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UserUser

I want a video about a female adven-

turer discovering a mysterious island.

User

I want a video about a female adven-

turer discovering a mysterious island.

Generate a sequel for this video, with the 

story-line inspired by Tomb Raider.

UserUser

Generate a sequel for this video, with the 

story-line inspired by Tomb Raider.

User

1. Generate a complete and well-developed script ...  2. Generate 

the video clips ...  3. Edit clips and generate voices ...
AgentAgent

1. Generate a complete and well-developed script ...  2. Generate 

the video clips ...  3. Edit clips and generate voices ...
Agent

1. Perform video captioning ...  2. Retrieve background story 

information from Tomb Raider ...  3. Generate the sequel video ...
AgentAgent

1. Perform video captioning ...  2. Retrieve background story 

information from Tomb Raider ...  3. Generate the sequel video ...
Agent

1. Add these shots to the script ...  2. Generate the these shots ...  

3. Edit the corresponding shots and reassemble the video ...
AgentAgent

1. Add these shots to the script ...  2. Generate the these shots ...  

3. Edit the corresponding shots and reassemble the video ...
Agent

I would like to add several shots that focus on 

side-characterization of the female adventurer, 

and modify the ending of the video.
UserUser

I would like to add several shots that focus on 

side-characterization of the female adventurer, 

and modify the ending of the video.
User

Figure 1: MAViS2 allows users to intervene in and refine the generated content in real time, thereby facilitating
flexible exploration of diverse visual narratives and creative directions.

Abstract001

Existing long-sequence video generation frame-002
works often overlook scriptwriting, rely on a003
fixed text-to-image followed by image-to-video004
paradigm, lack post-production support, and of-005
fer limited user interaction, resulting in poor006
viewing quality and limited user control. To ad-007
dress these limitations, we propose MAViS2, a008
multi-agent framework for interactive and adap-009
tive long-sequence video storytelling. MAViS2010
decomposes the video creation process into011
three coordinated stages: scriptwriting, video012
clip generation, and post-production, each han-013
dled by multiple specialized agents. In the014
scriptwriting stage, we propose a Scriptwrit-015
ing Workflow that progressively improves the016
expressiveness of the scripts. In the video gen-017
eration stage, MAViS2 uses Adaptive Gener-018
ation Planning to select an appropriate gener-019
ation strategy for each shot and dynamically020
adjusts it based on the global memory and021
the evaluation of generated results, thereby022
significantly increasing visual diversity while023
reducing constraints on scriptwriting. In the024
post-production stage, MAViS2 integrates ba-025
sic video editing, voice-over synthesis, back-026

ground music matching, and subtitle compo- 027
sition to improve the completeness of the fi- 028
nal output. Moreover, MAViS2 supports Fine- 029
grained Human-in-the-loop Control, allow- 030
ing users to intervene and make fine-grained 031
adjustments at any stage, thereby flexibly ex- 032
ploring diverse visual narratives and creative di- 033
rections. Experimental results demonstrate that 034
MAViS2 outperforms existing methods in terms 035
of visual quality, narrative coherence, and over- 036
all viewing experience. MAViS2 offers a novel 037
solution for long-sequence video storytelling, 038
supporting a wide range of storytelling tasks, 039
including end-to-end generation, video under- 040
standing, Wikipedia-based external knowledge 041
retrieval, prequel and sequel creation, and video 042
remaking. 043

1 Introduction 044

In recent years, with the rapid development of 045

video generation models (OpenAI, 2024; MiniMax, 046

2024; GenmoTeam, 2024), multi-modal large mod- 047

els (Brown et al., 2020; Anil et al., 2023), and 048

agent technologies (Yang et al., 2023a; Yin et al., 049

2023; Li et al., 2023), several multi-agent frame- 050

works (Wang et al., 2024a; Xie et al., 2024) have 051
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Methods Complete Script Gen. Planning Audio Video Editing Refinement Automated HITL Control

Video Model
MovieDreamer (He et al., 2024) × - × × × ✓ ×
VGoT (Zheng et al., 2025) × - × × × ✓ ×
LCT (Guo et al., 2025) × - × × × ✓ ✓
Image Model
StoryGen (Liu et al., 2024) × - × × × ✓ ×
SEED-Story (Yang et al., 2024b) × - × × × ✓ ×
DreamStory (Zhao et al., 2024) × - × × × ✓ ×
Agent-based Tool Orchestration
Mora (Yuan et al., 2024) × × × × × ✓ ×
AesopAgent (Wang et al., 2024a) × × × × × ✓ ×
UniVA (Liang et al., 2025) × ✓ ✓ ✓ × ✓ ✓
Multi-agent Framework
DreamFactory (Xie et al., 2024) × × × × × × ×
StoryAgent (Hu et al., 2024) × × × × ✓ ✓ ×
MovieAgent (Wu et al., 2025b) × × ✓ × × × ×
MAViS (Wang et al., 2025) × × ✓ × ✓ ✓ ×

MAViS2 (ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 1: Properties of MAViS2 vs Other Storytelling Works: We summarize seven metrics of long-sequence
storytelling works. These works span video models, image models, agent-based tool orchestration, and multi-agent
frameworks. "Complete Script": ability in generating a complete, rich, and filmable script rather than a simple
storyboard; "Gen. Planning": supports generation strategy selection; "Audio": the output includes synchronized
audio; "Video Editing": supports video editing; "Refinement": supports evaluating and refining generated results
instead of treating one-step outputs as final; "Automated": enables end-to-end automated generation without human
intervention; "HITL Control": allows users to intervene in and refine the generated content.

emerged to automate the creation of long-sequence052

videos. These frameworks have made significant053

strides in extending video length and complexity.054

However, as shown in Table 1, despite the055

progress these works have offered valuable insights056

into long video generation, they still exhibit notable057

shortcomings:058

• Underdeveloped Scriptwriting: Existing frame-059

works either do not support scriptwriting (Yuan060

et al., 2024), generate a simple storyboard with-061

out considering the capabilities of the generation062

tools (Liang et al., 2025), or overly constrain063

the scriptwriting to be compatible with generative064

tools (Wang et al., 2025). As a result, the scripts065

are often rigid and lack expressive depth.066

• Fixed T2I+I2V Paradigm: Many existing frame-067

works (Xie et al., 2024; Hu et al., 2024; Wu et al.,068

2025b) generate long-sequence videos by combin-069

ing text-to-image (T2I) and image-to-video (I2V)070

generations. However, real-world AI movie cre-071

ation requires coordinated use of multiple models072

and tools to achieve greater creative freedom and073

diversity. The T2I+I2V paradigm inherently limits074

the expressiveness of long-sequence videos.075

• Limited Post-production: Post-production tasks,076

such as video editing, voice-over synthesis, back-077

ground music (BGM) matching, and subtitle com-078

position, can significantly enhance the viewing ex-079

perience and immersion. However, many existing080

frameworks lack support for post-production.081

• Lack of User Interaction: The quality of a story082

video often depends on the viewer’s experience,083

and real-time content adjustment based on user 084

feedback is particularly important. Yet, many exist- 085

ing frameworks focus solely on end-to-end genera- 086

tion, overlooking user controllability. 087

To address these issues, we propose MAViS2, 088

a multi-agent framework for interactive and adap- 089

tive long-sequence video storytelling. MAViS2 090

decomposes the long-sequence video storytelling 091

process into three independent but collaborative 092

stages: scriptwriting, video clip generation, and 093

post-production. 094

• Scriptwriting: We propose a Scriptwriting 095

Workflow. This process enhances and enriches 096

the script step by step through a progressive flow 097

of "initial generation → structure enhancement → 098

content augmentation → narration optimization → 099

narrative closure", improving its expressiveness. 100

• Video Clip Generation: We propose Adaptive 101

Generation Planning, in which MAViS2 selects 102

an appropriate generation strategy for each shot and 103

dynamically adjusts it based on the global mem- 104

ory and the evaluation of generated results, thereby 105

significantly increasing visual diversity while re- 106

ducing constraints on scriptwriting. 107

• Post-production: MAViS2 integrates basic video 108

editing, voice-over synthesis, BGM matching, and 109

subtitle composition, comprehensively enhancing 110

the overall viewing experience and completeness 111

of the final video. 112

• Fine-grained Human-in-the-loop Control: 113

MAViS2 enables interactive human-in-the-loop 114

(HITL) control. As illustrated in Figure 1, MAViS2 115
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allows users to intervene and make fine-grained116

