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Figure 1: Dram gentnf'or multi-scene long-horizon storytelling. Given a narrative prompt, DramaAgent
performs hierarchical story planning, maintains persistent character and story states, and coordinates heterogeneous
video and audio generators through reflection-guided targeted repair, improving cross-scene coherence, identity
consistency, and narrative fidelity.

Abstract

Recent diffusion and autoregressive video gen-
erators have substantially improved short-form
synthesis, yet composing multiple indepen-
dently generated clips into a coherent audio-
visual story remains challenging. Character
identities may drift across scenes, narrative
events can become inconsistent, and dialogue
or sound may not align with the evolving vi-
sual context. We present DramaAgent, a hi-
erarchical, agentic, and model-agnostic frame-
work for multi-scene long-horizon audiovisual
story generation. Rather than modifying the
underlying video backbone, DramaAgent in-
troduces a stateful control layer that combines
hierarchical story planning, persistent charac-
ter conditioning, scene-wise generation, and
reflection-guided targeted repair. The frame-
work maintains reusable story and character
states across scenes, diagnoses failures along
identity, semantic, temporal, and audio-visual
dimensions, and maps each diagnosed failure
to a corresponding localized repair operation.
Experiments on 50 narrative scripts across five

video-generation backbones show consistent
improvements in semantic alignment, character
consistency, narrative fidelity, and scene-level
audio-visual compatibility. Controlled same-
backbone comparisons further show that these
gains cannot be explained solely by stronger
generators or additional sampling. Our results
suggest that persistent state, failure diagnosis,
and targeted repair provide a practical con-
trol paradigm for coherent multi-scene audiovi-
sual generation. Code: https://github.com/
AIGeeksGroup/DramaAgent. Website: https:
//aigeeksgroup.github.io/DramaAgent.

1 Introduction

Recent diffusion and autoregressive models have
substantially advanced text-to-video generation, es-
pecially for short-form visual synthesis (Ho et al.,
2022b; Brooks et al., 2024; Ho et al., 2022a; Zheng
et al., 2024a; Kong et al., 2024). However, gen-
erating coherent multi-scene long-horizon story
videos by composing multiple short generated clips
remains difficult. As generation spans multiple
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scenes, existing methods often suffer from narra-
tive drift, unstable character identity, weak tem-
poral continuity, and limited audio-visual consis-
tency (Wei et al., 2024; Zheng et al., 2024a; Zhou
et al., 2022; Ho et al., 2022b; Wu et al., 2023).
These challenges are particularly severe in story-
centric applications such as educational animation,
narrative video creation, and marketing content,
where coherence must be preserved over long hori-
zons rather than within isolated short clips (Polyak
et al., 2024; Wu et al., 2025a; Zhu et al., 2023; Hu
et al., 2024; Long et al., 2024).

A straightforward solution is to use stronger
video generators. Yet even strong generators and
commercial APIs are still primarily optimized for
short clips, and their direct use for multi-scene sto-
rytelling remains brittle. One-shot prompting tends
to accumulate semantic errors over time, while sim-
ple clip stitching often fails to preserve consistent
characters, scene transitions, and story state. Mean-
while, fully end-to-end training for long-horizon
video generation remains costly and difficult to
adapt to rapidly evolving video backbone ecosys-
tems. This motivates a complementary perspective:
instead of modifying the underlying generator, can
multi-scene story generation be improved through
a structured control framework built above hetero-
geneous generators?

We propose DramaAgent, a hierarchical, agen-
tic, and model-agnostic framework for multi-scene
long-horizon text-to-video-and-audio generation.
DramaAgent treats multi-scene storytelling as a
structured control problem over heterogeneous
video and audio generators, rather than as indepen-
dent short-clip synthesis. It organizes generation
into story planning, persistent character condition-
ing, scene-wise synthesis, and reflection-guided
targeted repair. By transforming multi-scene gener-
ation into a staged decision process, DramaAgent
maintains reusable story and character states across
scenes, improving controllability, character persis-
tence, and cross-scene coherence while remaining
compatible with diverse video backbones. As illus-
trated in Fig. 1, DramaAgent generates coherent
animated stories from a single narrative prompt by
decomposing the story into controllable scene-level
generation targets.

DramaAgent is built on three complementary
components. First, hierarchical story planning
converts an open-ended narrative prompt into or-
dered scene-level targets, where each target spec-
ifies the participating characters, environment,

event, emotional state, and transition cue. Sec-
ond, persistent character conditioning constructs
reusable character references and carries them
across scene generation, candidate selection, and
repair so that character identity is maintained as a
persistent control signal. Third, reflection-guided
targeted repair scores generated clips along iden-
tity, semantic, temporal, and audio-visual dimen-
sions and regenerates low-quality scenes using
constraints derived from the detected failure type.
These components allow DramaAgent to coordi-
nate short-form generators under a long-horizon
storytelling objective. Instead of treating each clip
as an independent generation result, DramaAgent
maintains story context across scenes, selects candi-
dates with respect to both local scene requirements
and previously accepted content, and repairs local
inconsistencies before composing the final audiovi-
sual story. Taken together, these components form
a stateful closed-loop process that couples persis-
tent state, failure diagnosis, and targeted repair
rather than treating planning and regeneration as
independent stages.

We evaluate DramaAgent using both automatic
and human-centered protocols. Beyond standard
visual quality metrics, we examine long-horizon
coherence, character consistency, narrative fidelity,
scene-level audio-visual consistency, and human
preference. Experiments across multiple video
backbones show that DramaAgent consistently im-
proves story-level coherence, character consistency,
and narrative fidelity over direct generation and
strong baselines. Controlled same-backbone and
generation-budget-aware comparisons further show
that these gains cannot be explained solely by
stronger backbones or additional sampling. To-
gether, these results suggest that hierarchical agen-
tic control provides a practical and model-agnostic
way to improve controllable multi-scene audiovi-
sual storytelling. Our contributions are as follows:

* We propose DramaAgent, a hierarchical and
model-agnostic agentic framework for multi-
scene long-horizon text-to-video-and-audio
generation over heterogeneous backbones.

