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Abstract001

Large language models (LLMs) have demon-002
strated strong capabilities in narrative under-003
standing and generation, enabling applications004
such as script drafting and story planning. With005
the rapid rise of AI-generated web dramas and006
short-form narrative videos, there is increasing007
demand for systems that can translate narra-008
tive text into precise and controllable visual009
instructions at scale. However, LLM outputs010
are typically free-form and unstructured, mak-011
ing them difficult to integrate into downstream012
visual generation pipelines. While recent mul-013
timodal models attempt to directly map text to014
images or videos, such end-to-end approaches015
often lack interpretability, controllability, and016
compatibility with practical cinematic work-017
flows.018

In this work, we introduce visual executability,019
a property of language model outputs that en-020
ables deterministic execution by downstream021
visual systems. We propose a schema-guided022
framework that converts narrative text into shot-023
level executable cinematic plans, explicitly en-024
coding scene context, character presence, emo-025
tional states, and cinematographic parameters026
such as shot type, camera movement, compo-027
sition, and perspective. By constraining lan-028
guage model generation with a strict JSON029
schema, our approach guarantees structural va-030
lidity, atomicity, and completeness of each vi-031
sual unit, without requiring access to visual032
data or retraining multimodal models.033

Through quantitative and qualitative evalua-034
tions on narrative texts, we demonstrate that our035
method produces fine-grained, coherent, and036
structurally valid cinematic plans that are di-037
rectly usable for storyboarding and automated038
image or video generation pipelines. Our re-039
sults suggest that enforcing visual executability040
at the language level provides a principled and041
modular alternative to end-to-end multimodal042
generation for controllable visual content cre-043
ation.044

1 Introduction 045

Large language models (LLMs) have demonstrated 046

remarkable capabilities in narrative understanding 047

and text generation, enabling applications such as 048

creative writing, story summarization, and script 049

drafting. Recent studies further show that LLMs 050

can perform high-level reasoning and planning over 051

complex semantic structures (Valmeekam et al., 052

2023; Guan et al., 2023; Pallagani et al., 2024). 053

In parallel, AI-generated web dramas and short- 054

form narrative videos have rapidly gained popular- 055

ity, leading to the emergence of large-scale, fast- 056

iteration content production pipelines. In these 057

settings, narrative scripts must be translated into 058

visual content efficiently and consistently, placing 059

increasing pressure on automated systems to pro- 060

duce precise and controllable visual plans. Despite 061

these advances, LLM outputs remain fundamen- 062

tally non-executable with respect to visual gener- 063

ation systems. Bridging the gap between narra- 064

tive language and controllable visual realization 065

therefore remains a central challenge, particularly 066

for applications such as storyboarding, film pre- 067

visualization, and automated video generation. 068

Most existing approaches address this gap in 069

one of two ways. Prompt-based methods rely on 070

carefully engineered natural language prompts to 071

guide text-to-image or text-to-video models. While 072

flexible, these approaches produce free-form de- 073

scriptions that lack explicit structure, making them 074

difficult to verify, reuse, or systematically con- 075

trol (Zhou et al., 2023b). Alternatively, end-to-end 076

multimodal models attempt to directly map narra- 077

tive text to visual outputs through joint training on 078

large-scale datasets. Although effective in certain 079

scenarios, such models operate largely as black 080

boxes and provide limited interpretability or ex- 081

plicit control over cinematographic elements such 082

as shot boundaries, camera motion, and composi- 083

tion (He et al., 2023; Zhou et al., 2024; Yang et al., 084

1



Narrative Script

“He hesitates at the door, then slowly turns 
his head as footsteps approach.”

LLM

Shot Schema-Guided Decoding

reasoning / decomposition

Structured Cinematic Plan
{  "shot_type": "medium close-up",

 "camera_movement": "slow dolly in",
 "focus": "character's expression",

 "composition": "rule of thirds"}

Field constraints        Type validation       One-shot atomicity

Video Generation Model

Figure 1: Overview of visual executability. Given a
narrative script, a language model generates a structured
cinematic plan through schema-guided decoding, en-
forcing field constraints, type validation, and one-shot
atomicity. The resulting plan is directly executable by
downstream video generation models.

