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Abstract

Text-to-video generation models have shown significant
progress in recent years. However, they still struggle with
compositional text prompts, such as attribute binding for
multiple objects, temporal dynamics associated with differ-
ent objects, and interactions between objects. Inspired by ef-
fective human creative workflow, we propose GENMAC, a
multi-agent collaboration framework that enables composi-
tional text-to-video generation. The framework incorporates a
three-stage collaborative workflow: DESIGN, GENERATION,
and REDESIGN, with an iterative loop between the latter
two stages to progressively verify and refine the generated
videos. In the DESIGN stage, a large language model (Design
Agent) plans objects with layouts, and then a video gener-
ation model synthesizes videos in the GENERATION stage.
The REDESIGN stage is the most challenging stage that aims
to verify the generated videos, suggest corrections, and re-
design the text prompts, frame-wise layouts, and guidance
scales for the next iteration of generation. To avoid halluci-
nation of single-agent and naive multi-agent frameworks, we
apply a division-of-labor strategy in this stage by introducing
a sequence of specialized agents, executed by MLLMs (mul-
timodal large language models): Verification Agent, Sugges-
tion Agent, Correction Agent, and Output Structuring Agent.
Furthermore, to tackle diverse scenarios of compositional
text-to-video generation, we design a self-routing mechanism
to adaptively select the proper correction agent from a suite
of correction agents, each specialized for one scenario. Ex-
tensive experiments demonstrate the effectiveness of GEN-
MAC by generating videos based on long compositional text
prompts and achieving state-of-the-art in the compositional
text-to-video generation benchmark.

Introduction

With the rapid development of diffusion models (Ho, Jain,
and Abbeel 2020; Song et al. 2021; Sohl-Dickstein et al.
2015), text-to-video generation (Blattmann et al. 2023b,a;
Ho et al. 2022; Singer et al. 2022; Wu et al. 2021, 2022;
Hong et al. 2022; Villegas et al. 2022; Zhou et al. 2022;
Khachatryan et al. 2023; Luo et al. 2023; He et al. 2022;
Wang et al. 2023b) has achieved impressive advancements
in creating compelling visual content. However, a critical
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challenge remains in compositional T2V generation (Sun
et al. 2024a): accurately generating videos that follow intri-
cate instructions, such as binding attributes to multiple ob-
jects, portraying specific interactions, and maintaining tem-
poral consistency or dynamic changes, is a significant hurdle
for current models. This limitation hinders their practical ap-
plication in scenarios that demand precise control and faith-
ful adherence to user intent.

Unfortunately, existing techniques fall short in meeting
the demands of compositional T2V generation. On one
hand, single-pass approaches (Tian et al. 2024; Yang and
Wang 2024) attempt to synthesize the entire video in one go.
This single-pass paradigm struggles with complex prompts,
often failing to capture critical contextual details, as it lacks
a mechanism for refinement. On the other hand, iterative re-
finement has been explored in text-to-image generation us-
ing a single-agent approach, where a Multimodal Large Lan-
guage Model (MLLM) plans or corrects the output (Wang
et al. 2024b; Wu et al. 2023c; Yang et al. 2024a). How-
ever, directly extending this single-agent model to compo-
sitional video generation is problematic for two key reasons.
First, the spatio-temporal complexity inherent in composi-
tional video overwhelms a single MLLM, which must simul-
taneously verify content with multiple objects, reason about
dynamics, and plan corrections across multiple frames, of-
ten leading to severe hallucination (Figure 5). Second, a sin-
gle agent lacks the specialized expertise required for diverse
compositional tasks; for instance, ensuring temporal consis-
tency (“ared ball on the left”) versus managing dynamic mo-
tion (“a red ball moving to the left”) are distinct challenges
that a single agent cannot effectively handle (Table 2).

The limitations of single-pass and single-agent systems
naturally suggest an iterative multi-agent solution. However,
we argue that a naive multi-agent approach, simply employ-
ing multiple agents without a structured collaboration strat-
egy, is also insufficient. As our ablation studies demonstrate
(Table 2 and Figure 5), an unstructured group of agents is
prone to hallucination and often fails to converge on an ef-
fective correction. They struggle to manage the complex in-
terplay of object attributes, spatial relationships, and tempo-
ral dynamics. True progress requires not just more agents,
but smarter collaboration.