adjustments at any stage of the generation process,117

thereby flexibly exploring diverse visual narratives118

and creative directions.119

To ensure orderly collaboration, MAViS2 adopts120

a pyramid-structured organization consisting of121

a User Proxy, Group Managers, and specialized122

agents. As shown in Figure 2, the User Proxy re-123

ceives user instructions and dispatches group-level124

tasks to the Group Managers. Each Group Manager125

decomposes the group-level tasks, assigns them to126

specialized agents, and provides feedback to ensure127

generation quality across stages. Moreover, lever-128

aging video captioning and retrieval-augmented129

generation (RAG), MAViS2 can generate long-130

sequence video storytelling with targeted styles131

and content tailored to users’ multimodal inputs.132

MAViS2 offers a novel solution for long-133

sequence video storytelling, supporting a wide134

range of tasks such as end-to-end generation, video135

understanding, Wikipedia-based external knowl-136

edge retrieval, prequel and sequel creation, and137

video remaking. Experiments demonstrate that138

MAViS2 achieves state-of-the-art performance and139

garners the highest user preference in terms of ex-140

pressiveness and visual quality.141

2 Related Works142

2.1 Video Generation143

Recent advances in video generation (He et al.,144

2022; Wang et al., 2024c) have significantly im-145

proved text-to-video (T2V) (ModelScopeTeam,146

2023; Wang et al., 2024b) and image-to-video147

(I2V) (Xing et al., 2025; Zhang et al., 2023)148

paradigms, driven by large-scale foundation mod-149

els (Google, 2025; OpenAI, 2025; Research, 2025).150

Meanwhile, auto-regressive approaches (Weng151

et al., 2024; Henschel et al., 2024; Yang et al.,152

2025; Huang et al., 2025) and video extension153

methods (KlingAI, 2024; Runway, 2024) have at-154

tracted growing attention by extending the duration155

of generated videos. However, these methods still156

suffer from limited length and are unable to solely157

complete full AI movie generation. MAViS2 ad-158

dresses long-video generation from a system-level159

perspective, expanding the capabilities of existing160

models and enabling minute-scale video synthesis.161

2.2 AI Agent162

Empowered by large language models (Touvron163

et al., 2023; Brown et al., 2020), AI agents (Park164

et al., 2023; Li et al., 2023; Hong et al., 2023; Park 165

et al., 2023) have demonstrated broad applicability 166

across diverse tasks. Multimodal models (Achiam 167

et al., 2023; Anil et al., 2023) further extend agent 168

capabilities across modalities (Wang et al., 2024d; 169

Hang et al., 2024; Yang et al., 2023b; Zheng et al., 170

2024), while Chain-of-Thought (CoT) prompt- 171

ing (Wei et al., 2023; Wang et al., 2023) improves 172

agents’ multi-step reasoning performance (Schick 173

et al., 2023; Gao et al., 2023). In addition, some 174

works (Liu et al., 2025; Madaan et al., 2023) bene- 175

fit from HITL interaction (Natarajan et al., 2024). 176

In this work, multiple agents employ CoT-based 177

multi-step reasoning while supporting HITL inter- 178

action throughout the generation process. 179

2.3 Video Agents 180

Recent advances have spawned video agents for 181

long-sequence generation. Some works (Yuan 182

et al., 2024; Liang et al., 2025) focus on multi- 183

model system integration to better serve creators 184

by orchestrating multiple models and tools, while 185

others (Yang et al., 2024a; Wang et al., 2024a) 186

emphasize agent-driven story planning but lack 187

end-to-end execution and controllability. Existing 188

frameworks (He et al., 2024; Wu et al., 2025b) fur- 189

ther over-rely on T2I+I2V paradigm, limiting shot- 190

level flexibility. In contrast, MAViS2 integrates 191

Scriptwriting Workflow, Adaptive Generation Plan- 192

ning, post-production, and HITL interaction for 193

flexible, high-quality video storytelling. 194

3 MAViS2 195

We propose MAViS2, a multi-agent framework 196

for interactive and adaptive long-sequence video 197

storytelling. As illustrated in Figure 2, given a 198

user prompt P , MAViS2 generates a long-sequence 199

video storytelling that comprises N shots: 200

F : P → V̂, V̂ = {{Vi, Ai} | i = 1, 2, . . . , N}, (1) 201

where Vi is the video clip and Ai is the audio track. 202

MAViS2 decomposes the long-sequence video 203

storytelling process into three independent yet col- 204

laborative stages: scriptwriting, video clip gener- 205

ation, and post-production. In the scriptwriting 206

stage, we propose a Scriptwriting Workflow to 207

progressively enhance and enrich the script. In the 208

video clip generation stage, we introduce Adaptive 209

Generation Planning, in which MAViS2 selects 210

an appropriate generation strategy for each shot. 211

In the post-production stage, MAViS2 integrates 212
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【Title】 The Cursed Lost

【Summary】 Ayla follows an 

ancient map to a mysterious jungle ...

【Style】 Adventure, Suspense

【Subjects】 

  - Ayla: A female adventurer , around 

30 years old, Caucasian ...

  - Heart of the Blue Abyss: A 

mysterious floating crystal ...

【Scenes】
  - Primal Jungle: The interior of the 

island, with dense vegetation ...

  - Temple Door: A giant stone door 

partially covered by vines ...

【Shot 1】
Subject: Ayla

Scene: Primal Jungle

Content: Ayla swings her machete, 

cutting through thick vines blocking 

her path as she moves ...

Subtitle: They say it leads to hell, but 

all I see is opportunity.

【Shot 2】
Subject: Ayla

Scene: Primal Jungle

Content: ...

Subtitle: ...

…

【Ending】
Subject: null

Scene: Foggy Coast

Content: Extreme long shot, a slow 

upward camera pull from the sea ...

Subtitle: No matter where I run, this 

blue nightmare will follow me like a 

shadow.

Adaptive Generation Planning

Generation Memory

Retrieval & Captioning

Script 

Writer

Script 

Writer

Script 

Writer

Structure 

Enhancer

Structure 

Enhancer

Structure 

Enhancer

Content 

Enhancer

Content 

Enhancer

Content 

Enhancer

Subtitle 

Enhancer

Subtitle 

Enhancer

Subtitle 

Enhancer

Ending 

Designer

Ending 

Designer

Ending 

Designer

【Title】 The Cursed Lost

【Summary】 Ayla follows a 

map to a mysterious jungle ...

【Style】 Adventure, Suspense

【Subjects】 Ayla: A female 

adventurer, 30 years old ...

【Scenes】Primal Jungle: The 

interior of the island ...

【Shot 1】 ...

     ...

【Shot 10】 ...

【Shot 2 - Shot 3】 A 

supplemen-tary shot is added to 

show Ella pushes through the 

dense forest ...

【Shot 4 - Shot 5】 ...

     ...

【Overall Rhythm】... the 

number of shots increases from 

10 to 14 ...

【Shot 1】 Added: "Moist air", 

"Side profile details", "Determined 

eyes", and smoother action 

logic ...

     ...

【Shot 14】 Enhanced details ...

【Ending】 

Subject: null

Scene: Foggy Coast

Content: Extreme long shot ...

Subtitle: No matter where I run... 

【Shot 1】"They say it leads to 

hell, but all I see is opportunity."

     ...

【Shot 14】 "I escaped the 

temple..."

Script 

Manager

Script 

Manager

Script

Generation 

Manager

Generation 

Manager

Prompt 

Generator

Prompt 

Generator

Prompt 

Generator

Generation 

Model

Generation 

Model

Generation 

Evaluator

Generation 

Evaluator

Generation 

Evaluator

【Shot 5 - I2V】A cinematic close-up 

shot with a frontal view. The subject is 

Ella ... The setting is a giant stone gate 

of a temple ... Ella's fingers gently 

caress the rough runes on the stone 

gate. Her eyes reveal an expression of 

surprise. Dim light entering from the 

side ... The camera keeps static ...

Post-production 

Manager

Post-production 

Manager

Video 

Editor

Video 

Editor

Voice 

Designer

Voice 

Designer

Voice 

Model

Voice 

Model

BGM 

Retriver

BGM 

Retriver

User ProxyUser ProxyUser Proxy

Video Clips

Shot 3Shot 3

Shot 2Shot 2

Prompts

【Shot 1 - I2V】A cinematic 

medium shot ... Ella swings 

the machete in her hand... 

The mottled sunlight plays 

across her sweaty face ... 

camera follows Ella ... 

【Shot 2 - I2I】...

  ...

Prompts

【Shot 1 - I2V】A cinematic 

medium shot ... Ella swings 

the machete in her hand... 

The mottled sunlight plays 

across her sweaty face ... 

camera follows Ella ... 

【Shot 2 - I2I】...

  ...

Candidates

Candidate 1Candidate 1 Candidate 2Candidate 2

•••

Revisions

【Turn 1 - I2I】... stone wall 

does not match ... in shot 

4 ... retrieve from shot 4 ... 

as the reference image.

【Turn 2 - I2V】Ella’s hair 

color is inconsistent ... 

emphasize hair color ...

  ...

Revisions

【Turn 1 - I2I】... stone wall 

does not match ... in shot 

4 ... retrieve from shot 4 ... 

as the reference image.

【Turn 2 - I2V】Ella’s hair 

color is inconsistent ... 

emphasize hair color ...

  ...
【Shot 1】 

  - voice_id: Calm_Woman

  - emotion: neutral

【Shot 2】
     ...

【Ending】...

【BGM】 Fantasy Adventur-

es – Mysterious Adventure ... 

【Download Link】https://

pixabay.com/music/mystery-

fantasy-adventures-...

Voice-over
【Shot 1】   They say it 

leads to hell, but all I see is 

opportu-nity.

【Shot 2】   ……

  ...

Voice-over
【Shot 1】   They say it 

leads to hell, but all I see is 

opportu-nity.

【Shot 2】   ……

  ...

Video Editing

••• •••••• •••

••• •••••• •••

【Shot 4】The beginning of 

the video ... Ella starts walking 

from a static pose ... redunda-

nt ...  cut out.

【Shot 9】The end of the 

video... Ella’s hand remains 

static ... unnatural... cut  out.

  ...

Output Long-

Sequence Video

CaptionerCaptioner

The given video tells the story of an 

adventurer discovering a mysterious 

island ... Retrieve relevant scripts 

online as reference examples...

          Post-production Group          Post-production Group

1. Generate a raw sciprt.

2. Enhance the structure of the script.

3. ...

- Retrieve a frame of previous videos ... 

- Choose I2V for Shot 5 ...

- ...

- Crop out the redundant part ... 

- ...

- Assemble all video clips ...

- Caption the video ... 

- Generate a script ...

【Candidate 1】
  - Prompt Consistency: 8.5/10 - The 

video accurately reproduces Ella’s ...

  - Visual Quality: 9/10 - The visuals 

have an excellent cinematic quality ...

  - Subject Consistency: 9/10 - Facial 

features and grime details remain 

consistent with the given image ...

  - Content Naturalness: 9/10 - The 

micro-expression transition from 

surprise to delight is natural ...

  - Average Score: 9.0/10 

【Candidate 2】
     ...

I2VI2VI2VI2II2II2I I2VI2VI2II2I

          Generation Group          Generation Group          Script Group          Script Group          Script Group

Shot 4Shot 4

Shot 1Shot 1

Using the given video as background knowledge, write a sequel that 

tells the story of the female adventurer discovering a hidden 

treasure on a mysterious jungle. The video should be at least two 

minutes long.
Input VideoInput Video

Subjects & Scenes

Ella & Jungle

Ella & Temple Temple Door

Ella

Subjects & Scenes

Ella & Jungle

Ella & Temple Temple Door

Ella

UserUser

Figure 2: Illustration of MAViS2 framework. indicates component inherited from MAViS (Wang et al., 2025).