2024).085

In contrast, professional cinematic workflows do086

not generate visual content holistically. Instead,087

narratives are planned and executed at the level088

of shots—atomic visual units that specify what089

is shown, how it is framed, and how the camera090

moves. This shot-based planning paradigm under-091

lies storyboards, shot lists, and pre-visualization092

pipelines, and relies on a shared visual language093

used by directors, cinematographers, and editors.094

Although recent work has explored language-based095

planning and action generation (Wang et al., 2023c;096

Zhou et al., 2023a), current language models do097

not natively produce outputs aligned with this shot-098

level visual representation.099

Figure 1 summarizes the overall framework of100

our approach. Rather than generating free-form101

prompts or directly synthesizing visual outputs, we102

introduce an explicit intermediate representation in103

the form of a structured cinematic plan. Given a104

narrative script, a language model performs seman-105

tic reasoning and decomposition, while its genera-106

tion process is constrained through schema-guided107

decoding. The schema enforces field completeness,108

type validity, and one-shot atomicity, resulting in109

a sequence of shot-level specifications that can be110

deterministically consumed by downstream image111

or video generation models.112

Based on this formulation, we argue that the113

key limitation of existing methods lies not in lan- 114

guage understanding itself, but in the absence of 115

an explicit intermediate representation that bridges 116

narrative semantics and executable visual control. 117

To address this limitation, we introduce the con- 118

cept of visual executability, which characterizes 119

whether a language model’s output can be deter- 120

ministically mapped to a sequence of visual opera- 121

tions without additional interpretation or heuristic 122

post-processing. Our notion of visual executability 123

is closely related to recent advances in structured 124

generation and constrained decoding (Wang et al., 125

2023a; Geng et al.; Zheng et al., 2024), but is specif- 126

ically grounded in cinematic planning and visual 127

realization. 128

We propose a schema-guided framework that 129

transforms narrative text into executable cinematic 130

plans composed of shot-level representations. Each 131

shot is modeled as an atomic visual unit with explic- 132

itly defined scene context, character information, 133

emotional tone, and cinematographic parameters 134

such as shot type, composition, perspective, and 135

camera movement. By enforcing a formal schema 136

during generation, we guarantee structural validity 137

by construction, eliminating the ambiguity inherent 138

in free-form language. 139

Importantly, our approach does not require vi- 140

sual supervision or retraining of multimodal gen- 141

eration models. Instead, it leverages the implicit 142

cinematic knowledge encoded in large-scale narra- 143

tive corpora and makes this knowledge operational 144

through structured generation. In this way, we shift 145

the role of language models from passive narra- 146

tors to active visual planners, capable of producing 147

outputs that are both semantically grounded and 148

operationally executable. 149

We evaluate our framework on narrative-to- 150

cinematic planning tasks and demonstrate that it 151

consistently produces fine-grained, coherent, and 152

structurally valid cinematic plans. Human evalua- 153

tions conducted with professional AI short-drama 154

creators and film-directing students further indicate 155

that the generated plans are directly usable for sto- 156

ryboarding and integration into automated image 157

and video generation pipelines. Overall, our re- 158

sults suggest that visual executability provides a 159

principled and modular alternative to end-to-end 160

multimodal generation, enabling controllable and 161

interpretable visual content creation driven by lan- 162

guage models. 163
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2 Related work164