* We introduce persistent story-character
state and reflection-guided targeted repair,
forming a stateful closed-loop process of per-
sistent state, failure diagnosis, and targeted
repair to preserve cross-scene identity and nar-
rative context.
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» Experiments across multiple video backbones,
together with controlled same-backbone
and generation-budget-aware comparisons,
demonstrate improved long-horizon coher-
ence, character consistency, narrative fidelity,
and scene-level audio-visual consistency.

2 Related Work

Long-form and agentic story video generation.
Recent text-to-video research has moved beyond
short clips toward story-level and long-form gener-
ation, where narrative coherence, character con-
sistency, and temporal continuity across scenes
become central challenges. Long-horizon gener-
ation has also been explored through hierarchi-
cal temporal modeling, such as NUWA-XL (Yin
et al., 2023). Methods such as StoryGAN (Li
et al., 2019), Make-A-Story (Rahman et al., 2023),
Intelligent Grimm (Liu et al., 2024), StoryD-
iffusion (Zhou et al., 2024), AutoStory (Wang
et al., 2025), MovieFactory (Zhu et al., 2023),
and VideoStudio (Long et al., 2024), together
with benchmarks such as MovieBench (Wu et al.,
2025a), highlight the need to preserve characters,
events, and transitions over extended horizons.
Coln (Tao et al., 2024a) introduces a lightweight
context-aware framework with intra-story feature
interchange for story visualization and continua-
tion, while StoryImager (Tao et al., 2024b) unifies
story visualization and completion through bidi-
rectional generation and contextual modeling. Re-
cent agentic frameworks such as StoryAgent (Hu
et al., 2024), MovieAgent (Wu et al., 2025b), and
Mora (Yuan et al., 2024) further improve controlla-
bility by decomposing narratives into scripts, sto-
ryboards, or scene-level prompts. DramaAgent is
related to these works, but focuses on multi-scene
long-horizon text-to-video-and-audio generation as
a stateful hierarchical control problem over hetero-
geneous generators. It maintains reusable story
and character states across scene generation, can-
didate selection, and repair, and uses reflection-
guided diagnosis to trigger failure-specific regener-
ation along identity, semantic, temporal, and audio-
visual dimensions. Together, these mechanisms
couple persistent cross-scene state, failure diagno-
sis, and targeted repair within a closed-loop gener-
ation process.

Character-consistent video generation. Main-
taining stable character identity is a longstanding
challenge in long-form generation. Recent methods

address this problem through reference-image con-
ditioning, subject-driven generation, personalized
visual prompting, and instance-level visual con-
trol (Ye et al., 2023; Gu et al., 2024). For example,
Magic-Me (Ma et al., 2024) shows that external
visual references can improve subject consistency
in generated videos. Related story-generation sys-
tems also use storyboard images, keyframes, or
visual anchors to stabilize character appearance
across scenes. DramaAgent builds on these efforts
by treating character references as persistent con-
trol signals, propagating fixed references across
scene-wise generation, candidate selection, and
reflection-guided repair to reduce identity drift over
long horizons.

General video generation backbones. Re-
cent video generation methods have advanced
rapidly with diffusion-based, autoregressive, and
hybrid architectures. Diffusion-based models such
as VDM (Ho et al.,, 2022b), Align Your La-
tents (Blattmann et al., 2023b), SEINE (Chen
et al., 2023), I2VGen-XL (Zhang et al., 2023),
SVD (Blattmann et al., 2023a), LaVie (Wang
et al., 2024), and MotionDirector (Zhao et al.,
2024) improve visual realism, motion quality, and
text alignment. Large-scale and sequential gen-
eration models, including Sora (Brooks et al.,
2024), Open-Sora (Zheng et al., 2024b), Hunyuan-
Video (Kong et al., 2024), VideoGPT (Yan et al.,
2021), VideoPoet (Kondratyuk et al., 2023), and
CogVideoX (Yang et al., 2025), further strengthen
video synthesis and temporal modeling. While
these models provide powerful short-form gener-
ation backbones, multi-scene storytelling still re-
quires cross-scene state tracking, character persis-
tence, narrative continuity, and audio-visual coordi-
nation. DramaAgent is complementary to this line
of work by coordinating heterogeneous video and
audio generators under a long-horizon storytelling
objective.

3 Method

We propose DramaAgent, a hierarchical and
model-agnostic framework for multi-scene long-
horizon text-to-video-and-audio generation. As
shown in Fig. 2, DramaAgent coordinates heteroge-
neous video and audio generators through story de-
composition, persistent character references, scene-
wise generation, and reflection-guided selection
and repair.
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In a world blanketed by shimmering snow and glowing stars, a group of friends decides to set out on one last
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aurora, they tease and laugh,
knowing that even when
unsure, they’ll always find the
way together.

Scene2 : Across the snowy
plains, the group travels with
light hearts — every laugh
melting the cold around
them.
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Figure 2: Overview of DramaAgent. DramaAgent decomposes a narrative prompt into scene-level targets,
constructs persistent character stills, and coordinates image, video, and audio generators through scene-wise

generation and reflection-guided repair.

3.1 Task Formulation

Given a narrative prompt P, our goal is to gen-
erate a multi-scene audiovisual story (V, .A) that
preserves story coherence, character consistency,
cross-scene continuity, and scene-level audio-
visual consistency over a long generation horizon.
DramaAgent assumes access to a set of heteroge-
neous generation modules G = {g1,92,...,9M},
where each module may correspond to a commer-
cial API or an open-source backbone. From P,
DramaAgent constructs a temporally ordered scene
sequence S = {51,592, ...,Sn}, and a persistent
character reference set R = {R. | ¢ € C}, where C
denotes the set of story characters. For each scene
Si, the framework generates candidate clips, eval-
uates them with respect to the scene specification
and previously accepted context, and selectively
repairs low-quality outputs. The accepted video
and audio outputs for scene .S; are denoted by v;
and a;, respectively. The final output is obtained
by composing all accepted scene-level audiovisual
segments: (V,.A) = Compose ({(vi,a;)}Y,).

