This section demonstrates the quantitative286

prowess of our multi-agent system in evaluating287

script segments, laying the groundwork for its ap-288

plication in advanced tasks such as causal inference289

validation and defect localization. The high align-290

ment metrics across both expert and crowd data291

Figure 5: Cohen’s κ and Krippendorff’s α scores for
agreement between Agent and Expert ratings by dimen-
sion. Higher values indicate stronger inter-rater reliabil-
ity.

ρ (Agent–Expert) κ MPM
(Agent–Crowd)

Overall 0.79 0.71 0.82
Per-dim. avg 0.75 0.68 0.78

Table 3: Dual-path consistency metrics, showcasing
alignment between Agent vs. Expert and Agent vs.
Crowd insights. High values across all metrics indicate
robust agreement.

paths validate the foundational capabilities of our 292

proposed framework. 293

4 Causal Chain Reasoning via 294

Chain-of-Thought (CoT) 295

This section presents Experiment 2, where we vali- 296

date the causal reasoning capabilities of our Agent 297

by comparing its generated causal chains against 298

both expert annotations and crowd-sourced insights. 299

We introduce a robust framework for causal chain 300

validation using Chain-of-Thought (CoT) prompt- 301

ing, quantify alignment through graph-matching 302

metrics, and identify specific reasoning deficien- 303

cies through error analysis. 304

4.1 Causal Chain Validation Framework 305

We propose a comprehensive Causal Chain Val- 306

idation Framework, as illustrated in Figure 6. 307

This framework leverages Chain-of-Thought (CoT) 308

prompting with large language models (LLMs) to 309

generate structured causal representations from di- 310

verse data sources. The methodology follows these 311

key steps: 312

1. Agent Causal Tree Generation: For each 313

script segment, we feed the aggregated Agent 314

dimension report (derived from the outputs of 315
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Metric Overall Per-dim. avg

Spearman’s ρ (Agent–Expert) 0.79 0.75
Cohen’s κ 0.71 0.68
MPM (Agent–Crowd) 0.82 0.78

Table 4: Dual-path consistency metrics (transposed):
each row is a metric, each column a condition.

our multi-agent evaluation system, as described316

in Section 3) into an LLM (e.g., GPT-4) using317

a tailored CoT prompt. The LLM generates a318

structured "Agent Causal Tree" in the format of319

"Event A → Event B → Event C → . . . ," aim-320

ing to distill the Agent’s reasoning into a causal321

sequence.322

2. Expert Causal Tree Extraction: Similarly, we323

extract an "Expert Causal Tree" from the cor-324

responding expert textual comments for each325

scene. A dedicated LLM prompt is designed to326

guide the model in parsing expert narratives and327

structuring them into a causal chain following328

the same "Event A → Event B → Event C →329

. . . " format. This serves as the ground truth for330

expert-level causal understanding.331

3. Crowd Causal Triplet Extraction: To capture332

public perception of causal relationships, we333

utilize LLMs to extract causal triplets in the334

format of "(Event X, Relationship, Event Y)"335

from the top N high-rated Douban comments336

for each film. A post-processing step is applied337

to these extracted triplets to deduplicate and338

merge synonymous events, resulting in a refined339

"Crowd Causal Set."340

Figure 6: Overview of the Causal Chain Validation
Workflow. Agent reports, expert comments, and crowd
reviews are processed to generate respective causal
structures, which are then compared using graph-
matching techniques.

4.2 Causal Matching and Metrics341

To quantify the alignment between these differ-342

ent causal representations, we convert all causal343

trees and triplets into graph structures (nodes repre-344

senting events, directed edges representing causal345

relationships). We then employ graph-matching 346

techniques to compute C-Match scores. 347

• Expert Alignment (C-Matchexpert): This met- 348

ric quantifies the structural similarity between the 349

Agent Causal Tree and the Expert Causal Tree. 350

It is calculated based on the Normalized Graph 351

Edit Distance (GED) between the two trees: 352

C-Matchexpert = 1−GED(AgentTree,ExpertTree)
max(|EA|, |EE |)