video editing and audio generation to enhance the213

overall viewing experience and completeness of214

the final long-sequence video storytelling. Further-215

more, through Fine-grained Human-in-the-loop216

Control, MAViS2 allows users to intervene and217

make fine-grained adjustments at any stage of the218

generation process, thereby flexibly exploring di-219

verse visual narratives and creative directions.220

Section 3.1 outlines the Scriptwriting Workflow,221

Section 3.2 details Adaptive Generation Planning,222

Section 3.3 introduces the post-production stage,223

and Section 3.4 discusses the Fine-grained Human-224

in-the-loop Control.225

3.1 Scriptwriting Workflow226

The scripts generated by LLMs in a single turn227

are often underdeveloped, with abrupt transitions228

between shots and poor content consistency. This229

leads to severe fragmentation in the generated long-230

sequence videos, where adjacent shots lack proper231

transitions, buildup, and atmospheric reinforce-232

ment, ultimately degrading the overall viewing ex-233

perience. On the other hand, naively injecting a234

large number of scriptwriting guidelines into the235

system message tends to disperse the agent’s atten-236

tion, making it difficult to ensure that all rules are237

consistently satisfied.238

To obtain a more complete and expressive script,239

we propose a Scriptwriting Workflow that en-240

hances and enriches the script step by step through241

a progressive flow of "initial generation → struc- 242

ture enhancement → content augmentation → nar- 243

ration optimization → narrative closure". 244

Initial Generation Upon receiving a scriptwrit- 245

ing task, the Scriptwriter Gsw generates a structured 246

draft script S1 = Gsw(P ). 247

Structure Enhancement The Structure Enhancer 248

Gsse performs structural refinement on the draft 249

script: S2 = Gsse(S1). Without altering the narra- 250

tive trajectory, it adds supplementary shots—such 251

as multi-angle shots, reverse shots, long takes, 252

and bridging shots—to make proper transitions, 253

buildup, and atmospheric reinforcement. 254

Content Augmentation The Content Enhancer 255

Gsce refines the script, focusing on resolving incon- 256

sistencies, smoothing conflicts, and enriching nec- 257

essary details such as environmental cues and light- 258

ing descriptions across shots: S3 = Gsce(S2). By 259

addressing these issues at the script level, MAViS2 260

mitigates visual inconsistency in the resulting long- 261

sequence videos. 262

Narration Optimization Narration generated di- 263

rectly by LLMs is often overly theatrical, unnatural, 264

or unsuitable for grounded storytelling. Therefore, 265

the Narration Enhancer Gsne rewrites the narration 266

to better align with the narrator’s perspective and 267

tone, ensuring that it reads as authentic storytelling 268

rather than Shakespearean prose: Sn = Gsne(S3). 269
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Narrative Closure The Ending Designer Gsed270

crafts a thematically meaningful ending shot as271

a narrative closure, consolidating the narrative arc272

and leaving room for audience interpretation and273

emotional resonance: Se = Gsed(S3).274

Finally, the Script Manager Ms aggregates the275

refined script, polished narration, and ending shot276

into the final camera-ready script, which serves as277

the input for the video clip generation stage:278

S = Ms(S3, Sn, Se). (2)279

Details of the script structure, supplementary shots,280

and content augmentation are provided in Ap-281

pendix B.282

3.2 Adaptive Generation Planning283

Different shots impose different requirements on284

visual grounding, subject consistency, and back-285

ground consistency, and therefore demand differ-286

ent generation strategies. A generation strategy287

may consist of a single or multiple generation steps,288

such as T2V, video extension, image retrieval + I2V,289

T2I + I2V, and image retrieval + image-to-image290

generation (I2I) + I2V, etc. To address this, we291

propose Adaptive Generation Planning, which292

enables the agent framework to adaptively select293

the most appropriate video generation strategy for294

each shot.295

First, for each shot ŝ ∈ S, the Generation Man-296

ager Mg selects a generation strategy R by jointly297

considering the shot content, the global script con-298

text, and the generation memory M:299

R = Mg(ŝ, S,M). (3)300

The generation memory maintains a record of all301

previously generated shots, including their prompts,302

revision histories, subject images, background im-303

ages, and resulting video clips.304

Next, the Prompt Generator Ggp composes a305

structured input prompt corresponding to the gener-306

ation tool Ggt ∈ R of the current step in generation307

strategy to produce a set of candidate images or308

video clips C0 using Ng random seeds:309

C0 = {Ggt(p0, k), k = 1, 2, . . . , Ng}, p0 = Ggp(ŝ). (4)310

Subsequently, the Generation Evaluator Eg311

scores these candidates according to prompt con-312

sistency, visual quality, content naturalness, and313

subject consistency, selects the best candidate c0,314

and provides the evaluation result e0:315

[c0, e0] = Eg(C0) (5)316

Then, the Prompt Generator analyzes the iden- 317

tified deficiencies of the selected candidate and 318

initiates the next iteration of prompt generation: 319

pj+1 = Ggp(ŝ, ej , pj) (6) 320

This internal loop of generation–evaluation– 321

refinement provides the Generation Manager a pro- 322

visional best candidate. It then analyzes the remain- 323

ing issues and decides whether to further adjust the 324

shot content, proceed to the next step in the gen- 325

eration strategy, or reselect a different generation 326

strategy. Once the video clip for a shot is finalized, 327

the Generation Manager stores the resulting clip 328

together with its associated subject and background 329

images in the generation memory, providing visual 330

and contextual references for subsequent shots. 331

Through this adaptive and feedback-driven pro- 332

cess, MAViS2 ultimately generates a sequence of 333

video clips {Vi | i = 1, 2, . . . , N}. Details of 334

generation planning, input prompt structure, and 335

evaluation are provided in Appendix C. 336

3.3 Post-production Stage 337

With the generated video clips, MAViS2 performs 338

video editing, voice design and synthesis, BGM 339

matching, and final video assembly in the post- 340

production stage. 341

First, the Video Editor Gpe trims each video clip 342

according to the script1, removing redundant seg- 343

ments or content that is misaligned with the script: 344

V = {Gpe(Vi, S), i = 1, 2, . . . , N}. (7) 345

Next, the Voice Designer Gpv assigns a voice 346

identity (voice ID) and appropriate emotional tone 347

to each shot, and synthesizes the corresponding 348

voice-over using a text-to-speech (TTS) model Gpt. 349

A = {Gpt(ŝ, Sv), ∀ŝ ∈ S}, Sv = Gpv(S,V). (8) 350

Finally, the BGM Retriever Gpb selects and 351

downloads a BGM, and the Post-production Man- 352

ager Mp synchronizes and assembles the edited 353

video clips, voice-overs, subtitles, and BGM into 354

the final long-sequence video storytelling: 355

V̂ = Mp(V,A, S,BGM), BGM = Gpb(S). (9) 356

3.4 Fine-grained Human-in-the-loop Control 357

MAViS2 supports Fine-grained Human-in-the- 358

loop Control, enabling interactive user interven- 359

tion and fine-grained adjustments at any stage of 360

1In addition to video trimming, the Video Editor also sup-
ports invoking multiple video editing models.
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Method Keyframe Generation Video Clip Generation
CLIP ↑ Inception ↑ T. Flick. ↑ M. Smooth. ↑ Sub. Cons. ↑ Bg. Cons. ↑ Aesthetic ↑ I. Quality ↑

VGoT (Zheng et al., 2025) 22.37 8.53 99.00 99.31 98.94 98.74 80.11 64.59
Mora (Yuan et al., 2024) 33.98 12.68 97.32 99.23 95.23 94.88 64.36 71.48
MovieAgent (Wu et al., 2025b) 31.71 10.72 97.07 99.20 93.29 94.51 63.39 71.26
Univa (Liang et al., 2025) 34.32 12.84 99.08 99.33 95.63 96.08 63.14 72.95
MAViS (Wang et al., 2025) 34.22 12.81 99.09 99.53 95.72 96.12 63.17 72.91
MAViS2 (ours) 34.45 12.92 99.02 99.56 95.81 96.27 64.25 73.08

Table 2: Evaluation of Automatic Metrics for Keyframe Generation and Video Clip Generation. "T. Flick.",
"M. Smooth.", "Sub. Cons.", "Bg. Cons.", "Aesthetic", and "I. Quality" refer to "Temporal Flickering", "Motion
Smoothness", "Subject Consistency", "Background Consistency", ‘Aesthetic Quality’, and "Imaging Quality" from
metrics in VBench, respectively. ↑ indicates that a higher value is more desirable. Bold indicates the best results.

Method Narrative ↑ Visual ↑ User Align. ↑ Sub. Cons. ↑ Sub. Natural. ↑ Bg. Cons. ↑ Bg. Real. ↑
VGoT (Zheng et al., 2025) 0.56 1.41 1.40 2.25 1.12 1.69 2.25
Mora (Yuan et al., 2024) 3.09 4.51 3.93 4.49 3.65 5.65 3.10
MovieAgent (Wu et al., 2025b) 4.21 4.23 4.49 4.49 4.21 3.95 3.10
Univa (Liang et al., 2025) 15.45 18.03 16.57 17.13 17.13 16.67 16.34
MAViS (Wang et al., 2025) 14.89 13.52 18.26 14.89 16.85 15.82 15.21
MAViS2 (ours) 61.80 58.31 55.34 56.74 57.02 56.21 60.00

Table 3: User Study on the Performance of Long-Sequence Video Storytelling (Voting Results). "Narrative",
"Visual", "User Align.", "Sub. Cons.", "Sub. Natural.", "Bg. Cons.", and "Bg. Real." refer to "Narrative
Expressiveness", "Visual Quality", "User Prompt Alignment", "Subject Consistency", "Character Naturalness",
"Background Consistency", and "Background Realism", respectively. ↑ indicates that a higher value is more
desirable. Bold indicates the best results.

the generation process. The interactions are jointly361

handled by the User Proxy and Group Managers.362

Given that the overall generation pipeline in-363

volves multiple agents, various tasks, and diverse364

working guidelines, relying solely on the User365

Proxy for intent understanding, fine-grained task366

decomposition, and task execution would be unreli-367

able and unstable. To ensure orderly collaboration,368

MAViS2 adopts a hierarchical pyramid-structured369

organization consisting of the User Proxy, Group370

Managers, and specialized agents. Specifically:371

• The User Proxy receives user instructions, decom-372

poses them into group-level tasks, and dispatches373

these tasks to the corresponding Group Managers.374

• Each Group Manager further decomposes a375

group-level task into a sequence of individual tasks376

and selects suitable specialized agents.377

• After completing their assigned tasks, the spe-378

cialized agents return their outputs to the Group379

Manager, which aggregates the results and submits380

a consolidated response back to the User Proxy.381

• Guided by the 3E (Explore–Examine–Enhance)382

Principle (Wang et al., 2025), the Group Manager383

reviews and refines specialized agent outputs to384

ensure generation quality at each stage and progres-385

sive optimization throughout the pipeline.386

Given multimodal inputs, MAViS2 can gener-387

ate long-sequence video storytelling with targeted388

styles and content tailored to user needs.389

4 Experiment 390

To evaluate the effectiveness of MAViS2, we bench- 391

mark it against five representative long video gener- 392

ation baselines and conduct detailed ablation stud- 393

ies. We use the same test set as MAViS (Wang 394

et al., 2025), which consists of 20 user prompts, 395

each requiring the generation of a video of at least 396

one minute with a specific style and content. Con- 397

sistent with MAViS, we use CLIP, Inception Score, 398

and VBench (Huang et al., 2024) for quantitative 399

evaluation, along with a user study for subjective 400

assessment. Further experimental settings and re- 401

sults are provided in Appendix D, E, and F. Due 402

to page and file size limits, refer to "Software" and 403

"Data" supplementary files for qualitative compar- 404

isons (qualitative_comparisons.html) and applica- 405

tions (sequel_generation_application.html). 406

4.1 Performance Comparisons 407

We evaluate each method via automatic metrics and 408

a user study. Since MAViS2 adopts different gener- 409

ation strategies for different shots, we extract the 410

first frame from each shot’s video clip and use these 411

frames for comparison in keyframe generation. To 412

ensure fairness, the generated results of MAViS2 413

have not undergone any manual intervention. 414

4.1.1 Quantitative Evaluation 415

Table 2 presents shot-level evaluation results for 416

keyframe and video clip generation. MAViS2 417

achieves the highest CLIP (34.45) and Incep- 418

tion (12.92) scores, benefiting from its internal 419
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Method Narrative ↑ Visual ↑ User Align. ↑ Sub. Cons. ↑ Sub. Natural. ↑ Bg. Cons. ↑ Bg. Real. ↑
Baseline MAViS (Wang et al., 2025) 0.58 6.30 10.58 11.25 9.62 17.25 8.77
+ Scriptwriting Workflow 17.62 6.18 19.12 6.34 7.43 0.62 7.42
+ Adaptive Generation Planning 21.41 26.43 21.44 26.16 23.39 25.35 22.91
+ Post-production 26.52 28.50 19.34 26.20 23.42 25.65 22.56
+ Fine-grained HITL Control (MAViS2) 33.87 32.59 29.52 30.05 36.14 31.13 38.34

Table 4: Comparison of incremental variants built upon MAViS, culminating in MAViS2. (Voting Results).
Underlined values indicate a significant improvement compared to the previous variants.