3.2 Story Analysis and Plot Breakdown

To support controllable multi-scene generation,
DramaAgent first converts the input prompt into
a structured story representation. Given a nar-
rative prompt P, an instruction-tuned language
model expands it into an explicit story draft N =
{n1,n9,...,nr}, which specifies key narrative el-
ements such as environments, characters, major
events, and emotional progression. DramaAgent
then decomposes N into a temporally ordered

scene sequence S. Each scene corresponds to a
coherent event, transition, or emotional beat. Each
scene is represented as

Si = (x4, Cy, €, my, u;), (1)

where x; denotes the scene description, C; the par-
ticipating characters, e; the environment, m; the
narrative role or emotional state, and u; an optional
transition cue from the preceding scene. These
structured scene targets provide the semantic back-
bone for both video and audio generation. Repre-
sentative prompt templates are provided in App. D.

3.3 Global Plan Validation

Before scene-level generation, DramaAgent per-
forms a lightweight consistency check over the
structured scene sequence S. The validator exam-
ines character attributes, temporal ordering, causal
dependencies, and adjacent-scene transitions, and
revises the scene plan when structural conflicts are
detected. This stage operates on the global story
structure before generation, whereas the reflection
mechanism in Sec. 3.5 operates on generated scene
outputs and repairs localized identity, semantic,
temporal, or audio-visual failures.

3.4 Persistent Character Conditioning

After plot breakdown, DramaAgent constructs per-
sistent character references, referred to as Char-
acter Stills, to stabilize character identity across
scenes. From the expanded story, the framework ex-
tracts the character set C and their identity-defining
attributes, including appearance, clothing, hairstyle,
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age, and style cues. For each character ¢ € C, Dra-
maAgent forms a character specification A, and
generates a canonical visual reference:

R. = T2I(A,), (2)

where T2I(-) denotes a text-to-image generator.
These references form a fixed character sheet and
are reused throughout the pipeline. For each scene
S;, the scene condition is augmented as

Si = (Si,{R. | c € C;}), 3

where C; C C denotes the characters appearing in
scene i. When a video generator supports image
conditioning, the corresponding character stills are
provided as visual inputs. Otherwise, DramaA-
gent converts them into textual identity constraints.
By propagating the same references across genera-
tion, candidate selection, and repair, DramaAgent
treats character identity as a persistent control sig-
nal rather than a one-time prompt attribute.

3.5 Reflection-guided Candidate Selection
and Repair

After global plan validation and character condi-
tioning, DramaAgent performs scene-wise genera-
tion and localized reflection-guided repair. Given
the structured scene condition Si, the framework
produces a candidate set

V= {vz(l),vz(z), e ,UEK)}, @

where candidates may come from different back-
bones, prompt variants, or random seeds under a
fixed generation budget. The accepted history be-
fore scene ¢ is summarized as

hi—1 = Summarize ({S;,v;,a;}j<i), (5)

which provides cross-scene context for candidate
evaluation and repair.

Candidate scoring. Each candidate is evaluated
along four dimensions: identity consistency, se-
mantic fidelity, temporal continuity, and audio-
visual compatibility. Identity consistency s;q mea-
sures whether visible characters match the persis-
tent character references. Semantic fidelity Sgem
measures whether the required entities, actions, en-
vironments, and events in S; are present. Temporal
continuity Stemp measures whether the candidate is
consistent with the accepted history h;_1, includ-
ing scene transition and story progression. Audio-
visual compatibility s,, measures scene-level se-
mantic and temporal compatibility between the

generated visual content and the dialogue, sound
events, and audio plan associated with the scene.
The final reflection score is computed as

+ Asem Ssem(vz‘(k)a gz)

Score(vgk)) = Ad sid(vz(

(6)

+ >\temp Stemp (UZ‘(k)v hi—l)
+ Aav Sav(vl(k)y Dz)a

where D; denotes the scene-level dialogue and
audio plan. In the default setting, we use fixed
weights A\ig = 0.35, Asem = 0.30, Atemp = 0.20,
and A,y = 0.15. The detailed scoring prompts and
rubric are provided in App. B.

Targeted repair. The best candidate is selected by

vF = arg max Score(vgk)). (7)
vl(k)EVi

If Score(v}) > 7, the scene is accepted. Otherwise,
DramaAgent identifies the weakest evaluation di-
mension:

min

d; = arg
de{id,sem,temp,av}

sa(vi), (8
and rewrites the scene prompt according to the
corresponding failure type. For identity failures,
the repair prompt strengthens character-reference
constraints. For semantic failures, it injects miss-
ing entities, actions, or environmental details. For
temporal failures, it adds transition cues from the
accepted history. For audio-visual failures, it ad-
justs dialogue timing, sound-event constraints, or
visual pacing. The repaired scene is then regener-
ated and rescored. This process is repeated for at
most R rounds or until the score improvement falls
below e:

Score(v},) — Score(v;; 1) < €. )

We use 7 = 0.80, ¢ = 0.02, and R = 2 by default.
This mechanism turns refinement into failure-aware
correction rather than generic resampling, allowing
DramaAgent to repair local inconsistencies before
they propagate to later scenes. Unlike global plan
validation, which corrects structural inconsisten-
cies before generation, this repair process targets
localized failures in generated scene outputs.

3.6 Audio Generation and Composition

To complement visual generation, DramaAgent
performs scene-aware audio generation for dia-
logue, ambient sound, and background music.
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Table 1: Main comparison with recent text-to-video generation methods. Results are reported for script synopsis
to keyframe/storyboard generation and multi-scene story video generation. Each method is evaluated as a complete
generation system; therefore, this comparison does not isolate backbone or generation-budget effects.