2.1 Language Models for Planning and165

Executable Representations166

Recent studies have investigated the use of167

large language models (LLMs) for planning and168

decision-making, focusing on their ability to gen-169

erate intermediate representations that support ex-170

ecutable actions. A number of works analyze the171

planning capabilities of LLMs, revealing both their172

potential and inherent limitations in symbolic rea-173

soning and long-horizon planning (Valmeekam174

et al., 2023; Pallagani et al., 2024). Other ap-175

proaches leverage LLMs to construct explicit world176

models or planning domains that can be integrated177

into classical or model-based planning frameworks178

(Guan et al., 2023; Oswald et al., 2024).179

Beyond symbolic planning, LLMs have been180

embedded into interactive or agent-based systems181

that unify reasoning, planning, and action selection182

in open-world environments (Wang et al., 2023c;183

Zhou et al., 2023a). Closely related work in em-184

bodied and language-to-action planning grounds185

language outputs in executable physical actions186

(Raman et al., 2022; Wu et al., 2023; Gramopad-187

hye and Szafir, 2023). These methods define ex-188

ecutability with respect to environment dynamics189

and task completion.190

In contrast, our work focuses on visual exe-191

cutability rather than physical or symbolic action192

execution. We treat cinematic constructs—such as193

shots, camera movements, and framing—as exe-194

cutable units, and frame narrative understanding as195

a planning problem whose output is an intermedi-196

ate representation designed specifically for visual197

realization.198

2.2 Structured and Constrained Language199

Generation200

Structured generation has emerged as a key tech-201

nique for improving the reliability and controlla-202

bility of language model outputs. Recent work203

evaluates schema- and grammar-constrained de-204

coding, showing that formal constraints such as205

JSON schemas can significantly improve structural206

validity while maintaining output quality (Geng207

et al.; Wang et al., 2023a). Related approaches208

apply schema-guided generation to information ex-209

traction tasks, including scientific text and non-210

standardized tables, demonstrating that strict struc-211

tural constraints enable robust downstream process-212

ing (Dagdelen et al., 2024; Hu et al., 2025).213

More broadly, constrained and controlled text 214

generation methods aim to steer LLM outputs us- 215

ing explicit instructions or structural requirements 216

(Zhou et al., 2023b; Meng et al., 2022). Systems 217

such as SGLang further emphasize the execution of 218

structured language programs, highlighting the ben- 219

efits of treating LLM outputs as executable artifacts 220

rather than free-form text (Zheng et al., 2024). Fea- 221

ture Execution Graphs similarly formalize LLM 222

outputs as executable graphs to support human–AI 223

co-programming (Batatia and Svetlichnyi, 2025). 224

Our work builds on this line of research but de- 225

parts in its objective. Rather than enforcing struc- 226

ture for semantic correctness or program execution, 227

we impose schema constraints to guarantee visual 228

executability, ensuring that each generated unit cor- 229

responds to an atomic and complete cinematic op- 230

eration. 231

2.3 Visual Planning and Multimodal 232

Generation from Language 233

Language-conditioned visual generation has been 234

widely studied in both image and video domains. 235

End-to-end story-to-image and story-to-video sys- 236

tems aim to directly synthesize visual content from 237

narratives, often using diffusion-based or retrieval- 238

augmented frameworks (He et al., 2023; Zhou et al., 239

2024; Yang et al., 2024). While these methods 240

demonstrate impressive visual fidelity, they typi- 241

cally lack explicit intermediate representations for 242

shot structure or cinematographic intent, limiting 243

controllability and editability. 244

More recent work explores compositional and 245

modular approaches to visual generation. Layout- 246

GPT shows that LLMs can generate structured vi- 247

sual plans, such as layouts, that guide downstream 248

image synthesis (Feng et al., 2023). Other studies 249

emphasize the role of intermediate representations 250

in multimodal systems, suggesting that structured 251

control signals can simplify alignment and improve 252

generation quality (Chen et al., 2025; Wang et al., 253

2023b). 254

Our approach aligns with these efforts but tar- 255

gets a different level of abstraction. Rather than 256

generating spatial layouts or visual outputs directly, 257

we propose a shot-level cinematic plan as an in- 258

termediate representation that captures temporal 259

structure, visual focus, and cinematographic opera- 260

tions. This positions our work as a bridge between 261

narrative language understanding and controllable 262

multimodal generation. 263

Prior work has explored planning with language 264
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models, structured generation, and multimodal syn-265