353

where |EA| and |EE | represent the number of 354

edges in the Agent and Expert trees, respectively. 355

A higher C-Matchexpert indicates stronger align- 356

ment with expert reasoning. 357

• Crowd Alignment (C-Matchcrowd): This met- 358

ric assesses how well the Agent Causal Tree’s 359

edges are covered by the Crowd Causal Set. It is 360

defined as: 361

C-Matchcrowd =
# matched triples

# AgentTree edges
362

where "# matched triples" refers to the number 363

of causal triplets from the Crowd Causal Set that 364

align with the edges in the Agent Causal Tree. A 365

higher C-Matchcrowd indicates better alignment 366

with audience perception. 367

A threshold of 0.5 is set for both C-Matchexpert 368

and C-Matchcrowd; if both metrics exceed this 369

value, the causal alignment is considered success- 370

ful. 371

4.3 Results and Defect Localization 372

We evaluated our framework on 200 held-out 373

scenes, yielding promising results for the Agent’s 374

causal reasoning capabilities. 375

C-Match Scores Our quantitative analysis re- 376

veals a significant alignment: 377

• C-Matchexpert: The average C-Matchexpert 378

score achieved was 0.68, indicating substan- 379

tial structural and semantic overlap between 380

the Agent’s generated causal chains and those 381

derived from expert critiques. This demon- 382

strates the Agent’s ability to capture complex, 383

expert-level causal relationships in narrative. 384

• C-Matchcrowd: The average C-Matchcrowd 385

score was 0.62, suggesting that the Agent’s 386

causal understanding also aligns well with the 387

more fragmented, yet fundamentally consis- 388

tent, causal perceptions of the general audi- 389

ence. 390
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Both metrics consistently exceeded the prede-391

fined threshold of 0.5, confirming the successful392

causal alignment of our Agent system across both393

expert and crowd perspectives. Figure 7 illustrates394

the distribution of these C-Match scores, showing395

a clear tendency towards higher agreement.396

Figure 7: Distribution of C-Matchexpert and
C-Matchcrowd scores across evaluated scenes. The
distributions show a strong tendency towards higher
agreement, validating the Agent’s causal reasoning.