VBench Metrics /% 1

iont |
Method CLIPT  Inceptiont | Subject Cons.  Bg Cons.  Motion Smth.  Dyn. Degree ~ Aesthetic
Script Synopsis to Keyframe/StoryBoard Generation
StoryDiffusion (Zhou et al., 2024) 20.46 6.24
AutoStory (Wang et al., 2025) 20.21 6.01
MovieAgent (Wu et al., 2025b) 22.12 7.23
DramaAgent (Ours) | 23.02 7.64 |
Script Synopsis to Movie Generation
StoryDiffusion (Zhou et al., 2024) + SVD (Blattmann et al., 2023a) | 21.39 8.36 93.64 93.78 96.30 74.48 56.69
StoryDiffusion (Zhou et al., 2024)+ CogVideoX (Yang et al., 2025) | 21.83 9.01 93.45 94.56 96.60 27.89 56.05
AutoStory (Wang et al., 2025) + CogVideoX (Yang et al., 2025) 20.27 721 91.45 93.32 95.87 70.32 52.34
DreamVideo (Wei et al., 2024) 21.37 8.11 93.17 93.77 96.40 26.97 42.16
Magic-Me (Ma et al., 2024) 21.72 8.34 94.01 94.68 96.41 14.86 55.89
MovieAgent (Wu et al., 2025b) 2225 9.39 94.72 93.52 97.84 76.27 58.63
DramaAgent (Ours) | 2434 9.67 | 97.02 97.54 98.14 67.32 64.91

Given the scene sequence S and character set C,
a language model first produces dialogue scripts
D ={D;,D,,...,Dy}, where each D; is condi-
tioned on the current scene content, previous story
context, participating characters, emotional state,
and estimated clip duration. Each dialogue line
is annotated with speaker identity, emotion, and
delivery style for downstream voice assignment
and prosody control. DramaAgent then uses a
multi-speaker text-to-speech system to synthesize
character-specific speech tracks. Ambient sound
and background music are generated or retrieved
according to the scene environment and narrative
role. Finally, the accepted scene clips {v; } and au-
dio tracks {a;} are assembled into the final multi-
scene audiovisual output. Scene boundaries are
smoothed with visual and auditory transitions, and
dialogue timing is aligned with clip duration as
closely as possible. The audio module mainly
supports scene-level audio-visual consistency by
providing dialogue, sound-event, and pacing con-
straints for generation and reflection. Fine-grained
lip synchronization and precise sound-effect tim-
ing still depend on the underlying video and audio
generators, and are discussed as limitations.

4 Experiments

We evaluate DramaAgent from four perspectives:
overall generation quality, robustness across het-
erogeneous video backbones, the contribution of
each control component, and human-perceived
cross-scene coherence. Beyond visual quality,
our evaluation focuses on whether the generated
story preserves character identity, narrative pro-
gression, cross-scene continuity, and scene-level
audio-visual consistency.

4.1 Experimental Setup

Evaluation data. We evaluate DramaAgent on
narrative-to-video and script-to-storyboard gener-
ation tasks. The evaluation set contains 50 nar-
rative scripts spanning multiple genres, including
fantasy stories, conversational scenes, emotional
monologues, and action sequences. Each script
contains 10-20 sentences and corresponds to ap-
proximately 30—60 seconds of video content after
scene decomposition and composition.
Generation backbones. For the video generation
stage, we use heterogeneous backbones including
Wan2.2-12V-Flash, Keling, Jimeng, Hailuo 3.0, and
Seedance. These backbones are accessed through
their corresponding generation interfaces, and Dra-
maAgent adapts scene prompts and conditioning
inputs to each interface. Unless otherwise stated,
scene-level clips are generated with a duration of
5 seconds at 1280x720 resolution. DramaAgent
uses K = 3 candidates per scene and performs
at most i = 2 rounds of reflection-guided repair
by default. Controlled comparisons that vary the
sampling or repair budget explicitly report their
generation calls per scene. Detailed generation set-
tings, backbone versions, API access dates, and
reflection hyperparameters are provided in App. A
and App. B.

Metrics. Following the VBench protocol (Huang
et al., 2024), we report Subject Consistency, Back-
ground Consistency, Motion Smoothness, Dynamic
Degree, and Aesthetic Quality. For the visual-
fidelity analysis, we additionally report Imaging
Quality. We further report CLIP and Inception
scores to assess semantic alignment and visual qual-
ity. CLIP is computed using the OpenAI CLIP ViT-
B/32 model by averaging frame-level cosine simi-
larities between uniformly sampled video frames
and the corresponding text prompt. Inception
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Score is computed using an ImageNet-pretrained
Inception-v3 model over the same sampled video
frames. Since automatic visual metrics cannot fully
capture multi-scene storytelling quality, we also
conduct blind human evaluation on temporal coher-
ence, character consistency, narrative fidelity, and
scene-level audio-visual consistency. The human-
evaluation protocol and participant statistics are
provided in App. C. Runtime and approximate API
cost statistics are reported in App. A.1 and Tab. 6.

4.2 Main Results

Tab. 1 compares DramaAgent with recent text-
to-video and story video generation meth-
ods under two settings: Script Synopsis to
Keyframe/Storyboard Generation and Script Syn-
opsis to Multi-scene Story Video Generation. Dra-
maAgent achieves strong overall performance in
both settings.

Script synopsis to keyframe/storyboard genera-
tion. In the storyboard generation setting, DramaA-
gent obtains a CLIP score of 23.02 and an Inception
score of 7.64, outperforming StoryDiffusion, Au-
toStory, and MovieAgent. These results indicate
that structured story planning and character-aware
generation produce more semantically grounded in-
termediate visual targets from high-level narrative
synopses. Since storyboard quality directly affects
downstream video generation, this setting evaluates
whether DramaAgent can provide a stronger visual
foundation for multi-scene story synthesis.

Script synopsis to multi-scene story video gen-
eration. In the multi-scene story video genera-
tion setting, DramaAgent reaches a CLIP score
of 24.34 and an Inception score of 9.67. It also
obtains the highest scores in Subject Consistency,
Background Consistency, Motion Smoothness,
and Aesthetic Quality among the compared meth-
ods. Compared with StoryDiffusion+SVD, Sto-
ryDiffusion+CogVideoX, AutoStory+CogVideoX,
DreamVideo, Magic-Me, and MovieAgent, Dra-
maAgent produces stronger semantic alignment
and more stable character consistency. These re-
sults suggest that structured control is effective for
organizing scene-level generations into a coherent
multi-scene story.