thesis from complementary perspectives. Our work266

differs by introducing visual executability as a uni-267

fying principle and by framing cinematic planning268

as a schema-constrained language generation prob-269

lem. This enables language models to produce270

intermediate representations that are both seman-271

tically grounded and directly executable by visual272

generation pipelines.273

3 Method274

3.1 Problem Formulation275

We study the problem of converting narrative text276

into a representation that can be deterministically277

executed by downstream visual generation systems.278

Let x ∈ X denote an input narrative text. Our goal279

is to learn a mapping280

f : X → P, (1)281

where282

P = (s1, s2, . . . , sN ) (2)283

is an ordered sequence of cinematic shots. Each284

shot si represents an atomic visual unit that can285

be independently executed by a visual generation286

pipeline.287

3.2 Visual Executability288

We introduce visual executability as a property of289

language model outputs.290

Definition (Visual Executability). A represen-291

tation P is said to be visually executable if there292

exists a deterministic mapping293

g : P → A, (3)294

where A denotes a sequence of executable visual295

operations, such that no additional heuristic inter-296

pretation is required.297

In our setting, visual executability is operational-298

ized via the following criteria:299

• Atomicity: each si corresponds to a single300

visual focus (e.g., one action, one reaction, or301

one observation).302

• Completeness: each si explicitly specifies all303

attributes required for execution.304

• Discreteness: visual attributes are drawn305

from predefined finite sets of primitives.306

• Structural Validity: P conforms to a for-307

mally defined schema that can be automati-308

cally validated.309

3.3 Shot-Level Cinematic Representation 310

We model a cinematic plan as a sequence of shots, 311

where each shot is treated as an atomic visual ac- 312

tion. Specifically, each shot si is represented as a 313

structured tuple: 314

si = ⟨Ci, Vi,Mi, Di⟩, (4) 315

where 316

Ci ∈ C (scene context),
Vi ∈ V (visual focus and affect),
Mi ∈ M (cinematographic parameters),
Di ∈ D (dialogue).

(5) 317

Intuitively, Ci captures contextual factors such 318

as time and environment; Vi captures the visual 319

focus (e.g., characters present) and the intended af- 320

fect; Mi encodes cinematographic primitives such 321

as shot type, camera perspective, composition, and 322

camera movement; and Di stores dialogue when 323

present. This shot-level abstraction matches practi- 324

cal cinematic workflows and supports fine-grained 325

decomposition of narratives into executable units. 326

We define a shot-level schema that specifies the 327

required structure and attributes of each cinematic 328

shot. Formally, each shot si must include the fol- 329

lowing fields: 330

• Scene: a textual description of the scene con- 331

text (e.g., time, location, environment). 332

• Characters: a list of entities appearing in the 333

shot. 334

• Mood: a categorical variable describing the 335

emotional tone of the shot. 336

• Shot Type: a discrete cinematographic primi- 337

tive (e.g., close-up, medium shot, long shot). 338

• Composition: a description of spatial compo- 339

sition (e.g., rule of thirds, centered). 340

• Perspective: the camera viewpoint (e.g., eye- 341

level, low-angle, high-angle). 342

• Camera Movement: a discrete camera opera- 343

tion (e.g., static, pan, tilt, dolly). 344

• Focus: the primary visual focus of the shot. 345

• Dialogue: spoken content, if present. 346

All fields except Dialogue are required. Each 347

field is associated with a predefined type and, 348

where applicable, a finite set of admissible values. 349
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3.4 Schema-Guided Generation350