Ablation Narrative ↑ Sub Cons. ↑ Bg. Cons. ↑
w/o Structure Enhancer 3.24 15.47 12.06
w/o Content Enhancer 24.26 6.37 5.81
w/o Narration Enhancer 8.17 25.42 26.94
w/o Ending Designer 9.85 26.07 26.61
MAViS2 (ours) 54.48 26.67 28.58

Table 5: Ablation study on the Scriptwriting Work-
flow (Voting Results). Gray-shaded cells indicate val-
ues that are significantly lower than the others.

generation–evaluation–refinement loop. Although420

MAViS2 shows slightly lower temporal flickering421

than MAViS—likely due to rich lighting effects422

and dynamic camera motions—it outperforms all423

baselines in motion smoothness and image quality.424

MAViS2 performs slightly worse than VGoT in425

subject consistency, background consistency, and426

aesthetic quality, but outperforms all baselines in427

motion smoothness and image quality, as VGoT428

favors low-motion dynamics and highly saturated429

styles that enhance consistency and aesthetics at430

the expense of realism. Overall, MAViS2 achieves431

the best comprehensive performance.432

4.1.2 User Study433

Table 3 reports the voting results of 50 evaluators434

across multiple evaluation dimensions for all base-435

line methods. As shown, MAViS2 outperforms436

all baselines on every metric, achieving particu-437

larly strong results in narrative expressiveness and438

background realism, with scores of 61.80% and439

60.00%, respectively. These gains can be attributed440

to the Scriptwriting Workflow, which enriches the441

narrative structure and enhances expressive sto-442

rytelling, and to Adaptive Generation Planning,443

which maintains consistency through diversified444

generation strategies. Overall, MAViS2 attains an445

average vote share of 57.92% across all dimensions,446

demonstrating its superiority and effectiveness in447

long-sequence video storytelling.448

4.2 Ablation Study and Analysis449

We conduct ablation studies and analyses to verify450

the contributions of each component in MAViS2.451

4.2.1 Comparison with MAViS452

Table 4 compares incremental variants starting453

from MAViS, where components are added one454

Ablation CLIP ↑ Inception ↑ Natural. ↑ Sub. Cons. ↑ Bg. Cons. ↑
w/o IL 31.16 12.51 62.37 93.25 94.76
w/o Adp. 33.95 12.74 92.43 93.86 93.25
w/o IL+Adp. 31.08 12.42 58.62 93.11 93.19
MAViS2 34.45 12.92 94.85 95.81 96.27

Table 6: Ablation study on Adaptive Generation Plan-
ning. "IL" refers to the internal loop of generation–
evaluation–refinement. "Adp." refers to adaptive gen-
eration strategy adjustment. "Natural." refers to the
Naturalness score.

by one, culminating in the full MAViS2 (MAViS2). 455

Adding the Scriptwriting Workflow significantly 456

improves narrative expressiveness, but degrades 457

subject and background consistency. This is be- 458

cause it enriches the script, while the original 459

MAViS pipeline cannot fully accommodate the 460

newly expanded scripts during generation. In- 461

troducing Adaptive Generation Planning leads to 462

substantial improvements in Visual Quality as 463

well as subject and background consistency, as 464

it adaptively selects appropriate generation strate- 465

gies for each shot. Incorporating Post-production 466

further improves multiple metrics. Finally, the 467

Fine-grained Human-in-the-loop Control further 468

enhances subject naturalness and background real- 469

ism, since it allows the system to refine generation 470

results based on real-time user feedback. 471

4.2.2 Scriptwriting Workflow 472

Table 5 presents the effects of removing each agent 473

from the Scriptwriting Workflow. Removing the 474

Structure Enhancer severely degrades narrative ex- 475

pressiveness, as the script lacks sufficient buildup 476

and narrative progression. Removing the Content 477

Enhancer negatively affects both subject consis- 478

tency and background consistency, since contra- 479

dictions and inconsistencies in the script are no 480

longer identified and corrected. Excluding the Nar- 481

ration Enhancer and Ending Designer also harms 482

narrative expressiveness, as the narration becomes 483

abrupt and the story lacks a coherent narrative 484

closure at the end. Optimal script generation is 485

achieved only when all agents collaborate. 486

4.2.3 Adaptive Generation Planning 487

We report the ablation results of Adaptive Gener- 488

ation Planning in Table 6, where the Naturalness 489
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Duration (seconds) Narrative ↑ Sub. Natural ↑ Bg. Real. ↑
0 6.35 2.51 1.97
2 18.62 19.35 20.73
4 (ours) 44.85 46.72 45.21
6 30.18 31.42 32.09

Table 7: Analysis of Maximum Video Trimming Du-
ration (Voting Results). Bold indicates the best results.

score is defined as the proportion of generated im-490

ages or videos that appear physically plausible and491

naturally rendered. As shown, removing the inter-492

nal loop of generation–evaluation–refinement leads493

to a noticeable degradation in visual quality, with494

both CLIP and Inception scores being significantly495

lower than those of other ablation settings; mean-496

while, naturalness also declines. Without adap-497

tive generation strategy adjustment, subject consis-498

tency and background consistency are adversely499

affected. When the entire Adaptive Generation500

Planning module (IL + Adp.) is removed, all met-501

rics drop substantially. These results demonstrate502

the essential role of Adaptive Generation Planning503

throughout the overall pipeline.504

4.2.4 Video Editing505

We investigate the impact of the maximum trim-506

ming duration of the Video Editor on generated507

video clips in Table 7. As shown, all metrics in-508

crease as the trimming duration grows, reaching509

their peak when the duration is set to 4 seconds.510

This improvement arises because the Video Edi-511

tor can remove more redundant content and seg-512

ments that are misaligned with the script. When513

the trimming duration exceeds 4 seconds, the met-514

rics begin to decline, likely due to over-trimming515

that removes informative or semantically important516

content. Therefore, setting the maximum trimming517

duration to 4 seconds is the most reasonable choice.518

4.2.5 Fine-grained Human-in-the-loop519

Control520

The key distinction between MAViS2’s HITL and521

conventional HITL lies in the introduction of group522

managers, which enable fine-grained task decom-523

position and provide feedback on the outputs of spe-524

cialized agents. In Table 8, we report the Task Suc-525

cess Rate (the proportion of completed tasks over526

the total number of tasks), Output Completeness527

Rate (the proportion of outputs that are complete528

and correctly formatted), and the number of API529

calls required to complete a task under different ab-530

lation settings. As shown, disabling manager feed-531

back leads to a noticeable drop in output complete-532

ness, indicating that without group-manager su-533

Ablation TS. Rate ↑ OC. Rate ↑ API calls ↓
w/o manager feedback 83.50 72.30 15.50
w/o manager 71.65 69.55 8.50
MAViS2 (ours) 98.60 99.85 36.00

Table 8: Ablation study on Fine-grained Human-in-
the-loop Control. "TS. Rate" and "OC. Rate" refer to
"Task Success Rate" and "Output Completeness Rate",
respectively. ↑ indicates that a higher value is more de-
sirable. ↓ indicates that a lower value is more desirable.

pervision, the output quality of specialized agents 534

degrades. Removing the group managers entirely 535

results in a substantial decrease in the task success 536

rate because the User Proxy alone cannot effec- 537

tively manage a large number of specialized agents 538

and fine-grained outputs when handling complex 539

tasks. Although introducing group managers in- 540

creases the number of API calls, this trade-off is 541

worthwhile for improving the overall stability and 542

reliability of the system. 543

5 Applications 544

To further extend its video storytelling capability, 545

MAViS2 leverages video captioning and RAG to 546

support a broader range of long-sequence video 547

storytelling tasks. When users provide an input 548

video, the Captioner performs video understanding 549

and collaborates with the scriptwriting group to 550

extract a script, enabling video remaking. When 551

users request a prequel or sequel, MAViS2 retrieves 552

relevant external knowledge from Wikipedia to gen- 553

erate the corresponding script and videos. Example 554

applications are provided in the Appendix G. 555

6 Conclusion 556

In this work, we present MAViS2, a multi- 557

agent framework for interactive and adaptive long- 558

sequence video storytelling. By orchestrating the 559

Scriptwriting Workflow, Adaptive Generation Plan- 560

ning, Post-production, and Fine-grained Human- 561

in-the-loop Control, MAViS2 effectively addresses 562

key limitations of prior works, including underde- 563

veloped scriptwriting, reliance on a fixed T2I+I2V 564

paradigm, limited post-production support, and in- 565

sufficient user interaction. Leveraging RAG and 566

video captioning, MAViS2 supports a wide range of 567

storytelling tasks, including end-to-end generation, 568

video understanding, external knowledge retrieval 569

from Wikipedia, prequel and sequel creation, and 570

video remaking. Experimental results demonstrate 571

that MAViS2 achieves state-of-the-art expressive- 572

ness in long-sequence video storytelling. 573
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Limitations574