To this end, we draw inspiration from effective human
creative workflows. Humans tackle complex projects not



A battle-hardened soldier, fully equipped in modern combat gear, moves steadily
forward with a determined expression, holding a weapon firmly in_hand. Behind
him, a massive, fire-breathing dragon with glowing eyes marches in sync, its
giant claws crashing onto the ground. Intense flames erupt from the dragon's
feet, spreading rapidly and filling the air with heat and sparks. Both the soldier
and the dragon advance directly toward the camera, with the burning fire

underneath the dragon growing more intense and epic with every step

An icy landscape. A vast expanse of snow-covered mountain peaks
stretches endlessly. Beneath them is a dense forest and a colossal
frozen lake. Two people are boating in one boat, and one person is
boating in one boat separately Above, a ferocious red dragon
dominates the sky and commands the heavens.

Figure 1: Videos generated by GENMAC based on complex compositional prompts involving multiple objects, attribute
binding, quantity, and dynamic motion binding. Left: Hunyuan backbone. Right: VideoCrafter2 backbone.

with an unstructured mob, but with a team of specialists op-
erating within a structured, iterative process. Each member
has a distinct role, and the workflow ensures that their con-
tributions build upon one another logically. Inspired by this
principle of structured task decomposition and role special-
ization, we propose GENMAC, a novel multi-agent collab-
oration framework designed specifically for the challenges
of compositional T2V generation.

Our framework follows these principles through a cohe-
sive, hierarchical structure, as shown in Figure 2. (1) Collab-
orative Workflow: We decompose the complex generation
task into an iterative loop of three stages: DESIGN, GEN-
ERATION, and REDESIGN. This structured process provides
the iterative refinement lacking in single-pass methods. (2)
Division-of-Labor Strategy for REDESIGN Stage: The RE-
DESIGN stage itself is a complex reasoning process, which
requires accurate understanding of video contents, seman-
tic reasoning of spatial-temporal dynamics, and planning for
the correction and refinement in the next generation itera-
tion. To prevent the hallucination and chaos of single-agent
or naive multi-agent systems, we further apply a division-
of-labor strategy (Strauss 1985): we introduce a sequence
of specialized agents to ensure participants may special-
ize in their tasks, i.e. a Verification Agent checks for mis-
alignments, a Suggestion Agent proposes corrections, a Cor-
rection Agent implements them, and an Output Structuring
Agent for structured output. This division-of-labor strategy
ensures each agent handles a focused task, leading to reli-
able and coherent outcomes. (3) Adaptive self-routing for
Correction Agents: to handle the complex scenarios of gen-
erated videos, text prompts, and refinement needs, we design
a suite of specialized correction agents for correcting the
designs from the perspectives of consistency, temporal dy-
namics, and spatial dynamics, respectively, which are criti-
cal parts in compositional T2V generation (Sun et al. 2024a).
A self-routing mechanism is introduced to adaptively select
the suitable agent for the current scenario.

In our multi-agent collaboration framework, the GENER-
ATION stage is implemented by an off-the-shelf video gener-
ation model, compatible with both UNet- and Transformer-
based diffusion models, while other agents are implemented
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by off-the-shelf LLM/MLLMs. The specific function of each
agent is defined by its role and position within our structured
workflow, rather than by fine-tuning the underlying models.
To the best of our knowledge, we are the first to tackle
compositional text-to-video generation through a structured
multi-agent framework. Our contributions are as follows:

* We propose GENMAC, a novel multi-agent collabora-
tive framework that operationalizes a human-like itera-
tive workflow, demonstrating its superiority over single-
pass generation methods.

* We introduce a division-of-labor strategy that decom-
poses complex compositional T2V redesign process into
sequential tasks. This structured approach effectively
mitigates issues like hallucination, which plague both
single-agent and naive multi-agent systems.

* We design a self-routing mechanism that adaptively se-
lects expert agents for targeted corrections, includes con-
sistency, temporal dynamics, and spatial dynamics, en-
abling a level of precision and flexibility that single-agent
systems cannot achieve.

» Extensive experiments on the T2V-CompBench bench-
mark show that GENMAC achieves state-of-the-art per-
formance on compositional T2V generation.