To guarantee visual executability, we constrain gen-351

eration to a formally defined schema. Let S de-352

note a predefined schema specifying required fields,353

types, and admissible values for each shot and for354

the overall plan. We generate shots under schema355

constraints:356

si ∼ pθ(s | x,S), (6)357

where pθ is restricted to outputs that satisfy S.358

Equivalently, we enforce the hard constraint359

∀si ∈ P, si ∈ S, (7)360

which ensures structural validity by construction361

and eliminates structurally invalid generations.362

Compared to unconstrained free-form genera-363

tion, schema-guided decoding shifts the model364

from descriptive narration to structured cinematic365

planning, producing outputs that can be determin-366

istically mapped to downstream visual operations.367

3.5 Implementation Note368

In practice, the schema can be instantiated as a369

strict JSON schema with enumerated cinemato-370

graphic primitives and required fields. This enables371

automatic validation of P and supports modular372

integration with downstream storyboard tools and373

automated image/video generation pipelines.374

4 Experiments375

4.1 Experimental Setup376

Tasks and Data. We evaluate cinematic planning377

on story-to-video planning tasks, where the input378

is a short narrative description and the output is a379

cinematic plan. We construct a prompt set cover-380

ing diverse genres and scene types (e.g., dialogue-381

heavy, action-centric, interior/exterior, day/night).382

All methods are evaluated on the same prompt set383

to ensure comparability.384

Language Model Backbones. All planning-385

based methods are instantiated with open-source386

instruction-tuned language models. We report387

results under three representative 7B-scale back-388

bones: Qwen-7B-Instruct, LLaMA-2-7B-Chat, and389

Mistral-7B-Instruct. For each backbone, all com-390

pared methods and ablation variants use the same391

model to control for capacity.392

Compared Methods and Output Alignment. 393

We compare three representative paradigms: (i) 394

prompt-based text-to-video planning, (ii) workflow- 395

based planning with node-level structure, and (iii) 396

free-form LLM planning without explicit schema 397

constraints. Since our focus is planning quality 398

rather than rendered videos, we evaluate the gen- 399

erated plans. For baselines that produce free-form 400

prompts or workflow descriptions, we apply a deter- 401

ministic field-mapping to extract comparable shot- 402

level attributes when possible; otherwise, missing 403

attributes are counted as missing fields by defini- 404

tion. 405

4.2 Automatic Evaluation: Structural Validity 406

and Executability 407

We first evaluate whether generated outputs satisfy 408

the requirements of visual executability. This eval- 409

uation is fully automatic and independent of human 410

judgment. 411

Metrics. We report the following metrics: 412

• Schema Validity Rate (%): The percentage 413

of outputs that fully conform to the predefined 414

schema, including required fields, data types, 415

and admissible values. 416

• Missing Field Rate (%): The proportion of 417

shots that omit at least one required attribute. 418

• Atomicity Violation Rate (%): The propor- 419

tion of shots that contain multiple visual foci, 420

actions, or camera operations within a single 421

shot. 422

Operational Definition and Examples. An out- 423

put is considered schema-valid if and only if it 424

fully conforms to the predefined cinematic schema. 425

For example, a shot specification that includes all 426

required fields such as shot type, composition, cam- 427

era movement, and focus, with correct types and 428

values, is counted as valid. In contrast, free-form 429

textual descriptions or partially structured outputs 430

that omit required attributes or mix multiple actions 431

in a single shot are counted as invalid. 432

Missing fields are detected by checking the 433

absence of any required attribute in the schema. 434

Atomicity violations occur when a single shot 435

description combines multiple actions or camera 436

movements that would correspond to multiple cin- 437

ematic shots in professional practice (e.g., “the 438

character enters the room, the camera pans, and 439

another character reacts”). 440
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Results. Table 1 summarizes the structural valid-441