4.3 Controlled Analysis

To isolate the contribution of DramaAgent from
backbone choice and additional generation at-
tempts, we conduct fixed-backbone and generation-
budget-aware analyses.

Fixed-backbone analysis. Tab. 2 reports a progres-
sive ablation using the same Seedance video back-
bone. Adding story planning, character stills, and
reflection-guided repair progressively improves per-
formance, showing that the gains arise from the pro-
posed control components rather than the backbone

choice alone.

Table 2: Component ablation on a fixed backbone.
Progressively adding story planning, character stills, and
reflective repair on Seedance.

y | VBench Metrics / % 1
Method ‘ CLIPT  Inception! | ipcci Cons. e Cons. Motion Smth. Dyn. Degree Acsthetic

22.90 8.65 92.10 95.60 97.10 64.20 6230

Direct Generation (Seedance)
2355 8.95 93.80 96.30 97.45 65.10 62.90

+ Story Planning
+ Character Stills
+Reflective Repair (Full)

24.12 9.41 96.85 97.33 97.96 66.84 64.37
24.34 9.67 97.02 97.54 98.14 67.32 64.91

Backbone- and generation-budget-controlled
comparison. To further distinguish targeted repair
from generic additional sampling, we compare Dra-
maAgent with direct generation, open-loop story
planning, best-of- K sampling, and generic iterative
repair using the same Seedance backbone. Tab. 3
explicitly reports the generation budget for each
variant. DramaAgent achieves the strongest seman-
tic alignment, subject consistency, and dynamic
degree while requiring only a modest increase in
generation calls over generic repair. These results
indicate that its gains cannot be explained solely by
backbone strength or additional sampling, but also
arise from persistent cross-scene state and failure-
specific targeted repair.

Table 3: Backbone- and generation-budget-
controlled comparison on Seedance. All variants use

the same video backbone and evaluation setting.
Method ‘ Calls/Scene ‘ CLIPT

Subject Cons.t  Dyn. Degreet

Direct Generation 1.0 22.90 92.10 64.20
Open-loop Story Planning 1.0 23.55 93.80 65.10
Best-of-K' 3.0 23.73 94.65 65.74
Generic Iterative Repair 3.8 23.87 95.41 66.21
DramaAgent 4.1 24.34 97.02 67.32

A complete wall-clock time and cost compari-
son under the same Seedance setting is reported
in Tab. 7 in App. A.2, further contextualizing the
quality—efficiency trade-off. We further analyze the
sensitivity to the acceptance threshold 7 in Tab. 9
and App. B.1.

4.4 Ablation Study

Effect of backbone choice. Tab. 4 compares
DramaAgent with different video generation back-
bones. Although performance varies across gener-
ators, DramaAgent remains consistently compet-
itive, suggesting that the framework is not tied
to a specific backbone. Seedance achieves the
best balance between semantic alignment and aes-
thetic quality, while Jimeng and Hailuo 3.0 perform
strongly on motion-related metrics.

Component ablation on a fixed backbone. Tab. 2
reports a progressive ablation on the same back-
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Come on, buddy, time to pack up! Woof! I’'m way ahead of you!

Got it right here, and a big smile
too!

Hmm... are we going the right way?

Relax, I've got this covered.

You always say that! And I’'m always right... mostly.

Figure 3: Qualitative results across three narrative scenes. DramaAgent maintains recurring characters and
coherent scene progression across different story contexts. The examples illustrate the role of structured planning,

S PSS el Bt agpa  muld-soenestoytelling.

evaluated with five video generation backbones under
the same control framework.

I ‘ VBench Metrics / % 1
Method ‘ CLIPT Inceptiont e cons By Cons. Motion Smih._Dyn. Degree Aesthetic

DramaAgent (Wan2.2-12V-Flash)
DramaAgent (Keling)
DramaAgent (Jimeng)
DramaAgent (Hailuo 3.0)
DramaAgent (Seedance)

9.35 95.64 95.82 97.43 66.92 58.14
23.96 9.38 96.42 96.71 98.02 80.45 61.27
2291 9.12 9634 9727 98.61 8431 61.32
96.85 97.33 97.96 66.84 64.37

2347 9.56 94.12 93.95 96.92 70.15 54.32
23.78

2412 9.41

bone. Story planning improves semantic alignment,
character stills strengthen identity preservation, and
reflective repair adds further gains, validating the
complementary roles of the three components.

4.5 Audio-Visual and Human Evaluation

Visual fidelity. To examine whether improved
cross-scene consistency comes at the expense of
perceptual quality, we compare DramaAgent with
native Seedance under identical generation settings.
DramaAgent preserves comparable VBench Imag-
ing Quality (64.72 vs. 64.18) while receiving higher
blind human preference for sharpness (53.1%
vs. 46.9%), texture detail (53.1% vs. 46.9%), fewer
artifacts (56.2% vs. 43.8%), and overall visual fi-
delity (54.9% vs. 45.1%). These results indicate
that the consistency gains are not obtained at the
expense of perceptual quality.

Automatic audio-visual evaluation. We further
evaluate scene-level audio-video semantic align-
ment, temporal synchronization, and audio—text
relevance. DramaAgent achieves scores of 70.6,
72.4, and 69.8, respectively, outperforming the
variant without audio planning (61.8/64.5/58.9)
and the variant without audio-visual reflection

(65.9/67.8/64.7). These results show that audio
planning and audio-visual reflection both con-
tribute to scene-level semantic and temporal com-
patibility.