Related Work

Text-to-Video Generation Models. Text-to-video genera-
tion (Ho et al. 2022; Singer et al. 2022; Zhou et al. 2022;
Khachatryan et al. 2023; Luo et al. 2023; Blattmann et al.
2023b; He et al. 2022; Wang et al. 2023b; Guo et al. 2023;
Wan et al. 2025) has seen advancements with the develop-
ment of diffusion models (Ho, Jain, and Abbeel 2020). More
recently, language model-based methods (Villegas et al.
2022; Chang et al. 2023; Kondratyuk et al. 2023; Yu et al.
2023a,b; Chang et al. 2022) have enabled large-scale train-
ing, leading to significant improvements in generating high-
quality videos.

Compositional Text-to-Video Generation. There have
been studies on compositional text-to-image generation (Liu
et al. 2022; Feng et al. 2023; Li et al. 2022; Wu et al. 2023b;
Huang et al. 2024b; Patel et al. 2023; Liu et al. 2024; Chefer
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Figure 2: Multi-Agent Collaboration Framework of GENMAC. Collaborative workflow includes DESIGN, GENERATION,
and REDESIGN stages with an iterative loop. Division-of-labor decomposes the REDESIGN stage into four sequential tasks,
handled by four agents: Verification, Suggestion, Correction, and Output Structuring Agent. Self-routing mechanism allows for
adaptive selection of suitable Correction Agent to address the diverse requirements for compositional text-to-video generation.

et al. 2023; Park et al. 2021; Lian et al. 2023; Chen, Laina,
and Vedaldi 2024; Wu et al. 2023b; Wang et al. 2023c; Meral
et al. 2023; Kim et al. 2023; Rassin et al. 2024; Gani et al.
2023; Li et al. 2023; Taghipour et al. 2024; Wang et al.
2024c; Chen et al. 2023; Yang et al. 2024a; Park et al. 2024).
T2I-CompBench(++) (Huang et al. 2024b, 2025) introduces
the first comprehensive benchmark in evaluating composi-
tionality in text-to-image generation models, with attribute
binding, relationships, and complex compositions. T2V-
CompBench (Sun et al. 2024a) extends the compositional
evaluation to text-to-video generation with the consideration
of temporal dimensions. VideoTetris (Tian et al. 2024) pro-
poses a framework of spatio-temporal compositional diffu-
sion that enables compositional T2V generation. Vico (Yang
and Wang 2024) builds a spatial-temporal attention graph
to update the noise latent. There exist works that employ
an LLM for planning layouts, such as RPG (Yang et al.
2024a) for text-to-image generation, and LVD (Lian et al.
2023), VideoDirectorGPT (Lin et al. 2024) and BlobGEN-
Vid (Feng et al. 2025) for video generation. However, the
existing works focus on generation in one go, failing to
meet complex compositional requirements. Our work intro-
duces a collaborative workflow with iterative loop that al-
lows for precise alignment with compositional prompts, pro-
gressively refining key elements to achieve greater coher-
ence across spatial and temporal dimensions.

LLM-based Agents. Recent advancements in (M)LLMs
have boosted the development of highly capable Al agents,
applied across various domains, such as software develop-
ment (Wang et al. 2024a; Qian et al. 2024), robotics (Driess
et al. 2023), scientific research (Tang et al. 2024), society
simulation (Park et al. 2023), and beyond. A rapidly growing
research focuses on automating interactions with computer
environments to solve tasks, such as web manipulation (Yao
et al. 2023; Deng et al. 2023), gaming (Wang et al. 2023a),
command-line coding (Sun et al. 2024b), and text-to-image
generation (Wang et al. 2024b). Various approaches (Park
et al. 2023; Sun et al. 2024c; Wu et al. 2023a; Hong et al.
2024; Yuan et al. 2024) have been proposed to enable collab-
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oration and communication among multi-agent to overcome
hallucinations. While these methods have shown promising
results in areas such as automated coding, they often rely on
homogeneous agents, limiting the diversity and specializa-
tion required for more complex tasks as compositional text-
to-video generation. Our work introduces a heterogeneous
and hierarchical multi-agent system designed to handle var-
ious aspects of compositional requirements in text-to-video
generation, expanding the range and effectiveness of multi-
agent collaboration in this domain.

Methodology

Following the principle of task decomposition and role spe-
cialization, we introduce GENMAC, a multi-agent collab-
oration framework for compositional text-to-video genera-
tion.

Collaborative Workflow

Inspired by the human artistic workflow, our framework
adopts a DESIGN — GENERATION — REDESIGN collab-
orative workflow, as shown in Figure 2.