ity results across different planning paradigms.442

We note that schema validity reaches 100%443

for our method across all backbones because in-444

valid outputs are prevented by construction via445

schema-guided decoding rather than filtered post446

hoc. Therefore, differences across backbones447

mainly manifest in higher-level content choices448

(e.g., phrasing or stylistic preferences), while struc-449

tural validity remains guaranteed.450

4.3 Human Evaluation: Cinematic Plan451

Quality452

To assess the practical usefulness of generated cin-453

ematic plans, we conduct a human evaluation study454

focusing on real-world creative workflows.455

Participants. We recruit two groups of evalua-456

tors:457

• Professionals from an AI short-drama produc-458

tion company.459

• Graduate students majoring in film directing460

and cinematography.461

All participants have prior experience with cine-462

matic planning or storyboard creation.463

Protocol and Statistics. We conduct a random-464

ized, anonymized evaluation in which each partici-465

pant rates outputs from all methods for the same set466

of inputs. To reduce order effects, we randomize467

the presentation order per input. We report mean468

Likert scores aggregated across participants and469

prompts.470

Evaluation Criteria. Evaluators rate each471

method on a 5-point Likert scale (1: very poor, 5:472

excellent) along three dimensions:473

• Visual Clarity: How clearly the plan specifies474

visual content and camera intent.475

• Shot Coherence: How well shots are tempo-476

rally and semantically organized.477

• Direct Usability: How easily the plan can be478

directly used in storyboarding or video gener-479

ation pipelines with minimal modification.480

Results. Human evaluation results are reported481

in Table 2.482

Discussion. Table 2 shows consistent improve- 483

ments from our method across all three back- 484

bones. A key observation is that prompt-based 485

T2V outputs are often visually evocative but opera- 486

tionally underspecified: evaluators reported that 487

important cinematographic decisions (e.g., shot 488

boundary, camera movement, composition intent) 489

are either implicit or entangled in long descrip- 490

tive sentences, making direct translation to story- 491

boards labor-intensive. Free-form LLM planning 492

improves narrative coherence but still tends to con- 493

flate multiple actions or camera intents in a single 494

“shot-like” paragraph, which reduces shot coher- 495

ence and direct usability. 496

Workflow-based planning partially mitigates 497

these issues by introducing intermediate structure, 498

leading to better coherence than free-form base- 499

lines. However, evaluators noted that workflow 500

outputs frequently require manual completion of 501

missing fields and normalization of terminology be- 502

fore they can be executed reliably. In contrast, our 503

schema-guided shot-level representation produces 504

plans that are both complete and granular, which 505

directly supports downstream use: professionals 506

reported that the output can be pasted into their sto- 507

ryboard templates with minimal edits, while film 508

students found the shot boundaries and camera in- 509

tent easier to interpret and critique. 510

Finally, the cross-backbone results suggest that 511

backbone choice mainly affects stylistic preference 512

(e.g., brevity vs. elaboration), but the relative rank- 513

ing remains stable. This aligns with our hypothesis 514

that visual executability is primarily a representa- 515

tion and constraint design problem rather than a 516

model-size effect. 517

4.4 Ablation Study 518

We conduct ablation studies to analyze the con- 519

tribution of shot-level decomposition and schema 520

constraints. 521

Variants. We compare the following variants: 522

• Scene-Level Only: Coarse scene-level plan- 523

ning without shot decomposition. 524

• Shot-Level, No Schema: Shot-level planning 525

without schema constraints. 526

• Shot-Level + Schema (Full): The full pro- 527

posed model. 528

Results. Table 3 presents the ablation results. 529
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Method Qwen-7B-Instruct LLaMA-2-7B-Chat Mistral-7B-Instruct
SV MF AV SV MF AV SV MF AV

Prompt-based T2V 2.1 48.6 61.3 1.7 51.2 64.8 2.4 46.9 59.7
Workflow-based T2V 6.4 27.9 34.5 5.8 29.4 36.1 6.9 26.7 33.2
LLM Planning (Free-form) 4.8 36.2 42.7 4.1 38.9 45.3 5.2 34.6 40.8
Ours (Visual Executability) 100.0 0.0 3.1 100.0 0.0 4.2 100.0 0.0 3.8

Table 1: Automatic evaluation across different language model backbones. SV: Schema Validity (%), MF: Missing
Fields (%), AV: Atomicity Violations (%).