Human evaluation. Automatic metrics alone
cannot fully capture multi-scene audiovisual sto-
rytelling quality. We therefore conduct a blind
pairwise human evaluation with 15 evaluators on
temporal coherence, character consistency, narra-
tive fidelity, and scene-level audio-visual consis-
tency, with each sample independently assessed
by at least three annotators. DramaAgent is pre-
ferred in temporal coherence (66.7%), character
consistency (71.3%), narrative fidelity (63.3%),
and audio-visual alignment (68.0%). Inter-rater
agreement reaches Fleiss” k = 0.42. These results
indicate stronger scene continuity, character per-
sistence, narrative faithfulness, and semantic com-
patibility between audio and visual content. De-
tailed evaluation criteria, participant information,
and annotation protocols are provided in Tab. 10
and App. C. This evaluation focuses on scene-level
semantic and temporal audio-visual compatibility
rather than fine-grained lip synchronization, which
remains partly constrained by the underlying gen-
erators.

4.6 Qualitative Analysis

Cross-scene storytelling. Fig. 3 shows generated
results across three narrative scenes. DramaAgent
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and SeedDance under the same narrative prompt and character references, highlighting their differences in identity
consistency, temporal stability, and scene realism.

maintains recurring character appearances and co-
herent narrative progression across different story
contexts. These examples illustrate how structured
planning, persistent character conditioning, and
reflection-guided repair jointly support cross-scene
consistency in multi-scene storytelling. Additional
case studies are provided in App. E.

Cross-backbone comparison. Fig. 4 compares dif-
ferent video generation backbones under the same
narrative prompt and character references. These
examples illustrate complementary strengths across
backbones while showing that the same DramaA-
gent control framework can be applied to heteroge-
neous generators. For example, some backbones
produce stronger motion continuity, while others
better preserve character appearance or visual style.

5 Conclusion

We propose DramaAgent, a hierarchical and
model-agnostic framework for multi-scene long-
horizon text-to-video-and-audio generation. Dra-
maAgent formulates multi-scene storytelling as
a structured control problem over heterogeneous
video and audio generators, combining story plan-
ning, persistent character conditioning, scene-wise
generation, reflection-guided targeted repair, and
audio composition. Experiments across multiple
backbones and controlled same-backbone compar-
isons show that DramaAgent improves cross-scene
coherence, character consistency, narrative fidelity,

and scene-level audio-visual consistency over di-
rect generation and strong baselines. These results
suggest that stateful hierarchical control with per-
sistent context and failure-specific repair provides
a practical direction for controllable multi-scene
audiovisual storytelling.

Limitations

DramaAgent has several limitations. First, our eval-
uation focuses on 30-60-second multi-scene stories
and therefore does not establish scalability to sub-
stantially longer, movie-length generation. Main-
taining a globally coherent narrative state, character
identity, and audio-visual consistency over much
longer horizons remains an important direction for
future work. Second, DramaAgent relies on third-
party video and audio generation APIs, so outputs,
latency, pricing, and conditioning interfaces may
change over time. Third, as an orchestration frame-
work rather than a unified world-consistent gen-
erative model, it may still struggle with complex
interactions, physical contact, large pose/camera
changes, and residual identity drift. Finally, gener-
ated videos may inherit artifacts, biases, and safety
risks from the underlying models and should be
clearly disclosed as synthetic content in real-world
use.
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A Detailed Generation Settings

Table 5 summarizes the generation settings used in
our experiments for reproducibility. Unless other-
wise stated, all methods are evaluated on the same
set of 50 narrative scripts, where each script con-
tains 10-20 sentences and corresponds to approxi-
mately 30-60 seconds of video content after scene
decomposition and composition.

Across different backbones, the upper-level Dra-
maAgent framework is kept unchanged, including
structured story planning, persistent character con-
ditioning, and reflective repair. Only the underlying
video generator is varied. When a backbone sup-
ports direct image conditioning, character stills are
provided as visual inputs; otherwise, the same refer-
ences are converted into textual identity constraints
and injected into the scene prompt.
Reproducibility note. Because some commercial
APIs may evolve over time, exact outputs can vary
across access dates. To improve reproducibility,
we record the API variant and access date for each
experiment, while keeping the scene-level budget,
resolution, repair rounds, and upper-level DramaA-
gent logic fixed within each comparison group.

A.1 Runtime and Cost Statistics

Table 6 reports practical runtime and approximate
API usage statistics for the default setting. Under
the default configuration (KX = 3 candidates per
scene, at most R = 2 repair rounds, 5-second clips,
and 1280x720 resolution), DramaAgent requires
on average 75 seconds for initial scene generation
and 28 seconds for each repaired scene. Across
the full pipeline, the average end-to-end generation
time for a 30—60 second script is approximately 18—
32 minutes, depending on the number of scenes,
the activated repair rounds, and the selected back-
bone APIs. On average, DramaAgent makes 4.1
API calls per scene, including candidate generation
and optional regeneration calls. The approximate
generation cost is about $7.8 per minute of final
video under the default setup. These values should
be interpreted as practical reference numbers rather
than fixed constants, since commercial API latency
and pricing may vary across providers and access
dates.

A.2 Comparative Efficiency Analysis

To contextualize the overhead of selective repair,
we compare DramaAgent with direct generation,
best-of-K sampling, and generic iterative repair

under the same Seedance setting.

Under comparable generation budgets, Dra-
maAgent requires only 0.3 additional calls per
scene over generic iterative repair, while providing
stronger generation quality as reported in Tab. 3.

B Reflection Settings and Repair Policy

Repair policy. Table 8 summarizes the default
reflection hyperparameters. For each scene, Dra-
maAgent first generates K = 3 candidate clips
and computes the reflection score in Eq. 6. If the
best candidate score is below 7 = 0.80, the frame-
work triggers targeted repair. The repair route is
chosen according to the weakest sub-score among
Sid» Ssem» Stemp» and S,y : low identity consistency
strengthens character-reference conditioning, low
semantic fidelity rewrites the prompt with missing
entities or actions, low temporal continuity injects
stronger transition cues from the previous scene,
and low audio-visual compatibility adjusts dialogue
timing or regenerates the clip under tighter tempo-
ral constraints. We perform at most R = 2 repair
rounds per scene, and stop early when the score
improvement is below € = 0.02.