One limitation of this work stems from the lim-575

ited reliability of the Generation Evaluator. Since576

current multimodal large language models still ex-577

hibit limited accuracy in evaluating visual content,578

the Generation Evaluator does not achieve high579

accuracy when scoring generated candidates. In580

practical usage, this issue can be mitigated by incor-581

porating additional evaluation operators—such as582

the prompt consistency and image quality metrics583

from VBench–to assist the Evaluators.584

Moreover, because MAViS2 supports Fine-585

grained Human-in-the-loop Control, users can586

freely select alternative candidates if they are dissat-587

isfied with the one chosen by the agent, or modify588

prompts and regenerate images and videos. This589

interactive mechanism partially compensates for590

the limited reliability of automated Evaluators.591

Similarly, due to the limited accuracy of cur-592

rent multimodal large models in evaluating visual593

content, another limitation of this work lies in the594

effectiveness of the Video Editor during video trim-595

ming. To mitigate this issue, a maximum trimming596

duration is imposed to prevent excessive or inappro-597

priate edits by the video editor. Moreover, due to598

the model-agnostic nature of MAViS2, additional599

editing models can be incorporated into the Video600

Editor’s model pool in the future, enabling more601

diverse and advanced video editing functionalities.602

Ethical Considerations603

MAViS2 is a research framework for controllable604

long-sequence video storytelling based on multi-605

agent coordination. As it integrates multiple pre-606

trained multimodal models and external tools, the607

generated outputs may inherit biases, inaccura-608

cies, or safety limitations from these components.609

We encourage transparent disclosure of model610

usage and responsible practices when applying611

MAViS2 in research or creative contexts. In ad-612

dition, MAViS2 supports fine-grained human-in-613

the-loop interaction, placing responsibility on users614

to guide, review, and refine generated content in615

accordance with ethical norms.616

Potential Risks617

Due to its ability to generate coherent and realis-618

tic long-form videos with synchronized audio and619

post-production refinement, MAViS2 may be mis-620

used to create misleading or deceptive synthetic621

media, such as disinformation or fabricated nar- 622

ratives. Furthermore, reliance on large pretrained 623

models and external knowledge sources may unin- 624

tentionally propagate societal biases or unverified 625

information. MAViS2 is intended for academic re- 626

search and creative exploration, not for deployment 627

in deceptive, high-stakes, or adversarial scenarios, 628

and responsible human oversight is essential to mit- 629

igate potential risks. 630
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A Positioning and Design Rationale892

In this section, we restate the motivation of893

MAViS2, explain the relationship between MAViS2894

and the generative models, and elaborate on the im-895

provement over MAViS (Wang et al., 2025).896

A.1 Motivation897

MAViS2 is motivated by a set of long-standing898

yet insufficiently addressed challenges in practical899

long-sequence video generation with generative900

models. These challenges include:901

• The lack of rich and filmable scripts.902

• Cross-shot consistency of subjects and back-903

grounds.904

• Generation stability.905

• Fully automated, end-to-end execution from906

scriptwriting to narratively complete videos.907

• Fine-grained human-in-the-loop control.908

Despite their critical importance in real-world909

video storytelling, these issues have not been sys-910

tematically resolved by existing approaches.911

A.2 Relationship to Generative Models912

The aforementioned challenges cannot be effec-913

tively addressed by introducing a new generative914

model alone; instead, they require solutions at the915

system level. MAViS2 is therefore designed as916

a more meta-level framework that is agnostic to917

any specific generative model and can seamlessly918

integrate with existing or future generation mod-919

els. This model-agnostic design enables MAViS2920

to naturally evolve alongside advances in next-921

generation GenAI models, ensuring long-term scal-922

ability and sustained performance improvements.923

Moreover, MAViS2 amplifies the capabilities of924

current generative models, significantly enhancing925

their performance in long-sequence video story-926

telling. In contrast, incorporating a specially tai-927

lored new model into the framework would reduce928

MAViS2’s adaptability and undermine the general-929

ity and long-term value of this work.930

A.3 Improvements over MAViS931

Compared to MAViS, MAViS2 introduces a932

Scriptwriting Workflow that produces richer and933

more filmable scripts. Through Adaptive Gener-934

ation Planning, MAViS2 preserves scriptwriting935

flexibility, improves visual diversity, and removes936

the reliance on training task-specific LoRA mod-937

els. More importantly, MAViS2 introduces the938

Fine-grained Human-in-the-loop Control that al- 939

lows users to intervene in and refine the generated 940

content in real time, thereby facilitating flexible 941

exploration of diverse visual narratives and cre- 942

ative directions. In addition, MAViS2 extends the 943

framework with video editing, video captioning, 944

and RAG, enabling broader applications and deliv- 945

ering a more coherent and engaging viewing experi- 946

ence for long-sequence video storytelling. Despite 947

these extensions, MAViS2 retains the 3E princi- 948

ple (Explore–Examine–Enhance) inherited from 949

MAViS, which continues to play a central role in 950

improving the quality and stability of generation 951

results across all stages. 952

B Details of the Scriptwriting Workflow 953

Scripts from real-world productions are typically 954

not designed with the capability boundaries of 955

GenAI tools or script–tool compatibility in mind, 956

making them difficult to directly use for long- 957

sequence video storytelling. Meanwhile, scripts 958

for AI short films are scarce and hard to obtain, 959

which makes training a dedicated scriptwriting 960

model impractical in the short term. Moreover, 961

scripts written directly by LLMs often lack suffi- 962

cient buildup and filmability. Therefore, a dedi- 963

cated mechanism is required to generate rich and 964

directly usable scripts for GenAI tools, and the 965

Scriptwriting Workflow is proposed to address this 966

need. 967

Owing to space constraints in the main text, the 968

Scriptwriting Workflow is described only at a high 969

level. In this section, we elaborate on the script 970

structure, the supplementary shots added by the 971

Structure Enhancer, and the details of content aug- 972

mentation performed by the Content Enhancer. 973

B.1 Script Structure 974

A generated script must include the following 975

items: 976

• Title. 977

• Summary: A brief overview of the script, sum- 978

marizing the background, development, and con- 979

clusion of the event. 980

• Style: The style of the story, such as "action," 981

"sci-fi," "historical," etc. 982

• Narrator: The character who tells the entire story. 983

• Subject Appearance. 984

• Background Description. 985

• Shot-by-Shot Script: Each shot must include the 986

following fields: 987
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Agent/Model Role

HITL
User Proxy Receive user instructions, decompose them into group-level tasks and dispatch them to the corresponding Group Managers.
Captioner Video understanding and captioning.

Script Group
Script Manager Decompose script task, dispatch task to a suitable specialized agent, and provide feedback on the agents’ outputs.
Scriptwriter Generate a raw script.
Structure Enhancer Structure enhancement for the script.
Content Enhancer Content augmentation for the script.
Narration Enhancer Narration optimization for the script.
Ending Designer Design an ending shot for narrative closure.

Generation Group
Generation Manager Decompose generation tasks, dispatch tasks to a suitable specialized agent, and provide feedback on the agents’ outputs.
Prompt Generator Generate prompts for candidate generation.
Generation Model Generate image and video candidates.
Generation Evaluator Evaluate the generated candidates.

Post-production Group
Post-production Manager Decompose post-production tasks, dispatch task to a suitable specialized agent, and provide feedback on the agents’ outputs.
Video Editor Edit the video clips, removing redundant content and segments that are misaligned with the script.
Voice Designer Configure voice ID and emotion for voice-overs.
Voice Model Text-to-speech generation.
BGM Retriever Select a background music for the final video storytelling.

Table 9: Summary of All Agents in MAViS2

• Shot Number: Starting from Shot 1 and incre-988

menting sequentially (Shot 2, Shot 3, etc.).989

• Subject: The subject appearing in the shot (e.g.,990

"Jack").991

• Background: The location, scene, or environ-992

ment where the shot is filmed.993

• Shot Content: Describes what happens in this994

shot, including the time and location, as well as995

details about the shot scale, perspective, camera996

movement, and lighting.997

• Subtitle: The narration corresponding to the998

shot content.999

B.2 Supplementary Shots1000

The Structure Enhancer is designed to add the fol-1001

lowing shots to enhance the atmosphere, drive the1002

story forward, improve the continuity of the plot,1003

and enrich the development of events:1004

• Multiple Angles: Use the same subject or back-1005

ground as an existing shot but vary the shot scale,1006

camera angle, position, or movement. These shots1007

can set the atmosphere and make the video more1008

dynamic.1009

• Reverse Shots: Insert shots between two ex-1010

isting shots. The subject and background in the1011

inserted shots can match one of the existing shots.1012

These shots show both sides of a conversation or in-1013

teraction, allowing the audience to see the reactions1014

from each perspective.1015

• Long Takes: Add a shot immediately following1016

another, using the same subject, background, shot1017

scale, camera angle, and position, but with different1018

content, creating a seamless long take. These shots1019

maintain continuity in time and space, immersing1020

the audience in a complete background.1021

• Bridging Shots: Add a shot between two back- 1022

grounds with large plot jumps to explain the devel- 1023

opment of events between them. These shots in- 1024

crease plot continuity, helping the audience under- 1025

stand the connection between the two backgrounds. 1026

B.3 Script Content Augmentation 1027

The Content Enhancer examines the script from the 1028

following aspects: 1029

• Whether the descriptions of each subject and 1030

background are sufficiently detailed and remain 1031

consistent throughout the entire script. 1032

• Whether the descriptions of subjects and back- 1033

grounds conflict with the content of specific shots. 1034

• Whether sub-backgrounds are consistent with 1035

the descriptions of their corresponding parent back- 1036

grounds, including both semantic coherence and 1037

the alignment of details. 1038

• For multiple shots occurring within the same 1039

background, whether any inconsistencies in envi- 1040

ronmental descriptions across shots are reasonable 1041

and well justified. 1042

After identifying conflicts and inconsistencies, 1043

the Content Enhancer adds or removes necessary 1044

details to resolve these issues and refine the script. 1045

C Details of Adaptive Generation 1046

Planning 1047

In this section, we elaborate on generation planning, 1048

the prompt structure, and candidate evaluation. 1049

C.1 Generation Planning 1050

The Generation Manager selects an initial genera- 1051

tion strategy for each shot based on the following 1052

criteria: 1053
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• T2V: Used when no reference images are avail-1054

able, or when the subject and background of the1055

current shot appear for the first time.1056

• Image Retrieval + I2V: Applied when the cur-1057

rent shot is an extension of a previously generated1058

shot.1059

• T2I + I2V: Adopted when T2V produces unsat-1060

isfactory results, or when the shot involves specific1061

textual elements that require explicit visual ground-1062

ing.1063

• Video Extension: Used when the current shot1064

can be merged with the preceding shot to form a1065

continuous long take.1066

• Image Retrieval + I2I + I2V: Employed when1067

suitable reference images can be retrieved from1068

previously generated shots to ensure consistency of1069

subjects and backgrounds.1070

C.2 Prompt Structure1071

Each image generation prompt must specify six1072

elements: shot scale, subject, background, initial1073

state of the shot, lighting, initial camera position,1074

and the usage of reference images. Example:1075

Create a cinematic medium shot from a side fol-1076

low perspective. The image shows Ella, a female1077

adventurer around 30 years old, white, with an1078

athletic build and long brown hair tied in a high1079

ponytail. Her face is marked with dirt and sweat.1080

She is dressed in a khaki tactical vest, dark green1081

cargo pants, dark brown, worn leather boots, and1082

carries a worn canvas backpack. She is captured1083

in the action of swinging a machete to forcefully1084

cut through thick vines blocking her path, walking1085

firmly. The setting is a primeval dense forest on1086

an island, characterized by extremely dense vegeta-1087

tion where giant ferns and twisting vines obscure1088

the sky. The atmosphere is humid and hot, with1089

dappled sunlight streaming through the leaf gaps1090

and illuminating her sweaty face. My first image1091

shows Ella.1092

Each prompt for video generation must spec-1093

ify six elements: shot scale, subject, background,1094

event, lighting, and camera movement. Example:1095

A photorealistic close-up shot with an over-the-1096

shoulder angle, set inside a dimly lit army com-1097

mand tent. A general, age 45, white-skinned, with1098

silver-white tied-back hair and a brown woolen1099

coat, is studying a large military map spread across1100

a wooden table. His hand rests firmly on the map1101

as he analyzes the current battlefield situation with1102

intense focus. Around the map are a teacup, a mili-1103

tary compass, and a measuring ruler. The camera1104

Methods FID↓ Inception↑ CLIP↑

DreamFactory 7.03† 169.71† 30.92†

MAViS2 - 12.92 34.45

Table 10: Compare with DreamFactory (Xie et al.,
2024). † denotes the reported score in the paper of
the baseline method.