Stage I: DESIGN. Our DESIGN stage translates the text
prompt into a structured layout, which outlines the key in-
stances, spatial relationships, and temporal dynamics re-
quired for compositional video generation. We leverage an
LLM as the design agent to generate layouts, i.e., struc-
tured bounding boxes (which include object IDs, names, box
sizes, and positions) for each frame and each instance based
on the given text prompt as LVD (Lian et al. 2023). This
stage provides dynamic layout and semantic information in
the GENERATION stage.

Stage II: GENERATION. We synthesize the video condi-
tioned on the layout provided by the DESIGN stage based
on a pre-trained text-to-video diffusion model. To enforce
the spatial and temporal constraints specified by the dy-
namic layouts, we adopt an attention-guidance mechanism
from LVD (Lian et al. 2023). Specifically, our goal is to
increase the cross-attention scores for each object within
its designated bounding box during the denoising process.
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Figure 3: Illustration Example of the division-of-labor strategy for the REDESIGN stage: Verification, Suggestion, Correction,
and Output Structuring Agent within a sequential division-of-labor strategy, highlighting the clear functional role of each agent.

Given a text prompt P, we first extract the object tokens
O ={o1,...,0;} that correspond to the objects specified in
the layout constraints. For each object o € O, energy func-
tion L, is defined based on its cross-attention map A{ and
target bounding box mask M{ as shown in Equation (1).
By minimizing this energy function, we encourage high at-
tention values inside the designated bounding box (the first
term) while suppressing attention values outside the box (the
second term).

L=> L,
oeO
L, = —f3 - Topk(A7 ® M) + Topk (A7 ® (1 — My)),

ey

where A? denotes the cross-attention map from the latent
layers to the object token o at denoising timestep ¢, M} de-
notes a binary mask for object 0’s bounding box at timestep
t, ® denotes element-wise multiplication, and Topk(-) cal-
culates the average of the top-k values. The guidance scale
[ controls the relative importance between encouraging at-
tention inside the box versus suppressing attention outside.

We then update the noisy latent z; by descending along
the gradient of this energy function:

!
Zp 42z —oq -V, L,

(@)

where «y is the step size. This updated latent z; is then used
for the next denoising step, effectively steering the video
generation to align with the desired layout.

Stage III: REDESIGN. The REDESIGN stage is the core
stage of our framework. It aims to detect misalignment be-
tween the generated video and the compositional prompt,
and adjust the design accordingly for re-generation. Unlike
LVD (Lian et al. 2023), which uses a fixed text prompt, pre-
defined guidance scale and single-pass bounding box pre-
dictions, our framework leverages the multi-agent system
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through division-of-labor and self-routing mechanism (de-
tailed in the next subsection) in the REDESIGN stage. Three
inputs are dynamically adjusted for Equation (1): P, where
the agents can refine or rewrite the prompt to improve object
fidelity or style; 3, where the agents can increase or decrease
B to control how strictly the generation must adhere to the
bounding boxes, based on the evaluation of previously gen-
erated frames; M, where the agents can adjust the spatio-
temporal coordinates for each object at each frame, ensuring
both spatial coherence and motion directions.

Iterative Loop. For complex compositions, a single-pass
through the workflow may not address all issues in the
generated video. Therefore, we introduce an iterative re-
finement loop between the GENERATION and REDESIGN
stages, allowing progressive correction to meet composi-
tional requirements like attribute binding, spatial relation-
ships, and object counts. With correction guidance from the
REDESIGN stage, including P, 3, and My, the GENERA-
TION stage iteratively improves the video generation results.
The loop terminates once the generated video aligned with
‘P (verified by Verification Agent in the next subsection) or
a maximum iteration number is reached.

Division-of-Labor Strategy in the REDESIGN Stage

The REDESIGN stage requires a sophisticated process of
understanding generated videos, reasoning about video-text
misalignments, and planning corrections. We found this task
too complex for a single agent, often leading to hallucina-
tions (Table 2 and Figure 5). Motivated by the principle of
division-of-labor, we decompose the REDESIGN stage into a
sequential pipeline of four specialized MLLM-based agents:
a Verification Agent (m.i), a Suggestion Agent (7g,q.),
a Correction Agent (7..;), and an Output Structuring
Agent (7ou¢put). The specific function of each agent is de-
fined by its role and position within our structured workflow.