B.1 Sensitivity to Acceptance Threshold

We study the sensitivity to the acceptance threshold
7 while keeping the remaining reflection settings
fixed.

As shown in Tab. 9, performance remains stable
across a broad threshold range. Increasing 7 be-
yond 0.80 substantially increases repair activation
and API calls while yielding only marginal or no
quality improvement. We therefore use 7 = 0.80
as the default quality—efficiency operating point.

C Human Evaluation Protocol

This section describes the human-evaluation pro-
tocol used to complement automatic metrics for
multi-scene story generation.

Evaluation dimensions. We evaluate generated
outputs on four human-centered dimensions: tem-
poral coherence, character consistency, narrative
fidelity, and audio-visual alignment. These dimen-
sions capture cross-scene properties that are not
fully reflected by standard automatic visual met-
rics.

Participants. We recruit 15 human evaluators with
prior experience in video content assessment, multi-
media generation, or related visual-language tasks.
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Table 5: Reproducibility settings for video generation backbones. We report the backbone/API variant, access
date, supported conditioning interface, and scene-level generation budget used in our experiments. All DramaAgent
variants share the same upper-level planning, persistent character conditioning, and reflective repair framework;

only the underlying video generator changes across rows.

Backbone ‘ Version / API Variant ‘ Access Date ‘ Input Type

‘ Candidates / Scene ‘ Repair Rounds ‘ Clip Duration ‘ Resolution

Wan2.2-12V-Flash | Wan2.2-12V-Flash 2025-11 image + text 3 2 Ss 1280x720
Keling Keling 2025-11 image + text 3 2 Ss 1280%720
Jimeng Jimeng 2025-11 text-only / multimodal 3 2 Ss 1280x720
Hailuo 3.0 Hailuo 3.0 2025-11 image + text 3 2 Ss 1280%720
Seeddance 3.0 Seeddance 3.0 2025-11 image + text 3 2 Ss 1280%720

Table 6: Runtime and cost statistics under the default
setting. Reported values are averages over the evalua-
tion set and may vary with backbone API latency and
access date.

Statistic Value
Average initial generation time / scene 75s
Average repaired generation time / scene 28's
Average end-to-end time / 30-60s script ~ 18-32 min
Average API calls / scene 4.1
Approximate cost / minute of final video $7.8
Table 7: Comparative generation efficiency on
Seedance.
Method Calls/Scene]  Time/Story| Cost/Final Min.]
Direct Generation 1.0 5-8 min $1.9
Best-of-K Sampling 3.0 13-23 min $5.7
Generic Iterative Repair 3.8 17-29 min $7.2
DramaAgent 4.1 18-32 min $7.8

All participants are blind to the method identities
during evaluation.

Evaluation protocol. We use blind pairwise com-
parison for generated samples. For each compari-
son, evaluators are shown outputs from two meth-
ods under the same narrative prompt and are asked
to indicate the preferred result along the four evalu-
ation dimensions. Each sample is evaluated inde-
pendently by at least 3 annotators.

Evaluation criteria. Temporal coherence mea-
sures whether scene transitions, motion progres-
sion, and event continuity remain stable across
time. Character consistency measures whether
the same characters preserve their visual identity
across scenes. Narrative fidelity measures whether
the generated output remains faithful to the story
content, event sequence, and emotional progression
specified in the input prompt. Audio-visual align-
ment measures whether audio and visual content
remain semantically compatible and temporally co-
herent at the scene level; it does not evaluate fine-
grained lip synchronization.

Statistics. For each evaluation dimension, we re-
port the average preference rate of DramaAgent
across all evaluated samples. Inter-rater agreement

Table 8: Default reflection settings. We use the follow-
ing default hyperparameters for candidate scoring and
selective reflective repair.

Parameter Value
Aid 0.35
Asem 0.30
Atemp 0.20
Aav 0.15
Acceptance threshold 7 0.80
Early-stop threshold € 0.02

Max repair rounds R 2
Candidates per scene K 3

Table 9: Sensitivity to the acceptance threshold 7.

T CLIPT  Subject Cons.t Calls/Scene|  Repair Activation (%)
0.70  23.96 96.18 3.45 31.2
0.75 24.18 96.63 3.78 45.6
0.80 2434 97.02 4.10 58.7
0.85 2439 97.11 4.38 71.5
0.90 24.36 97.08 4.65 834

is measured by Fleiss’ kappa. The detailed human-
evaluation results, including preference rates for
temporal coherence, character consistency, narra-
tive fidelity, and audio-visual alignment, are re-
ported in Table 10.

D Prompt Templates and Reflection
Settings

This section provides representative prompt tem-
plates and key settings used in DramaAgent, includ-
ing story analysis and plot breakdown, character
still generation, reflective rewriting, and repair con-
trol parameters.

D.1 Story Analysis and Plot Breakdown
Prompt

To convert a narrative prompt into a structured
story representation, we use an instruction-tuned
language model to expand the input into a longer
story draft and decompose it into ordered scene-
level units. A representative prompt template is
shown below.
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character identity, expressive interaction, and multi-scene story continuity in a stylized family-oriented animated
story.
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Figure 6: Additional qualitative case: action-crime ensemble narrative. The example illustrates multi-character
coordination, dynamic scene progression, and stable identity preservation in a high-motion cinematic setting.

Table 10: Human evaluation results. DramaAgentis  gscene sequence S = {S1, Sa, ..., Sy} in the main
preferred over baseline pipelines across all four evalua- pipeline.
tion dimensions.
Metric DramaAgent Preference D.2 Character Stills Prompt
Eir:rlgi g‘(’)ﬂ::;iiy %ZZ To build persistent character references, DramaA-
Narrative Fidelity 63.3% gent first extracts the main characters and their
Audio-Visual Alignment 08.0% visual attributes from the expanded story. It then
Inter-rater Agreement (Fleiss” Kappa) 042 generates a canonical visual reference (Character

Still) for each character. A representative prompt

. o template is shown below.
Input: A short narrative prompt describing the
story theme, characters, and emotional tone. Input: Character name and visual attributes (e.g.,
hairstyle, clothing, facial appearance, age, style

Instruction: Expand the prompt into a coherent cues)

story with clear event progression. Then decom-

pose the story into a sequence of scene-level de-
scriptions. Each scene should correspond to a se-
mantically coherent event or emotional beat. For
each scene, provide: (1) a concise scene descrip-
tion, (2) participating characters, (3) environment,
(4) emotional state or narrative role, and (5) a
transition cue if needed.