Method Qwen-7B-Instruct LLaMA-2-7B-Chat Mistral-7B-Instruct
VC SC DU VC SC DU VC SC DU

Prompt-based T2V 2.7 2.4 1.9 2.5 2.2 1.8 2.8 2.5 2.0
Workflow-based Planning 3.4 3.6 3.2 3.2 3.4 3.0 3.5 3.7 3.3
LLM Planning (No Schema) 3.1 2.9 2.5 2.9 2.7 2.3 3.2 3.0 2.6
Ours (Visual Executability) 4.3 4.5 4.6 4.1 4.3 4.4 4.2 4.4 4.5

Table 2: Human evaluation results across different language model backbones (5-point Likert scale). VC: Visual
Clarity, SC: Shot Coherence, DU: Direct Usability.

Discussion. The ablation results in Table 3 re-530

veal two complementary factors behind visual ex-531

ecutability. First, removing shot-level decomposi-532

tion (Scene-Level Only) substantially reduces shot533

consistency and usability, indicating that coarse534

scene descriptions do not provide sufficient granu-535

larity for execution: evaluators reported ambiguous536

shot boundaries and unclear camera intent, which537

prevents direct storyboard translation. Second,538

keeping shot-level structure but removing schema539

constraints (Shot-Level, No Schema) improves con-540

sistency compared to scene-level outputs, yet still541

yields structurally unstable plans with missing or542

inconsistent attributes, resulting in lower usability.543

The full model combines shot-level granularity544

with hard schema constraints and achieves the best545

performance under all backbones. This confirms546

that visual executability is not obtained by adding547

format alone; rather, it emerges from jointly en-548

forcing (i) an execution-oriented unit of planning549

(shots) and (ii) a verifiable interface (schema) that550

eliminates underspecification.551

5 Qualitative Analysis552

We present a qualitative example to illustrate how553

visual executability enables the generation of con-554

crete and controllable cinematic plans, and how555

these plans translate into executable video outputs.556

5.1 Case Study: From Story to Executable557

Video558

Input Story. “A man waits alone at a bus stop559

late at night. Rain begins to fall. He checks his560

phone repeatedly, growing more anxious as time561

passes.”562

Generated Cinematic Plan. Using our method, 563

the language model produces the following shot- 564

level plan (abridged for brevity): 565

Shot 1: 566
Shot Type: Wide shot 567
Composition: Rule of thirds 568
Camera Movement: Static 569
Focus: Empty bus stop under streetlight, 570
light rain 571

572
Shot 2: 573

Shot Type: Medium shot 574
Composition: Centered 575
Camera Movement: Slow dolly in 576
Focus: Man standing alone, checking his phone 577

578
Shot 3: 579

Shot Type: Close-up 580
Composition: Tight framing 581
Camera Movement: Static 582
Focus: Man's face, rain droplets visible, 583
anxious expression 584

The plan is fully schema-valid and specifies shot 585

boundaries, camera intent, and visual focus for 586

each shot, enabling direct execution without addi- 587

tional interpretation. 588

Executable Image Output. To qualitatively 589

demonstrate visual executability, we instantiate 590

the generated cinematic plan using representative 591

image outputs rather than full video generation. 592

Specifically, we render one image per selected 593

shot using an open-source text-to-image diffusion 594

model conditioned on the corresponding shot spec- 595

ification. 596

Figure 2 visualizes three shots generated from a 597

single story input. Each image corresponds to one 598

shot in the plan and reflects the intended shot type, 599

composition, and visual focus. This example illus- 600

trates that the proposed shot-level schema produces 601
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Variant Qwen-7B-Instruct LLaMA-2-7B-Chat Mistral-7B-Instruct
SV HU SC SV HU SC SV HU SC

Scene-Level Only 1.3 2.4 1.9 0.9 2.2 1.7 1.5 2.5 2.0
Shot-Level, No Schema 5.1 3.2 3.4 4.6 3.0 3.2 5.4 3.3 3.5
Shot-Level + Schema (Full) 100.0 4.6 4.5 100.0 4.4 4.3 100.0 4.5 4.4

Table 3: Ablation study across different language model backbones. SV: Schema Validity (%), HU: Human Usability,
SC: Shot Consistency.