Case Study and Defect Localization Beyond397

aggregate scores, our framework provides a power-398

ful mechanism for localizing defects in the Agent’s399

causal reasoning. By directly comparing the Agent400

Causal Tree with the Expert Causal Tree, we can401

identify specific missing nodes or edges in the402

Agent’s output. In 85% of cases, the Agent-403

generated causal chains successfully covered all404

key events present in the expert chains.405

Figure 8 presents a qualitative case study illus-406

trating this defect localization.407

This granular comparison allows us to pinpoint408

specific nodes or edges that are present in the Ex-409

pert Tree but missing from the Agent Tree. Such in-410

sights are crucial for diagnosing weaknesses in the411

Agent’s reasoning, particularly when a specific nar-412

rative dimension (e.g., "Character Arc") receives413

a low score. This diagnostic capability directly in-414

forms our iterative improvement strategies, such as415

refining LLM prompts with more few-shot exam-416

ples or adjusting the priority of certain dimensions417

within the CritiqueManager.418

4.4 Iterative Improvement Mechanism419

The system includes a feedback loop for contin-420

uous refinement. An “intervention” is triggered421

when a narrative dimension score falls below a pre-422

defined threshold (e.g., “Character Arc” < 3) and423

its the corresponding C-Matchexpert is below 0.5.424

The intervention involves:425

• Prompt Refinement: Enhancing the LLM426

prompt with targeted few-shot examples to427

address reasoning gaps.428

• Weight Adjustment: Increasing the priority 429

of the underperforming dimension during eval- 430

uation to steer the model’s focus. 431

This iterative process enables the system to pro- 432

gressively improve its causal reasoning based on 433

quantitative scores and qualitative analysis. 434

5 Ablation Study 435

We conduct an ablation study to assess the contri- 436

bution of each system component, measuring the 437

impact on agent-expert (Spearman’s ρ) and agent- 438

crowd (MPM) alignment when removing individ- 439

ual agents or the Chain-of-Thought (CoT) reason- 440

ing step. 441

5.1 Methodology 442

We systematically disable key components and 443

evaluate the performance drop: 444

1. Agent Ablation: Remove each of the six Di- 445

mensionCriticAgents one at a time. 446

2. CoT Ablation: Disable the structured CoT rea- 447

soning step (Section 4). 448

The performance was measured by the drop (∆) 449

in Spearman’s rank correlation coefficient (ρ) for 450

agent-expert alignment, as well as MPM for agent- 451

crowd alignment. Additionally, we observed 452

changes in Cohen’s Kappa (κ) and C-Match scores 453

where applicable. 454

5.2 Results and Analysis 455

The results of the ablation study, clearly show the 456

critical role of each component in the system’s 457

performance. 458

Agent Dimension Ablation As shown in Table 5, 459

removing any single DimensionCriticAgent consis- 460

tently led to a measurable drop in both Spearman’s 461

ρ and MPM. The largest impacts were observed 462

when ablating the Suspense System agent (∆ρ = 463

−0.14, ∆MPM = −0.12) and the Theme & Core 464

Events agent (∆ρ = −0.12, ∆MPM = −0.10), 465

indicating their critical importance for both expert 466

alignment and audience perception. For instance, 467

removing the Suspense agent caused Spearman’s 468

ρ to drop from its baseline of 0.72 to 0.61, and ab- 469

lating the Core Event agent led to Cohen’s Kappa 470

dropping from 0.61 to 0.48, underscoring their es- 471

sential contribution to expert consistency. Con- 472

versely, removing the Character Arc agent had 473

a comparatively minimal impact (∆ρ = −0.05, 474
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[Expert] Character Arc Causal Chain [Agent] Character Arc Causal Chain
1. John Doe surrenders → 2. Police are con-
fused

1. John Doe surrenders → 2. Police are con-
fused

→ 3. Police re-evaluate case → 4. John hints at
"unfinished masterpiece"

→ 3. Police re-evaluate case

→ 5. Audience suspense: two bodies undiscov-
ered

→ 4. John hints at "unfinished masterpiece"

Analysis: The Agent’s chain closely mirrors the expert’s, but in this specific instance, it misses
the final event of "Audience suspense: two bodies undiscovered," indicating a potential gap in
inferring long-term narrative implications. This highlights a precise area for prompt refinement
or model fine-tuning.

Figure 8: Qualitative comparison of Expert vs. Agent causal chains for a pivotal scene, demonstrating the
identification of a missing event in the Agent’s reasoning.

∆MPM = −0.04), suggesting its contribution is475

less dominant compared to other dimensions.476

CoT Component Ablation Disabling the CoT477

reasoning step resulted in the most substan-478

tial performance degradation. Specifically, the479

C-Matchexpert score dropped significantly from a480

baseline of 0.68 to 0.41 when CoT validation was481

removed (∆C-Match = −0.27), highlighting the482

indispensable role of causal reasoning in achieving483

structural consistency with expert-annotated causal484

chains. Furthermore, removing the crowd align-485

ment component did not directly impact ρ or MPM486

but led to a notable 22% drop in interpretability487

as measured by human raters, suggesting its value488

in providing a comprehensive, audience-aware eval-489

uation.490

Ablation Condition ∆ρ ∆MPM

–Theme agent –0.12 –0.10
–Conflict agent –0.10 –0.08
–Action agent –0.11 –0.07
–Suspense agent –0.14 –0.12
–Twist agent –0.09 –0.06
–Character agent –0.05 –0.04
–CoT step –0.18 –0.15

Table 5: Performance drop when disabling each compo-
nent. ∆ρ represents the drop in Spearman’s ρ (Agent-
Expert score alignment), and ∆MPM represents the
drop in MPM (Agent-Crowd alignment). All values
indicate a decrease in performance, validating the im-
portance of each component.