We formalize the iterative refinement loop at iteration ¢
as follows. The process involves two types of outputs: free-
form natural language for reasoning (p) and structured data
for execution (€). Let V; be the video generated at iteration
1 and P be the initial text prompt. The information flows
sequentially through the agents:

 Verification Agent (7..;): This agent first checks how
well the video V; aligns with the prompt P. It focuses on
key aspects like object existence, quantity, attributes, and
relationships, producing a reasoning report p; detailing
any misalignments. For instance, it might output: “There
are two flowers in the video, while the text prompt indi-
cates one flower”. If alignment is verified, m,,; outputs a
terminal flag.

Pi = erri(vh 7)) (3)

* Suggestion Agent (7s,g): Based on the verification re-
port p;, this agent proposes corrective actions in natural
language (p}) and, crucially, performs self-routing by se-
lecting the most appropriate correction agent (detailed in
the next subsection). The execution output € is the iden-
tifier for the chosen correction agent.

“

* Correction Agent (7..;): The selected correction agent
Teorr TECEIVEs the suggestion p) and the previous itera-
tion’s structured design €;_; (which contains the layout,
guidance scale, and prompt). It formulates the concrete
corrections, such as new bounding box coordinates or an
adjusted guidance scale, as a reasoning output p/’.

(P;a €)= 71'sugg(via i)

&)

* Output Structuring Agent (7,u¢put): Finally, this agent
translates the correction plan p! into a structured JSON
format, €;. This output, containing the updated bounding
boxes, guidance scale, and potentially a revised prompt,
is then fed into the GENERATION stage for the next iter-
ation.

ol =G Vs s €i1)

6,? = Toutput (Vw P;/) (6)

This structured, sequential process ensures a detailed refine-
ment of the video generation.

Self-Routing Mechanism for Correction

A single, general-purpose correction agent struggles with
the diverse errors in compositional video generation (Ta-
ble 2). We therefore introduce a suite of specialist Cor-
rection Agents, each an expert in a specific domain. The
Suggestion Agent 7y, analyzes the verification report p;
and routes the task to the most appropriate Correction Agent
Teorr Dased on the nature of the detected misalignment. Our
primary specialists are:

* Consistency Agent: Handles errors where attributes or
spatial layouts should remain static but fail to do so
across frames.

¢ Temporal Dynamics Agent: Corrects issues related to
attribute changes or actions evolving over time (e.g., a
color changing).
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» Spatial Dynamics Agent: Specializes in complex mo-
tion paths and changing spatial relationships between ob-
jects. For example, to correct a failed “move from left to
right” instruction, the Suggestion Agent would route the
task to this agent, which is prompted to propose correc-
tions with a larger range of movement (example shown
in Figure 3 right part).

This self-routing mechanism allows our system to adaptively
apply the most suitable expertise to each specific problem,
significantly improving correction effectiveness. Examples
of the full process are detailed in (Huang et al. 2024a).

Experiments
Experimental Setups

Implementation Details. We apply our GENMAC on
VideoCrafter2 (Chen et al. 2024) and HunyuanVideo (Kong
et al. 2024) as the backbones. We use GPT-40 (OpenAl
2024) as (M)LLM agents. See more details in appendix.
Evaluated Models. We compare our approach with 22 text-
to-video generation models, including 20 open-source mod-
els and 2 commercial models (details in appendix).
Benchmark and Evaluation Metrics. We use T2V-
CompBench (Sun et al. 2024a) as the benchmark to evaluate
the quality of compositional text-to-video generation from
seven aspects: consistent and dynamic attribute binding, spa-
tial relationships, motion binding, action binding, object in-
teractions, and generative numeracy.

Quantitative Comparisons

We quantitatively compare our GENMAC with text-to-
video generation models, evaluating seven crucial com-
positional aspects in Table 1 (detailed in appendix). (1)
Compared to VideoCrafter2 (Chen et al. 2024) and Hun-
yuan (Kong et al. 2024) baselines, our method shows
improvements across all seven categories, with an aver-
age of 35.70% and 23.43%, respectively. (2) Compared to
other baselines, our GENMAC achieves superior perfor-
mance. Among the baselines, the models such as Open-
Sora-Plan (Lab and etc. 2024), Wan (Wan et al. 2025),
CogVideoX (Yang et al. 2024b), the commercial Gen-
3 (Runway Al 2024), and the methods specifically designed
for compositionality like VideoTetris (Tian et al. 2024) and
Vico (Yang and Wang 2024), can achieve higher quality. (3)
HunyuanVideo baseline (Kong et al. 2024) performs well in
attribute binding, action and interaction, but does not per-
form well in challenging compositional benchmarks, partic-
ularly in dynamic attribute binding, motion binding, and nu-
meracy. Our method brings improvements, with an average
increase of 39.23% in these challenging categories.