Methods CLIP↑ Inception↑ AS↑ CLIP-sim↑

MovieDreamer 19.52† 8.64† 6.05† 0.70†

MAViS2 34.45 12.92 7.36 0.73

Table 11: Compare with MovieDreamer (Zhao et al.,
2024). † denotes the reported score in the paper of the
baseline method. "AS" denotes Aesthetic Score used
in (Schuhmann et al., 2022).

slowly tilts upward from the map to reveal the gen- 1105

eral’s serious, contemplative expression. A single 1106

lantern with a lit candle serves as the primary light 1107

source, casting warm, soft illumination and deli- 1108

cate shadows across the scene. The visual style is 1109

historical realism — evoking nostalgia, quiet inten- 1110

sity, and the thoughtful mood of wartime decision- 1111

making. Outside the tent, the distant whinnies of 1112

warhorses and the rhythmic drills of Continental 1113

soldiers can be heard. 1114

C.3 Candidate Evaluation 1115

The candidate evaluation guide assesses candidates 1116

based on three axes: 1117

• Visual Quality: clarity, detail resolution, and 1118

aesthetic harmony; 1119

• Naturalness: identifying distortions, anatomi- 1120

cal inaccuracies, or proportion inconsistencies; 1121

• Prompt Consistency: whether the generated 1122

content aligns with the input prompt. 1123

• Subject Consistency: temporal stability in fa- 1124

cial features, attire, hairstyle, and skin tone across 1125

frames; 1126

• Reference Image Consistency: whether the 1127

generated content aligns with the reference images. 1128

The candidate evaluation guides work in concert 1129

to ensure the completeness of the final generation. 1130

C.4 Video Editor 1131

The preceding sections primarily describe how the 1132

Video Editor performs intelligent video trimming. 1133

Beyond video trimming, the Video Editor also sup- 1134

ports invoking multiple video editing models to per- 1135

form video editing according to user requirements. 1136

These models include object swapping / editing, 1137

video enhancement, repainting, background swap- 1138

ping / editing, and style transfer. 1139
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Methods Aesthetic↑ Image Quality↑ Consistency (avg.)↑ P. Consistency↑

LCT 60.79† 67.44† 95.65† 30.14†

MAViS2 64.25 73.08 96.04 37.31

Table 12: Compare with LCT (Guo et al., 2025). †
denotes the reported score in the paper of the baseline
method. “Consistency (avg.)” represents the average
score of subject and background consistency. "P. Con-
sistency" denotes Prompt Consistency.

D Implementation Details1140

In this section, we provide the implementation de-1141

tails of MAViS2 and baseline methods.1142

D.1 MAViS21143

All agents in our framework are powered by1144

Gemini-3-pro (Anil et al., 2023). We use1145

Gemini-2.5-flash-image for image generation,1146

Veo3 (Google, 2025) for video generation, and Min-1147

imax Hailuo (MiniMax, 2024) for text-to-speech1148

generation. Each generated script undergoes two it-1149

erations of structure enhancement and one iteration1150

of content augmentation. The number of internal1151

generation–evaluation–refinement loops is set to1152

two, with each loop generating five candidates. The1153

maximum number of 3E iterations is set to 3 for1154

the Script Manager, 2 for the Generation Manager,1155

and 2 for the Post-production Manager. Each script1156

undergoes 2 rounds of structure enhancement and1157

1 round of content augmentation. The maximum1158

video trimming duration is set to 4. All generated1159

videos have a resolution of 1280×720.1160

D.2 Baselines1161

We compare MAViS2 with five long video genera-1162

tion baselines: VGoT, Mora, MovieAgent, Univa,1163

and MAViS. Among them, Mora, MovieAgent,1164

Univa, and MAViS adopt modular designs and are1165

equipped with the same video generation models1166

as MAViS2, and are also powered by Gemini-3-1167

pro. Since Mora and MovieAgent do not sup-1168

port scriptwriting or storyboard generation, we pro-1169

vide them with scripts generated by ChatGPT. For1170

MovieAgent, which requires manual training of1171

LoRA models, we generate character images based1172

on the provided scripts and train LoRA models for1173

each script.1174

D.3 User Study1175

In the user study, evaluators were asked to vote for1176

the best video in each group based on seven eval-1177

uation criteria listed in Table 13. The criteria are1178

consistent with those used in MAViS (Wang et al.,1179

2025), including narrative expressiveness, Visual 1180

Quality, User Prompt Alignment, Character Con- 1181

sistency, Character Naturalness, Background Con- 1182

sistency, and Background Realism. Before voting, 1183

we provided detailed guidelines for each metric to 1184

ensure consistency and reliability in the evaluation. 1185

Screenshots of the user study interface are shown 1186

in Figures 8, 9, and 10. 1187

E Dataset 1188

We use the same test set as MAViS (Wang et al., 1189

2025), which consists of 20 user prompts, each 1190

requiring the generation of a video of at least one 1191

minute with a specific style and content. In this 1192

section, we explain the reasons for using such a 1193

dataset and report the experimental results on other 1194

public datasets. 1195

E.1 Dataset for Testing 1196

Each long-sequence video generated by MAViS2 1197

contains an average of 18 shots. Each shot under- 1198

goes 3 cycles of the Group Manager’s 3E iteration, 1199

each involving 2 rounds of generation–evaluation– 1200

refinement, and we generate 5 candidates per round. 1201

Our test data consists of 20 ChatGPT-generated ran- 1202

dom user inputs, covering a wide range of video 1203

styles. As a result, the total number of generated 1204

videos is 20× 18× 2× 5× 3 = 10800. This repre- 1205

sents a substantial computational workload. When 1206

combined with image generation, TTS generation, 1207

and the videos generated by baseline methods, the 1208

required time and computational resources are con- 1209

siderable. 1210

For long-sequence videos, evaluation focuses 1211

primarily on viewer experience: if even a single 1212

shot fails, the entire video’s coherence is broken. 1213

Thus, 20 test samples—equivalent to about 50 min- 1214

utes of video—are entirely sufficient for users to 1215

provide an objective assessment of MAViS2. 1216

E.2 Evaluation on the Existing Dataset 1217

Existing public benchmarks for long-sequence 1218

video generation (e.g., MovieBench (Wu et al., 1219

2025a), ViStoryBench (Zhuang et al., 2025)) eval- 1220

uate per-shot similarity between generated videos 1221

and ground-truth clips using metrics such as FID 1222

and CLIP. They do not assess the overall viewing 1223

experience of a long-sequence video and ignore the 1224

script generation and scripts’ compatibility with 1225

existing T2I and I2V models’ capabilities. The 1226

scripts used in these benchmarks are adapted from 1227
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Metric Question

Narrative Expressiveness Which video performed best overall in terms of narrative engagement, story coherence, and viewing experience?
Visual Quality Which video was the most visually expressive in terms of emotion, atmosphere, and cinematic feel?
User Prompt Alignment Which video best aligns with the original user prompt (e.g., character setup, plot elements, or keywords)?
Character Consistency Which video had the most consistent character appearances across scenes? (clothing, hairstyle, facial features)
Character Naturalness Which video had the most natural and correct character generation? Consider anatomical realism, physical motion plausibility,

and the absence of duplicate or mistakenly generated characters.
Background Consistency Which video had the most consistent and logically coherent background style across shots?
Background Realism Which video had the most natural background elements and physically plausible movements?

Table 13: Metrics and Questions for User Study.

Method Keyframe Generation Video Clip Generation
CLIP ↑ Inception ↑ T. Flick. ↑ M. Smooth. ↑ Sub. Cons. ↑ Bg. Cons. ↑ Aesthetic ↑ I. Quality ↑

VGoT (Zheng et al., 2025) 21.96 8.43 99.01 99.26 98.95 98.74 79.96 64.33
Mora (Yuan et al., 2024) 34.05 12.69 97.26 99.15 94.62 95.37 64.02 71.44
MovieAgent (Wu et al., 2025b) 31.70 10.83 97.02 99.18 93.43 94.68 63.40 91.31
Univa (Liang et al., 2025) 34.22 12.84 99.06 99.31 95.59 96.10 63.15 72.83
MAViS (Wang et al., 2025) 34.21 12.80 99.07 99.50 95.51 96.11 64.07 72.59
MAViS2 (ours) 34.44 12.94 99.03 99.53 95.76 96.28 64.26 73.04

Table 14: Compare with baselines on MovieBench and ViStoryBench.