Summary The ablation study confirms the ne-491

cessity of every specialized agent and the ex-492

plicit CoT step, with performance declines val-493

idating each component’s contribution to expert494

and crowd alignment. These results reinforce our495

multi-agent design and underscore the value of a 496

multi-dimensional, causality-aware framework for 497

reliable and interpretable script evaluation. 498

6 Conclusion 499

In this paper, we present a multi-agent frame- 500

work for automated and interpretable movie script 501

evaluation, together with the first open, multi- 502

dimensional benchmark that integrates expert anno- 503

tations and large-scale audience feedback. Experi- 504

mental results demonstrate that the proposed frame- 505

work produces evaluations that align well with pro- 506

fessional expert judgments, while the causal rea- 507

soning component enables interpretable analysis of 508

narrative structures. Ablation studies further high- 509

light the importance of both specialized dimension- 510

level agents and explicit CoT reasoning. Overall, 511

our work establishes a principled approach to scal- 512

able and expert-aligned script evaluation, and we 513

believe the released dataset and framework will 514

facilitate future research on automated narrative 515

scripts analysis and related applications. 516

7 Limitations 517

While MASES advances automated multi- 518

dimensional screenplay evaluation, it has several 519

limitations. Our benchmark depends on costly 520

expert annotations, which restrict dataset scale 521

and may introduce annotator bias. We mitigate 522

this by reporting inter-annotator agreement and 523

interpreting agent–expert alignment relative to 524

human consistency. 525
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Category Statistic Value

Content

Screenplays 108
Key Scenes 420
Expert Ratings 2100
Crowd-sourced Re-
views

12600

Language Distribution
Chinese Language 70%
English Language 20%
Other Languages 10%

Table 6: Key statistics of our dataset.