Shot 1 Shot 2 Shot 3

Figure 2: Executable image outputs corresponding to
three shots in a generated cinematic plan. From left to
right: (Shot 1) establishing wide shot of the environ-
ment, (Shot 2) medium shot focusing on the character in
context, and (Shot 3) close-up emphasizing emotional
detail. Each image is rendered independently from its
shot specification, demonstrating the executability of
the plan at the shot level.

plans that can be directly translated into concrete602

visual realizations without additional interpretation603

or manual refinement.604

5.2 Summary of Experimental Findings605

Across automatic evaluation, human studies, abla-606

tion experiments, and backbone robustness analy-607

sis, results consistently demonstrate the effective-608

ness of enforcing visual executability. Shot-level609

schema constraints lead to structurally valid, coher-610

ent, and practically usable cinematic plans. These611

findings validate visual executability as a core de-612

sign principle for language-driven cinematic plan-613

ning systems.614

6 Conclusion615

We introduced visual executability as a design prin-616

ciple for language-driven cinematic planning. By617

representing plans at the shot level and enforcing618

schema-guided constraints during generation, our619

approach produces cinematic plans that are struc-620

turally valid, semantically coherent, and directly621

executable in real-world creative workflows.622

Through automatic evaluation, human studies,623

ablation experiments, and qualitative analysis, we624

show that visual executability substantially im-625

proves both the reliability and usability of gener-626

ated plans compared to prompt-based, workflow-627

based, and free-form planning baselines. Impor- 628

tantly, these improvements are consistent across 629

multiple open-source language model backbones, 630

indicating that executability arises from represen- 631

tation and constraint design rather than model- 632

specific behavior. 633

We believe that visual executability provides a 634

principled interface between language models and 635

visual generation systems. Beyond cinematic plan- 636

ning, this paradigm opens up new opportunities 637

for controllable multimodal generation, structured 638

creative assistance, and human-AI collaboration in 639

visual storytelling and content creation. 640
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Limitations641

While our results demonstrate the effectiveness of642

visual executability for cinematic planning, several643

limitations remain.644

First, our framework relies on a predefined cin-645

ematic schema that encodes common shot-level646

attributes such as shot type, composition, and cam-647

era movement. Although this schema covers a wide648

range of standard cinematic practices, it may not649

fully capture highly unconventional or experimen-650

tal filmmaking styles. Extending the schema to651

support richer stylistic variation or alternative cine-652

matic grammars is an important direction for future653

work.654

Second, while schema-guided decoding guaran-655

tees structural validity, it does not by itself ensure656

aesthetic quality or creative originality. As illus-657

trated by our qualitative examples, generated plans658

are executable and well-structured, but artistic ap-659

peal still depends on downstream rendering models660

and subjective human preferences. Balancing strict661

executability constraints with creative flexibility662

remains an open challenge.663

Third, our human evaluation focuses on usabil-664

ity and clarity in professional workflows, rather665

than long-term narrative quality or audience recep-666

tion. Evaluating how executable cinematic plans667

influence end-user engagement or storytelling ef-668

fectiveness over longer video sequences is beyond669

the scope of this work.670

Finally, although we evaluate our method across671

multiple open-source language model backbones,672

all experiments are conducted at a similar model673

scale. Investigating how visual executability inter-674

acts with larger models or multimodal foundation675

models is left for future research.676
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