Qualitative Comparisons

Comparison with Existing Methods. We show vi-
sual comparisons of our proposed GENMAC with
VideoCrafter2 (Chen et al. 2024) and HunyuanVideo (Kong
et al. 2024) in Figure 4. We can observe that exist-
ing models struggle to meet compositional requirements,
while our GENMAC generates videos that adhere to
complex compositional scenarios: In the left example,



Model Consist-attr ~ Dynamic-attr ~ Spatial Motion Action Interaction  Numeracy

Metric Grid-LLaVA 1 D-LLaVA1 G-Dinof DOT?1 Grid-LLaVA 1 Grid-LLaVA 1  G-Dino 1

Open-Sora 1.2 (hpcaitech 2024) 0.6600 0.1714 0.5406 0.2388 0.5717 0.7400 0.2556
Open-Sora-Plan v1.1.0 (Lab and etc. 2024) 0.7413 0.1770 0.5587 0.2187 0.6780 0.7275 0.2928
T2V-Turbo-v2 (Li et al. 2024) 0.7275 0.2280 0.5590 0.2686 0.6500 0.7900 0.2828
CogVideoX-5B (Yang et al. 2024b) 0.7220 0.2334 0.5461 0.2943 0.5960 0.7950 0.2603
Wan 2.1 (Wan et al. 2025) 0.7025 0.2158 0.5490 0.2942 0.6580 0.7375 0.3993
VideoTetris (Tian et al. 2024) 0.7125 0.2066 0.5148 0.2204 0.5280 0.7600 0.2609
Vico (Yang and Wang 2024) 0.7025 0.2376 0.4952 0.2225 0.5480 0.7775 0.2116
LVD (Lian et al. 2023) 0.5595 0.1499 0.5469 0.2699 0.4960 0.6100 0.0991
Pika (Pika 2023) (Commercial) 0.6513 0.1744 0.5043 0.2221 0.5380 0.6625 0.2613
Gen-3 (Runway Al 2024) (Commercial) 0.7045 0.2078 0.5533 0.3111 0.6280 0.7900 0.2169
VideoCrafter2 (Chen et al. 2024) 0.6663 0.2308 0.5106 0.2178 0.5640 0.8125 0.2869

+ GENMAC (Ours) 0.7875 0.2498 0.7461 0.3623 0.7273 0.8250 0.5166
HunyuanVideo (Kong et al. 2024) 0.7550 0.2106 0.6327 0.2067 0.6600 0.7700 0.1094

+ GENMAC (Ours) 0.7950 0.2362 0.7001 0.2331 0.7880 0.8625 0.2109

Table 1: Quantitative Comparison on T2V-CompBench (Sun et al. 2024a). Compared with existing text-to-video genera-
tion models and compositional methods, GENMAC demonstrates exceptional performances in consistent attribute binding,
dynamic attribute binding, spatial relationships, motion binding, action binding, object interactions, and generative numeracy,
indicating our method achieves superior compositional generation ability. The baseline data are sourced from (Sun et al. 2024a).

. . — A large, fluffy bear with a gentle expression, sitting comfortably on
A giant cat wearing aVR glasses '" London street. In the its huunches.rm] it's clutching a frothy mug of beer, the
background, the Big Ben is on lefT. bubbles catching the light. Scattered around|its feet Fr‘e peanuts.
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VideoCrafter2
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GenMAC+Hunyuan GenMAC+VC2

Figure 4: The errors are marked in red boxes. Our proposed GENMAC generates videos that accurately adhere to complex
compositional scenarios in comparision with text-to-video models.

Metric ‘ Multiple stages ‘ Division-of-Labor ‘ Self-routing ‘ Ours

| Gen +Red +Iter D+G +Red | SA  +Iter V+C +Iter V+S+C +Iter | wio  +Iter |
Average 1 | 0.4684 0.5154 0.5559 0.5496 0.5790 | 0.5525 0.5508 0.5399 0.5484 0.5649 0.5971 | 0.5704 0.5800 | 0.6021

Table 2: Ablation Study of GENMAC+VC2. The complete framework (ours) achieves the highest scores. Gen: Generation,
Red: Redesign, Iter: Iterative, D+G: Design+Generation, SA: Single-agent, V+C: Verification+Correction agent, V+S+C: Ver-
ification+Suggestion+Correction agent. Average: average score of 7 categories in T2V-CompBench.