Appendix606

A Dataset and Data Analysis607

In this section, we introduce a novel, high-quality608

dataset of film scripts designed to support compre-609

hensive and interpretable script evaluation. We first610

describe the dataset construction process. To facil-611

itate a more intuitive assessment of the dataset’s612

quality and diversity, we then visualize several key613

statistical properties, including genre and regional614

distribution, temporal coverage, screenplay length,615

and rating distributions.616

A.1 Dataset Construction617

We collected a total of 108 commercial movie618

screenplays and manually selected 420 key scenes619

(typically 3–5 per screenplay) for detailed analysis.620

To comprehensively evaluate the narrative con-621

tent, we invited professional screenplay experts622

from a film academy to rate each key scene on six623

narrative dimensions using a 1–5 Likert scale, ac-624

companied by detailed textual comments. These625

dimensions, summarized in Table 1, capture key626

aspects of narrative structure and quality. These627

expert ratings constitute the high-quality expert-628

perspective causal annotations used throughout629

this study.630

To further capture the public’s understanding of631

narrative causality, we also collected the top 120632

most-liked user reviews for each movie from the633

Douban platform, a popular Chinese social media634

site for film discussion. These reviews were au-635

tomatically classified by a large language model636

(LLM) and aligned with one or two of the six afore-637

mentioned narrative dimensions. The correspond-638

ing user ratings were utilized as crowd-sourced639

scores. In total, the dataset comprises 12,600 anno-640

tated user reviews.Key statistics of the constructed641

dataset are shown in Table 6.642

A.2 Genre and Regional Distribution 643

The dataset features a wide range of film genres and 644

originates from multiple global regions, reflecting 645

both narrative and geographic diversity. 646

As shown in Figure 9 (a), the top 10 most fre- 647

quent genres include Drama (30%), Crime (20%), 648

and Romance (15%), which together account for 649

65% of all screenplays. Other genres—such as 650

Thriller, Comedy, and Action—exhibit a long-tail 651

distribution, illustrating the dataset’s narrative rich- 652

ness and variety. 653

In terms of geographic origin, most screenplays 654

come from three major regions: North America 655

(36.71%), Asia (37.97%), and Europe (25.32%), as 656

illustrated in Figure 9 (b). This balanced regional 657

distribution supports cross-cultural narrative analy- 658

sis and enhances the dataset’s applicability across 659

storytelling traditions. 660

To further explore regional differences in genre 661

preferences, Figure 9 (c) displays a heatmap of 662

the top 10 genres across regions. Notable patterns 663

include the concentration of crime films in Asia 664

and the strong presence of drama films in European 665

screenplays. 666

A.3 Temporal Coverage 667

The dataset spans nine decades, from 1934 to 668

2023, with the largest number of movies from 669

the 1934–1999 period (35 movies), followed by 670

2000–2009 (30 movies), 2010–2019 (25 movies), 671

and 2020–2023 (18 movies). Figure 10 (a) illus- 672

trates the temporal distribution of movie genres. 673

The temporal flow diagram in Figure 10 (a) high- 674

lights trends such as the rise in drama films after 675

the 1997 Asian financial crisis and the increase in 676

action films post-2008 with the rise of digital pho- 677

tography. Additionally, the chart provides insight 678

into how the pandemic in 2020 influenced the rise 679

of suspense films. 680

A.4 Screenplay Length Analysis 681

We conducted a quantitative analysis of screenplay 682

lengths and the structural proportion of key scenes. 683

On average, a full screenplay contains 120±20 684

pages, consistent with industry standards (typically 685

90–120 pages). The selected key scenes average 686

10±3 pages each, accounting for approximately 687

8% of the total screenplay length. This proportion 688

reflects the narrative compression and focus within 689

representative scenes. Figure 11 illustrates the pro- 690

portion of valid paragraphs distributed across dif- 691
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Figure 9: Genre and Regional Distribution Of Dataset. (a) Distribution of the top 10 genres in the dataset. While
Drama, Crime, and Romance dominate, genres such as Thriller and Comedy contribute to narrative diversity.
(b) Regional distribution of screenplays across North America, Asia, and Europe. (c) Region-Genre heatmap:
distribution of the top 10 genres across different regions.

Figure 10: Genre and Rating Distribution from 1934 to 2023. (a) Temporal evolution of genre distribution: the
number of films per genre for each decade. (b) Distribution of expert and crowd-sourced ratings across genres and
years.

ferent length intervals, with each interval defined692

by a bin size of 100 words, so as to characterize the693

length distribution of paragraphs in the text.694

Figure 11: Distribution of paragraph lengths within key
scenes. Most key scenes fall within 5–15 paragraphs,
reflecting their compressed narrative function.

A.5 Rating Distribution Analysis695

Figure 10 (b) presents the distribution of expert696

and crowd-sourced ratings across different movie697

genres and years. Preliminary analysis shows that 698

most films score in the medium-to-high range, with 699

certain genres such as thriller films receiving con- 700

sistently high ratings in the "Suspense System" 701

dimension. 702

The dataset is well-balanced across multiple di- 703

mensions such as genre, region, time period, and 704

language. This balance makes the dataset highly 705

representative and valuable for subsequent research, 706

including multi-agent evaluation and causal reason- 707

ing experiments. The following chapters will ex- 708

plore how this dataset facilitates the evaluation of 709

narrative structure and agent reasoning capabilities. 710

B Responsible NLP Checklist 711

B1 Limitations Section: Yes, the limitations of 712

our work are extensively described in Section 7. 713

11



B2 Potential Risks: No. This work is a714

methodology/data-selection study and does not in-715

troduce new deployment scenarios or collect sensi-716

tive personal data.717

B3 Use Or Create Scientific Artifacts: Yes.718

We use and analyze existing instruction datasets719

and produce selection artifacts (selected subsets).720

Dataset sources, preprocessing and selection out-721

puts are described in Appendix A.722

B4 Data Contains Personally Identifying Info Or723

Offensive Content: No. The instruction pools724

used are public benchmarks and curated instruction725

corpora; No new PII collection.726

B5 Statistics For Data: Yes. We report dataset727

scales, label/count statistics, deduplication rates,728

and summary descriptive statistics in Appendix A.729

B6 Computational Experiments: Yes. All com-730

putational experiments and evaluation pipelines are731

described in Sec. 3 (System Overview and Experi-732

mental Setup).733

B7 Experimental Setup And Hyperparameters:734

Yes. The Experimental Setup is provided in Sec. 3.735

B8 Descriptive Statistics: Yes. We include de-736

scriptive statistics for datasets and selection bud-737

gets (counts, coverage metrics) in tables/figures738

Appendix A.739

B9 Human Subjects Including Annotators: No.740

We did not collect new human annotations or741

run human-subject studies; evaluations use pub-742

lic benchmarks and automated metrics (see Sec. 3743

and Appendix A).744

B10 Instructions Given To Participants: N/A.745

B11 Recruitment And Payment: N/A.746

B12 Data Consent: N/A.747

B13 Ethics Review Board Approval: N/A.748

B14 AI Assistants In Research Or Writing:749

Yes. All technical designs and analyses were per-750

formed by the authors; we did not use AI assistants751

to generate content central to the research. We752

only use AI assistants to assist with writing, polish753

language and correct grammatical errors.754

B15 Information About Use Of AI Assistants:755

No. We only use AI assistants to assist with writing,756

polish language and correct grammatical errors.757
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