The output of this stage is used to construct the

Instruction: Generate a high-quality portrait of
the character that preserves the specified identity-
defining traits. The portrait should serve as a
canonical reference image for subsequent scene
generation. Maintain consistent facial structure,
hairstyle, costume, and overall artistic style.

These generated character stills form the per-
sistent character reference set R = {R.} used
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throughout scene generation and reflective repair.

D.3 Reflective Rewrite Prompt

When the reflective repair module detects a low-
quality scene candidate, DramaAgent applies a
failure-specific prompt rewriting strategy. A repre-
sentative reflective rewrite prompt is shown below.

Input: Current scene description, detected failure
type, previously accepted scene summary, and
character references.

Instruction: Rewrite the scene prompt to correct
the detected failure while preserving the original
story intent. If the failure is identity inconsistency,
strengthen appearance and character-reference
constraints. If the failure is semantic omission,
explicitly inject missing entities, actions, or en-
vironment details. If the failure is temporal dis-
continuity, add transition information from the
previous scene. If the failure is audio-visual mis-
match, adjust dialogue timing or visual pacing
constraints.

This rewritten prompt is then used for targeted re-

generation rather than full-sequence re-generation.

D.4 Reflection Thresholds and Repair
Settings

In our experiments, DramaAgent generates 3 candi-
date clips per scene and performs at most 2 rounds
of reflective repair. The reflective module evaluates
candidate clips with four criteria: identity consis-
tency, semantic fidelity, temporal continuity, and
audio-visual compatibility. These criteria are ag-
gregated into the reflection score described in the
main text.

The repair process is triggered when the best
candidate score falls below the acceptance thresh-
old 7. Repair terminates when either the maximum
number of rounds is reached or the score improve-
ment between two successive rounds falls below e.
In practice, these settings provide a good balance
between output quality and computational cost.
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E Additional Qualitative Results

This section provides additional qualitative exam-
ples beyond the representative cases shown in the
main paper. We include diverse story generations
to further illustrate the genre generalization, multi-
scene coherence, and character consistency of Dra-
maAgent under long-form narrative generation.

Figures 5-8 present additional qualitative case
studies spanning multiple narrative genres, includ-
ing animated family adventure, action-crime en-
semble, fantasy mystery, and mythic fantasy sto-
ries. These examples complement the main-paper
visualizations by showing that DramaAgent is not
restricted to a single visual style or story template.
Instead, the framework supports long-form gener-
ation across substantially different genres while
preserving scene-level progression and recurring
character identity.

Across these examples, several consistent pat-
terns can be observed. First, DramaAgent main-
tains recognizable character appearance across mul-
tiple scene transitions, even when the story changes
location, lighting, or emotional tone. Second, the
generated stories exhibit coherent narrative devel-
opment rather than isolated clip-level plausibil-
ity: early frames establish characters and setting,
middle frames develop conflict, and later frames
move toward confrontation or resolution. Third,
the framework remains effective across diverse
visual regimes, including cinematic live-action
prompts, stylized animation, fantasy environments,
and mythology-inspired compositions.

Figure 5 shows an animated family-oriented ad-
venture with recurring characters and light comedic
interactions, highlighting the ability of DramaA-
gent to preserve expressive identity and warm cross-
scene continuity. Figure 6 presents an action-crime
narrative with multi-character coordination, tac-
tical progression, and dynamic urban scenes, il-
lustrating that the framework can support visu-
ally complex stories with sustained identity con-
sistency. Figure 7 demonstrates a fantasy mystery
narrative centered on clue discovery, mentor guid-
ance, and magical exploration, showing that Dra-
maAgent can maintain atmospheric consistency
and structured narrative progression in dialogue-
and world-building-heavy stories. Figure 8 fur-
ther presents a mythology-inspired story with ritual
restoration, large-scale conflict, personal resolve,
and emotional farewell, suggesting that the frame-
work can preserve both stylized world design and

long-horizon emotional continuity.

Overall, these qualitative cases support the cen-
tral claim of this work: by combining structured
planning, persistent character conditioning, and
reflective refinement, DramaAgent improves long-
form story coherence across diverse prompts and
visual styles.

F Discussion

DramaAgent takes a control-oriented view of long-
form text-to-video-and-audio generation. Rather
than introducing a new backbone, it studies how
structured planning, persistent character condition-
ing, and reflective repair can improve story-level
coherence over extended generation horizons. Our
results suggest that this agentic control layer is a
practical way to make long-form generation more
controllable and more robust across heterogeneous
video generators.

At the same time, evaluating long-form audio-
visual generation remains an important open prob-
lem. Current automatic metrics mainly capture
clip-level visual properties, such as consistency,
smoothness, or aesthetic quality, but are still limited
in measuring story-level coherence across scenes,
long-horizon character persistence, and alignment
between generated audio and visual events. As a
result, even when automatic scores improve, they
may not fully reflect whether a generated story is
perceived as globally coherent by human viewers.

We see two important directions for future work.
First, the field would benefit from richer long-form
multimodal benchmarks that jointly evaluate nar-
rative progression, identity consistency, temporal
continuity, and audio-visual alignment over ex-
tended sequences. Second, more reliable automatic
evaluators are needed for story-level assessment, es-
pecially evaluators that can reason jointly over text,
video, and audio rather than scoring each modality
in isolation. Such advances would make it easier
to measure progress on coherent long-form gen-
eration and to build stronger feedback loops for
automatic repair and refinement.

3624