VideoCrafter2 (Chen et al. 2024) omits the VR glasses, and HunyuanVideo (Kong et al. 2024) only shows a
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””””””” "Frame | — Frame 6: [{id 0, 'name’: 'rabbit police| &
Iter 2
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Ours ‘name'’: 'toy car 1', 'box': [50, 400, 60, 30]}, correction
mid- 0 ale 2" 'hox'* [£
[{'id" 2, 'name': 'toy car 2', 'box": [400, 400, 60, through 2

30131
New prompt: A rabbit police officer directs traffic
with two toy cars on the street. "

iteration

Figure 5: Ablation study of multiple stages, division-of-
labor in the REDESIGN stage. Our method shows the effec-
tive correction and compositional prompt following ability.

standing cat instead of walking. In the right example,
VideoCrafter2 (Chen et al. 2024) and HunyuanVideo (Kong
et al. 2024) only show partial views of the bear without
“feet” in the text prompt. See more examples in appendix.
More Qualitative Examples. The results in Figure 1 show
that GENMAC demonstrates better performances in com-
positionality. See more examples in appendix.

Analysis on Iterative Generation

We calculate the cumulative corrected ratio within each
compositional category at every iteration, which is the ratio
of prompts that have completed the refinement and exited
the GENMAC loop to the total size of the subset. As shown
in Figure 6, the corrected ratio gradually increases with it-
erations across all compositional aspects, demonstrating the
necessity of iterative refinement. Among the seven compo-
sitional aspects, we can observe that dynamic attribute bind-
ing presents the greatest challenge, consistently showing the
lowest corrected ratios across iterations. In contrast, consis-
tent attribute binding and spatial relationships begin with
higher corrected ratios. We show more analysis (iteration
process, efficiency, efc.) in appendix.

Ablation Study

We perform ablation studies in Table 2 and Figure 5.
Effect of Multiple Stages and Iterative Refinement. Ta-
ble 2 shows that with only a GENERATION stage yields
the lowest generation quality. Introducing a DESIGN stage
(“DESIGN+GENERATION”) improves the quality. Adding
one (“+REDESIGN”) or multiple iterative REDESIGN stages
(“+iterative”) further enhances the alignment.

Effect of Division-of-Labor in the REDESIGN Stage. Ta-
ble 2 shows that the proposed method can bring notable im-
provements over single-agent or naive multi-agent frame-
work. Removing the Output Structuring Agent and Sug-
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Figure 6: Cumulative Corrected Ratio. Dynamic attribute
binding remains challenging, while generative numeracy,
spatial relationships, and motion binding show substantial
improvements.

gestion Agent from the REDESIGN stage leads to signifi-
cant degradation in quality. Qualitative results show that the
single agent fails to understand the compositional require-
ments, and is unable to respond as the task exceeds its ca-
pability. Refinement without Suggestion Agent (V+C+Iter)
produces the same correction in each iteration without mak-
ing effective progress. Refinement without Output Structur-
ing Agent (V+S+C+lter) fails to follow suggestion correctly,
and is unable to make necessary corrections. Baselines reach
the maximum number of iterations (5) while our method
completes the effective correction within 2 iterations. We
show the full illustration in appendix.

Effect of Self-Routing for the Correction Agent. We com-
pare our method with the version without the self-routing
mechanism for the Correction Agent in Table 2. The re-
sults (0.6021 v.s. 0.5800) highlight the advantage of the self-
routing mechanism.

Conclusion

In this paper, we address the challenges faced by state-
of-the-art video generation models in producing complex
compositional video content. Specifically, we introduce
a multi-agent collaboration framework that enables high-
quality compositional generation. Our framework incorpo-
rates three-stage collaborative workflow: DESIGN, GENER-
ATION, and REDESIGN. We further decompose the core RE-
DESIGN stage into four sequential tasks executed by special-
ized agents by a division-of-labor strategy: verification, sug-
gestion, correction, and output structuring. Finally, we de-
sign a self-routing mechanism that adaptively selects from
a suite of correction agents, enabling better handling of di-
verse compositional aspects. These agents in our framework
leverage off-the-shelf (M)LLMs, each fulfills a specific role
within the framework. Extensive experimental results con-
firm the effectiveness and superiority of our method in gen-
erating compositional text-to-video generation.
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