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ABSTRACT

Video generation is a critical pathway toward world models, with efficient long video inference as
a key capability. Toward this end, we introduce LongCat-Video, a foundational video generation
model with 13.6B parameters, delivering strong performance across multiple video generation tasks.
It particularly excels in efficient and high-quality long video generation, representing our first step
toward world models. Key features include: Unified architecture for multiple tasks: Built on the
Diffusion Transformer (DiT) framework, LongCat-Video supports Text-to-Video, Image-to-Video,
and Video-Continuation tasks with a single model; Long video generation: Pretraining on Video-
Continuation tasks enables LongCat-Video to maintain high quality and temporal coherence in the
generation of minutes-long videos; Efficient inference: LongCat-Video generates 720p, 30fps
videos within minutes by employing a coarse-to-fine generation strategy along both the temporal
and spatial axes. Block Sparse Attention further enhances efficiency, particularly at high resolutions;
Strong performance with multi-reward RLHF: Multi-reward RLHF training enables LongCat-
Video to achieve performance on par with the latest closed-source and leading open-source models.
Code and model weights are publicly available to accelerate progress in the field.

GitHub: https://github.com/meituan-longcat/LongCat-Video
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Figure 1: Examples on Text-to-Video, Image-to-Video and Video-Continuation tasks. Video-Continuation supports long
video generation as well as interactive generation with multiple instructions. We unify these tasks with a single model.
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1 Introduction

World models, which aim to understand, simulate, and predict complex real-world environments, constitute an important
foundation for applying arti�cial intelligence in real-world scenarios. Video generation models serve as a critical
pathway toward world models by compressing geometric, semantic, physical, and other forms of knowledge through
video generation tasks, thereby enabling effective simulation and prediction of the physical world. Notably, ef�cient
long video generation is particularly essential.

Over the past years, diffusion modeling and video generation have achieved remarkable breakthroughs. The quality of
generated videos, instruction-following capabilities, and motion realism have all seen substantial improvements. Com-
mercial products—such as Veo [Google, 2024], Sora [OpenAI, 2024], Seedance [Gao et al., 2025], Kling [Kuaishou,
2024], Hailuo [MiniMax, 2024], PixVerse [PixVerse, 2024] and others—and open-source solutions—such as Wanx [Wan
et al., 2025], HunyuanVideo [Kong et al., 2024], Step-Video [Ma et al., 2025a], CogVideoX [Yang et al., 2024] and
others—have demonstrated outstanding performance across various dimensions. These works are increasingly be-
ing integrated into content production pipelines, with widespread applications ranging from user-generated video
content creation to �lm production, and from entertainment content creation to advertising creativity. Video genera-
tion [NVIDIA] is also establishing a robust foundation for world model applications such as autonomous driving and
embodied AI, with the ongoing improvements in physical simulation and long video generation. These developments
are further accelerating the deployment and evolution of intelligent systems in complex real-world scenarios.

In this report, we introduce LongCat-Video, a foundational video generation model with 13.6B parameters that delivers
strong performance across general video generation tasks, particularly excelling in ef�cient, high-quality long video
generation. LongCat-Video serves as a robust general-purpose model and marks our �rst step toward world models.
Key features include:

• Uni�ed architecture for multiple tasks Different use cases demand distinct video generation functionalities. For
example,Text-to-Videois widely adopted for creative content production, whileImage-to-Videois preferred when
precise content control is required. LongCat-Video uni�esText-to-Video, Image-to-Video, andVideo-Continuation
tasks within a single video generation framework, distinguishing them by the number of conditioning frames—zero
for Text-to-Video, one forImage-to-Video, and multiple forVideo-Continuationgeneration. Through a multi-task
training strategy, LongCat-Video natively supports all these tasks and delivers strong performance across them.

• Long video generationLong-video generation is critical for applications such as digital humans, embodied AI,
and other complex tasks that require extended temporal coherence, which is also a key capability for world model
applications. However, this remains a challenging problem due to generation error accumulated over time. While
various methods [Chen et al., 2025] exist to �netune existing video foundation models for improved long-video
generation, LongCat-Video is natively pretrained onVideo-Continuationtasks, enabling it to produce minutes-long
videos without color drifting or quality degradation.