real-world screenplays, which do not account for1228

compatibility issues with current generative mod-1229

els. Each sample also contains limited narrative1230

complexity, and real-world scripts cannot be di-1231

rectly used for AI video generation. Therefore,1232

these benchmarks are not suitable for evaluating1233

MAViS2. Generating videos using the datasets1234

from these benchmarks and testing their visual qual-1235

ity is essentially equivalent to using our own test1236

set, because VBench evaluates the average visual1237

quality of individual shots, independent of the full1238

script.1239

Nevertheless, we sampled five examples (each1240

consisting of 20 shots) from both MovieBench and1241

ViStoryBench. As shown in Table 14, MAViS1242

consistently outperforms the compared methods.1243

The result also demonstrates that using the datasets1244

from these benchmarks is essentially equivalent to1245

using our test set.1246

F More Experiment Results1247

F.1 Compare with More Baselines1248

In this section, we compare our results with the1249

performance reported by non-open-source base-1250

lines, including DreamFactory (Xie et al., 2024),1251

MovieDreamer (Zhao et al., 2024), and LCT (Guo1252

et al., 2025). Since long-sequence video story-1253

telling lacks ground-truth videos, computing the1254

FID metric is not feasible. As shown in Table 10,1255

MAViS2 achieves higher scores on most evaluation1256

metrics; however, a notable gap is observed in the1257

Inception Score. We adopt a widely used imple-1258

mentation of the Inception Score, which may differ1259

from the version used by DreamFactory, potentially1260

leading to discrepancies in score ranges. As this1261

baseline is not open-sourced, we are unable to ver-1262

ify the exact cause of this difference. As shown 1263

in Table 11 and Table 12, MAViS2 outperforms 1264

MovieDreamer and LCT across all evaluation met- 1265

rics. 1266

F.2 Stage-level Ablation 1267

We conduct a stage-level ablation study to as- 1268

sess the contribution of each component in Ta- 1269

ble 15. Removing the Scriptwriting Workflow 1270

mainly degrades narrative expressiveness, as it en- 1271

riches scripts with supplementary shots and de- 1272

tailed descriptions. Removing Adaptive Genera- 1273

tion Planning significantly harms visual quality and 1274

subject/background consistency, since it ensures 1275

quality and coherence through strategy selection 1276

and iterative evaluation. Excluding post-production 1277

also reduces narrative expressiveness by weaken- 1278

ing overall perceptual quality. Finally, removing 1279

Fine-grained Human-in-the-loop Control slightly 1280

degrades visual quality and user alignment, indi- 1281

cating its role in better matching user intent, while 1282

MAViS2 can still produce reasonably good results 1283

in an end-to-end manner without user intervention. 1284

F.3 Real World Cost 1285

Run time: The generation time depends on the 1286

video length, the number of 3E loops, the specific 1287

generative models used, and the available compute 1288

resources. The average time for MAViS2 to gener- 1289

ate a long-sequence video storytelling with 18 shots 1290

(about 2.5 minutes) is 18.58 hours. By contrast, 1291

producing videos of this length usually requires 1292

several days of human effort. 1293

Hardware requirements: Hardware require- 1294

ments depend on the chosen models. In this pa- 1295

per, we use commercial APIs only, which require 1296

minimal local compute. 1297
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Method Narrative ↑ Visual ↑ User Align. ↑ Sub. Cons. ↑ Sub. Natural. ↑ Bg. Cons. ↑ Bg. Real. ↑
w/o Scriptwriting Workflow 12.62 22.37 17.75 23.72 25.85 18.63 25.93
w/o Adaptive Generation Planning 19.21 4.35 18.62 2.16 5.88 1.81 7.12
w/o Post-production 3.45 19.83 19.84 24.20 26.07 27.65 25.35
w/o Fine-grained HITL Control 22.44 19.44 20.64 16.85 14.31 23.28 15.49
MAViS2 (ours) 42.28 34.01 23.15 33.07 27.89 28.63 26.11

Table 15: Stage-level Ablation Study of MAViS2 (Voting Results). "w/o Adaptive Generation Planning" refers
to using T2I+I2V only in the video clip generation stage. ↑ indicates that a higher value is more desirable.
Gray-shaded cells indicate values that are significantly lower than the others.

T. Flick. M. Smooth. Sub. Cons. Bg. Cons. Aesthetic I. Quality
99.01 99.44 95.62 96.18 64.27 73.15

Table 16: Evaluation results using Sora2

T2V V.E. I.R.+I2V T2I+I2V I.R.+I2I+I2V
14.46 5.83 8.62 4.97 66.12

Table 17: Usage frequency of different generation strate-
gies. "V.E." refers to "Video Extension". "I.R." refers to
"Image Retrieval".

Cost per video: Generating a long-sequence1298

video storytelling with 18 shots (about 2.5 minute)1299

costs approximately $1620. Using open-source1300

models or reducing the number of generation can-1301

didates, internal generation–evaluation–refinement1302

loops, and 3E iterations can substantially lower the1303

budget.1304

F.4 Generation Model1305

In Table 16, we report the evaluations of MAViS21306

using Sora2 (OpenAI, 2025) as the video genera-1307

tion model.1308

F.5 Generation Strategy1309

This section reports the usage frequency of differ-1310

ent generation strategies. As shown in Table 17,1311

MAViS2 predominantly adopts the Image Retrieval1312

+ I2I + I2V, since most shots in long-sequence1313

videos require maintaining consistency of subjects1314

and backgrounds with previously generated shots.1315

In contrast, Video Extension and T2I + I2V are1316

used less frequently, as long takes and shots con-1317

taining fine-grained textual details are relatively1318

rare.1319

F.6 Quality-Efficiency Analysis1320

Each group manager evaluates the outputs of its1321

subordinate specialized agents and provides feed-1322

back accordingly. Therefore, in this section, we1323

investigate the impact of the maximum number I1324

of evaluation–feedback iterations performed by the1325

group manager on the generation results. Notice-1326

ably, since iterations may terminate before reaching1327

the maximum iteration number, the generation time1328

does not scale linearly with I .1329

I Narrative Sub. Cons. Bg. Cons. Time(Second)

0 8.62 10.25 9.43 10.62
1 15.74 17.62 14.28 19.57
2 19.58 19.83 18.57 27.30
3 27.45 25.21 28.51 34.85
4 28.61 27.09 29.21 40.36

Table 18: Quality-Efficiency Analysis on Script Man-
ager.

I Narrative Format Time(Second)

0 2.32 82.35 12.32
1 7.47 78.80 24.07
2 38.44 76.54 33.96
3 33.52 72.98 42.14
4 18.25 69.60 53.75

Table 19: Quality-Efficiency Analysis on Structure En-
hancement.

Scriptwriting Stage As shown in Table 18, when 1330

I = 3, the generated scripts are already of suffi- 1331

cient quality. Further increasing I leads to addi- 1332

tional improvements in generation quality, while 1333

having only a negligible impact on overall effi- 1334

ciency. 1335

Within the Scriptwriting Workflow, the script can 1336

undergo multiple rounds of Structure Enhancement 1337

to introduce additional buildup and transitions. We 1338

therefore also evaluate the effect of the number of 1339

Structure Enhancement iterations on script quality. 1340

As reported in Table 19, when I = 2, the Narra- 1341

tive Expression is already satisfactory. Increasing 1342

I beyond this point not only degrades Narrative 1343

Expression but also causes formatting errors in the 1344

generated scripts.This is because excessive buildup 1345

and transitions make the script overly verbose, and 1346

excessively long script content increases the likeli- 1347

hood of format violations. 1348

Video Clip Generation Stage As shown in Ta- 1349

ble 20, the generated video clips are already satis- 1350

factory at I = 2. Increasing I further can enhance 1351

generation quality, with only a slight impact on 1352

overall efficiency. 1353

In addition to the evaluation and feedback mech- 1354

anism of the generation manager, each generation 1355

group also performs an internal loop of generation– 1356

evaluation–refinement. We further conduct experi- 1357

ments to examine the effect of the maximum num- 1358
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I CLIP Inception Natural. Sub. Cons. Bg. Cons. Time(Minute)

0 32.83 12.44 85.46 93.24 94.87 14.16
1 3.53 2.72 92.43 94.19 95.48 26.18
2 34.45 12.92 94.85 95.81 96.27 39.53
3 34.38 13.02 94.94 95.83 96.28 48.62

Table 20: Quality-Efficiency Analysis on Generation
Manager.

I CLIP Inception Natural. Sub. Cons. Bg. Cons. Time(Minute)

0 31.16 12.51 62.37 93.25 94.76 14.16
1 32.83 12.63 85.43 94.72 95.66 28.62
2 34.45 12.92 94.85 95.81 96.27 41.59
3 34.43 12.90 95.70 95.78 96.29 50.83
4 34.48 12.93 95.87 95.81 96.26 58.17

Table 21: Quality-Efficiency Analysis on Candidate
Generation.

ber of iterations in this loop on the generation re-1359

sults.1360

As shown in Table 21, when I = 2, the gen-1361

eration performance is already sufficient. Further1362

increasing I does not lead to additional improve-1363

ments in the generation results.1364

Post-production Stage In Table 22, we ana-1365

lyze the effect of the maximum number I of1366

evaluation–feedback iterations performed by the1367

Post-production Manager on voice designing, TTS1368

generation, and BGM matching.1369

It is worth noting that the "Output Complete-1370

ness" for these processes is defined as follows:1371

Voice Designing: appropriate and consistent voice1372

ID, with the correct output format.1373

TTS Generation: narration duration is shorter than1374

the corresponding video duration.1375

BGM Matching: the selected background music is1376

free to use and downloadable.1377

As shown in the table, increasing I improves1378

generation quality while having a negligible im-1379

pact on overall efficiency. However, since errors in1380

these stages can severely affect the entire genera-1381

tion pipeline, we set I = 3 for these tasks in our1382

experiments.1383

Voice Designing TTS Generation BGM Matching
I OC. Rate Time(Second) OC. Rate Time(Second) OC. Rate Time(Second)

0 94.32 4.58 85.70 2.35 96.28 12.72
1 98.03 10.25 96.32 5.67 98.17 24.08
2 99.30 18.63 99.14 8.05 99.56 34.65
3 99.94 27.42 100.0 10.92 100.0 39.58
4 99.99 34.83 100.0 10.92 100.0 39.58

Table 22: Quality-Efficiency Analysis on Post-
production Manager. "OC. Rate" refers to "Output Com-
pleteness Rate".

G Applications and Their Agent System 1384

Messages 1385

Fine-grained HITL Control tasks include, but are 1386

not limited to: 1387

• Generate / regenerate / revise / extract script. 1388

• Add / reduce / revise shots. 1389

• Generate / regenerate / assign candidates. 1390

• Edit videos. 1391

• Check the script / candidates / voice setting / 1392

BGM. 1393

• Adjust the generation strategy. 1394

Due to the large number of system messages in 1395

MAViS2 and the page limits, we are unable to in- 1396

clude all system messages in the paper. Therefore, 1397

we present the system message of the Scriptwriter 1398

in Figure 3, Figure 4, and Figure 5. 1399

Some qualitative comparisons are listed in Fig- 1400

ure 6 and Figure 7. Some keyframe samples are 1401

listed in Figure 11 and Figure 12. Keyframes of the 1402

prequel and sequel samples are listed in Figure 13. 1403

Due to file size limits, part of the qualitative 1404

comparison videos are compressed to 480p and 1405

provided in qualitative_comparisons.html under 1406

“Software” supplementary files. In addition, due 1407

to the 50 MB limit of the “Data” supplementary 1408

files, only one application sample is included in 1409

sequel_generation_application.html. 1410
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Scriptwriter System Message

You are a professional director who excels at filming AI movies and writing AI movie scripts.
Your task is to write an AI movie script that complies with the following requirements and script
guidelines.