• Ef�cient inference The computational cost of video generation increases substantially with higher video resolutions
and frame rates, as attention complexity grows quadratically with the number of tokens. Inspired by Seedance [Gao
et al., 2025], Hailuo [MiniMax, 2024] and related works, LongCat-Video adopts a coarse-to-�ne strategy: videos are
�rst generated at480p;15fps , and subsequently re�ned to720p;30fps . For high-resolution generation, we train an
expert LoRA module to effectively leverage the base model's knowledge. Furthermore, we implement a block sparse
attention mechanism, reducing attention computations to less than10%of those required by standard dense attention.
This design signi�cantly enhances ef�ciency in the high-resolution re�nement stage.

• Strong performance with multi-reward RLHF In post-training, we employ Group Relative Policy Optimization
(GRPO) [Guo et al., 2025] method to further enhance model performance using multiple rewards. Comprehensive
evaluations on both internal and public benchmarks, using human and model-based annotations, demonstrate that
LongCat-Video achieves performance comparable to leading open-source video generation models as well as the
latest commercial solutions. We are releasing the code, model weights, and key modules, including block sparse
attention, to the community. We believe this work will help advance the development of video generation technology
in both academic and industrial domains.

2 Data

Training a high-quality video generation model requires a large-scale, diverse, and high-quality dataset. To meet
these requirements, we have developed a comprehensive data curation pipeline, as illustrated in Figure 2, which
consists of two main stages: 1)Data Preprocessing Stage: This stage includes the acquisition of various data sources,
deduplication, video transition segmentation, and black border cropping, ensuring the diversity and integrity of the
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collected videos; 2)Data Annotation Stage: In this stage, video clips are annotated with multiple metrics and attributes
to enrich the dataset and facilitate downstream tasks. We introduce the data curation pipeline in Section 2.1 and present
the distribution of the curated training data in Section 2.2.

Figure 2: Overview of data curation pipeline. The data preprocessing stage extracts well-segmented video clips from
raw source videos in the data pool. In the data annotation stage, each video clip is annotated with a variety of attributes,
forming a comprehensive metadata database. This metadata database enables the convenient and �exible assembly of
training datasets to support various training stages and objectives.

2.1 Data Curation Pipeline

2.1.1 Data Preprocessing Stage

We collect raw video data from a variety of sources. To eliminate redundant content, we perform deduplication using
source video IDs and MD5 hashes. PySceneDetect [Castellano] and an in-house trained TransNetV2 [Sou�cek and
Loko�c, 2020] are employed to segment source videos into training-friendly clips while maintaining content consistency
within each fragment—an essential factor for effective video generation model training. Additionally, black border
cropping is applied using FFMPEG [FFmpeg Developers, 2014] during the video transition segmentation process to
further improve data quality. Finally, all processed video clips are compressed and packaged, facilitating subsequent
data cleaning and ef�cient data loading during training.

2.1.2 Data Annotation Stage

To meet the video �ltering requirements at different training stages, we annotate video clips with a range of metrics
and store them as a comprehensive metadata library. These metrics include basic video metadata (such as duration,
resolution, frame rate, and bitrate), aesthetic score, blur score, text coverage, watermark detection, etc. Additionally,
motion information is evaluated using extracted video optical �ow to assess video dynamics, enabling us to �lter out
clips with minimal motion features. This metadata library facilitates �exible and targeted dataset construction for
various training objectives.

The consistency between captions and video content is crucial for ensuring that the video generation model can
accurately follow instructions. As illustrated in Figure 3, we decompose the video information and utilize multiple
models to annotate various aspects of the video content.

Figure 3: Overview of the video captioning work�ow. The main content of each video is captured by a basic captioning
model, and complemented by additional models that extract attributes such as cinematography and visual style. These
elements are integrated to produce varied and informative captions, enhancing the quality and diversity of training data.
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