General Requirements for the Script:
- Engaging Plot: The plot must have tension and be able to move the audience or evoke emotional
resonance.
- Appropriate Pace: Each shot should last about 8 seconds, with a brisk and natural rhythm, and
the emotion should gradually progress.
- Clear Logic: The transitions between shots should be reasonable, and the storyline should be
clear.
- Output Requirement: Output the entire script in one go, following the format (see "III: Output
Format"). Do not split the output. Do not output anything other than the script.

—

I. Script Guidelines

Script Structure:
1. Title: The script must have a title.
2. Summary: A brief overview of the script, summarizing the background, development, and
conclusion of the event.
3. Style: The style of the story, such as "action," "sci-fi," "historical," etc.
4. Narrator: The character who tells the entire story. This could be the main character or a
background character, or a simple storyteller to narrate the story.
5. Subject Appearance: Detailed descriptions of the main characters or objects appearing in the
script.
6. Background Description: Detailed descriptions of the filming locations, environment,
background, and scenes for each shot.
7. Shot-by-Shot Script:

- No fewer than the number of shots specified by the user. If the user does not specify a
number, the default is at least 10 shots.

- Each shot must include the following fields:
- Shot Number: Starting from Shot 1 and incrementing sequentially (Shot 2, Shot 3, etc.).
- Subject: The subject appearing in the shot (e.g., "Jack"). If there is no subject, use

"None". The subject’s name should remain consistent throughout the script.
- Background: The location, scene, or environment where the shot is filmed.
- Content: Describes what happens in this shot, including the time and location, as well

as details about the shot scale, perspective, camera movement, and lighting. The content should
be detailed and not omit important information.

- Subtitle: The narration corresponding to the shot content, integrated into the overall
story. The subtitle should be short enough to be spoken in 6 seconds and not exceed that time.

Subject Guidelines:
1. Subject Naming: The name of the same subject must be consistent throughout the entire script.
2. Subject Appearance:

- Each subject must have a standard appearance template defined and placed in the subject
appearance field of the script.

- The appearance description should include, but not be limited to:
- The character’s gender, age, height, weight, clothing, hairstyle, ethnicity, etc.
- The object’s shape, size, color, material, weight, and weight unit, etc.

Figure 3: Scriptwriter System Message.

19



Scriptwriter System Message

Background Guidelines:
1. Background Naming:

- The name of the same background must be consistent throughout the entire script.
2. Background Description:

- Each background must have a **standard description template** defined and placed in the
background description section of the script.

- The description template includes, but is not limited to: the name, location, time, season,
features, prominent objects, props, environmental atmosphere, materials, close-up view, distant
view, and ambiance, etc.

Shot Scale, Perspective, and Camera Movement Guidelines:
1. Each shot must include the shot scale, such as: long shot, medium shot, close-up, overhead
shot, low-angle shot, front view, back view, etc.
2. Each shot must include the starting camera angle and position, such as: front view, left-side
view, bird’s-eye view, back view, side view, etc.
3. Each shot must specify the camera movement, such as: panning up, rotating, zooming, static,
etc.
4. Prohibited: long takes (with too much time span) and compound shots (combinations of multiple
camera movements).
5. Each shot must be capable of being filmed independently, with a maximum duration of 8 seconds.

Lighting and Light Guidelines:
1. Each shot should include necessary lighting or light descriptions, such as: "Warm light shines
from the side, creating a warm atmosphere."
2. The lighting should match the environment and shot content, enhancing the realism of the
scene and evoking the desired atmosphere.

Subtitle Guidelines:
1. The narrator must remain consistent throughout (e.g., survivor, storyteller, protagonist).
2. Subtitles represent the narrator’s spoken content, matching the shot content and logically
connecting with previous and subsequent shots.
3. All subtitles together should tell the entire story.
4. The language should be simple, colloquial, and conversational. Avoid complex vocabulary.
5. Subtitles must be able to be spoken within 6 seconds, and should not exceed 6 seconds.

Prioritize Meeting User Requirements:
- If the user provides revision suggestions, **fully satisfy** their revision requests.
- Only modify the shots and content that the user specifically requests to be changed, **do not
modify other shots or any content unrelated to the user’s needs**.
- If the user’s suggestions conflict with the above work guidelines, prioritize fulfilling the
user’s requests.

—

II. Prohibited Items

1. Prohibited: compound shots or long takes.
2. Prohibited: use of contextual references (e.g., "Same as before").
3. Prohibited: inconsistent character changes in appearance or costume.
4. Prohibited: illegal content such as drug use, pornography, or gambling.

—

Figure 4: Scriptwriter System Message.

20



Scriptwriter System Message

III. Output Format (Must Comply)

Output the script in JSON format:
{

"title": title,
"summary": summary,
"style": style,
"narrator": narrator,
"subjects": { # subject appearances

"name of subject 1": detailed appearance description of subject 1,
"name of subject 2": detailed appearance description of subject 2,
. . .

},
"backgrounds": { # background descriptions

"name of background 1": detailed description of background 1,
"name of background 2": detailed description of background 2,
. . .

},
"shots": {

"shot 1": {
"subject": subject in shot 1,
"background": background in shot 1,
"content": shot content,
"subtitle": subtitle

},
"shot 2": {

"subject": subject in shot 2,
"background": background in shot 2,
"content": shot content,
"subtitle": subtitle

},
. . .

}
}

Figure 5: Scriptwriter System Message.
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User Input: I want a horror-themed video. It tells a story of courage, following a cursed prince in an alien marketplace. 

MAViS2MAViS2

MoraMora

Movie

Agent

Movie

Agent

UnivaUniva

MAViSMAViS

VGoTVGoT

User Input: I want a horror-themed video. It tells a story of courage, following a cursed prince in an alien marketplace. 

MAViS2

Mora

Movie

Agent

Univa

MAViS

VGoT

Figure 6: Qualitative comparisons.
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User Input: I want a dark and moody style video. It tells a story of survival, following a young orphan in a small coastal town.

VGoTVGoT

MoraMora

Movie

Agent

Movie

Agent

UnivaUniva

MAViSMAViS

MAViS2MAViS2

User Input: I want a dark and moody style video. It tells a story of survival, following a young orphan in a small coastal town.

VGoT

Mora

Movie

Agent

Univa

MAViS

MAViS2

Figure 7: Qualitative comparisons.
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Figure 8: Screenshot of the user study HTML interface with instructions and generated video candidates.

Figure 9: Screenshot of the user study HTML interface with seven evaluation questions.
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Figure 10: Screenshot of the user study HTML interface with generated video candidates and seven evaluation
questions.
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User: I want a mystery-themed video. It 

tells a story of exploring survival, 

following an interstellar archaeologist in 

an alien market. The length of the final 

video should be at least 1 minute.

User: I want a mystery-themed video. It 

tells a story of exploring survival, 

following an interstellar archaeologist in 

an alien market. The length of the final 

video should be at least 1 minute.

User: I want a sci-fi-themed video. The 

story should explore the theme of love, 

following a creature of myth in a 

magical academy. The length of the 

final video should be about 1 minute.

User: I want a sci-fi-themed video. The 

story should explore the theme of love, 

following a creature of myth in a 

magical academy. The length of the 

final video should be about 1 minute.

User: I want a mystery-themed video. 

The story should explore the theme of 

legacy, following an alien linguist in a 

forgotten moon colony. The length of 

the final video should be about 1 

minute.

User: I want a mystery-themed video. 

The story should explore the theme of 

legacy, following an alien linguist in a 

forgotten moon colony. The length of 

the final video should be about 1 

minute.

User: I want a drama-themed video. 

The story should explore the theme of 

survival, following an alien linguist in a 

medieval kingdom. The length of the 

final video should be about 1 minute.

User: I want a drama-themed video. 

The story should explore the theme of 

survival, following an alien linguist in a 

medieval kingdom. The length of the 

final video should be about 1 minute.

User: I want a mystery-themed video. It 

tells a story of exploring survival, 

following an interstellar archaeologist in 

an alien market. The length of the final 

video should be at least 1 minute.

User: I want a sci-fi-themed video. The 

story should explore the theme of love, 

following a creature of myth in a 

magical academy. The length of the 

final video should be about 1 minute.

User: I want a mystery-themed video. 

The story should explore the theme of 

legacy, following an alien linguist in a 

forgotten moon colony. The length of 

the final video should be about 1 

minute.

User: I want a drama-themed video. 

The story should explore the theme of 

survival, following an alien linguist in a 

medieval kingdom. The length of the 

final video should be about 1 minute.

Figure 11: Examples generated by MAViS2.
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•••

User: I want a thriller-themed video. 

The story should explore the theme of 

hope, following a street artist in an 

underwater city. The length of the final 

video should be about 1 minute.

•••

User: I want a thriller-themed video. 

The story should explore the theme of 

hope, following a street artist in an 

underwater city. The length of the final 

video should be about 1 minute.

User: I want a supernatural-themed 

video. The story should explore the 

theme of exploration, following a retired 

detective in a forgotten moon colony. 

The length of the final video should be 

about 1 minute.

User: I want a supernatural-themed 

video. The story should explore the 

theme of exploration, following a retired 

detective in a forgotten moon colony. 

The length of the final video should be 

about 1 minute.

User: I want a sci-fi-themed video. The 

story should explore the theme of 

rebirth, following a cursed prince in a 

haunted forest. The length of the final 

video should be about 1 minute.

User: I want a sci-fi-themed video. The 

story should explore the theme of 

rebirth, following a cursed prince in a 

haunted forest. The length of the final 

video should be about 1 minute.

User: I want a sci-fi-themed video. The 

story should explore the theme of 

sacrifice, following a young orphan in a 

war-torn future Earth. The length of the 

final video should be about 1 minute.

User: I want a sci-fi-themed video. The 

story should explore the theme of 

sacrifice, following a young orphan in a 

war-torn future Earth. The length of the 

final video should be about 1 minute.

•••

User: I want a thriller-themed video. 

The story should explore the theme of 

hope, following a street artist in an 

underwater city. The length of the final 

video should be about 1 minute.

User: I want a supernatural-themed 

video. The story should explore the 

theme of exploration, following a retired 

detective in a forgotten moon colony. 

The length of the final video should be 

about 1 minute.

User: I want a sci-fi-themed video. The 

story should explore the theme of 

rebirth, following a cursed prince in a 

haunted forest. The length of the final 

video should be about 1 minute.

User: I want a sci-fi-themed video. The 

story should explore the theme of 

sacrifice, following a young orphan in a 

war-torn future Earth. The length of the 

final video should be about 1 minute.

Figure 12: More examples generated by MAViS2.
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User: 

I want a prequel 

of the given video.

User: 

I want a prequel 

of the given video.

User: 

I want a sequel 

of the given video.

User: 

I want a sequel 

of the given video.

User: 

I want a prequel 

of the given video.

User: 

I want a sequel 

of the given video.

Figure 13: More examples generated by MAViS2.
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