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Motivation
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Ø Current Status of Video Generation Models
Ø Wan 2.1.    : open-sourced, 81 frames, 16 fps, 5s, single-scene
Ø Hunyuan Video.    : open-sourced, 129 frames, 24 fps, 5s, single-scene
Ø CogVideoX : open-sourced, 49/161 frames, 8/16 fps, 5/10s, single-scene
Ø Veo2    : close-sourced, 192 frames, 24 fps, 8s, single-scene
Ø Kling     : close-sourced, 121/241 frames, 24 fps, 5/10s, single-scene
Ø Sora    : close-sourced, 150 frames, 30 fps, 5s, single-scene
Ø Pika 2.2     : close-sourced, 121/241 frames, 24 fps, 5/10s, single-scene
Ø Gen 3 Alpha     : close-sourced, 256 frames, 24 fps, 10s, single-scene
Ø Hailuo : close-sourced, 141 frames, 25 fps, 5s, single-scene
Ø Dreamina : close-sourced, 121/241 frames, 24 fps, 5/10s, single/multi-

scene(s)
In summary, most mainstream video generation models are limited to 
producing single-scene videos with durations of up to 10 seconds.
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Ø Limitations of Current Video Generation Models
Ø Duration Limitation: Difficult to generate long-duration video content
Ø Single-Shot Limitation: Lacks multi-scene transitions and narrative 

capability
Ø Poor Coherence: Challenging to maintain content coherence and 

consistency in long videos
The above issues hinder the applicability of current models in commercial or 
real-world scenarios beyond entertainment.

Ø Motivation
Ø How to generate longer videos
Ø How to enable multi-scene storytelling with narrative control
Ø How to ensure temporal consistency across scenes, as well as visual-

textual alignment within each scene
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Ø LLM/Agent-based Methods
Ø Leverage LLM/Agent to create multi-scene scripts
Ø Generate each scene independently
Ø E.g., VideoStudio[1], VideoDirectorGPT[2], Mora[3]

[1] Lin H, Zala A, Cho J, et al. VideoDirectorGPT: Consistent Multi-Scene Video Generation via LLM-Guided Planning[C]//First Conference on Language Modeling.
[2] Long F, Qiu Z, Yao T, et al. VideoStudio: Generating Consistent-Content and Multi-Scene Videos[C]//European Conference on Computer Vision. Cham: Springer Nature Switzerland, 2024: 468-485.
[3] Yuan Z, Liu Y, Cao Y, et al. Mora: Enabling generalist video generation via a multi-agent framework[J]. arXiv preprint arXiv:2403.13248, 2024.
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Ø Keyframe-based Methods
Ø Leverage text-to-image models to generate one keyframe for each scene
Ø Connect every keyframe by adopting a pre-trained image-to-video model
Ø E.g., StoryDiffusion[4]

[4] Zhou Y, Zhou D, Cheng M M, et al. Storydiffusion: Consistent self-attention for long-range image and video generation[C]. Advances in Neural Information Processing Systems, 2024, 37: 110315-110340.
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Ø Finetuning-based Methods
Ø Inherit the conditional behavior from the pretrained model while enabling 

multiple conditioning inputs.
Ø E.g., TALC[5]

Ø Limitations
Ø U-Net architecture with limited scalability
Ø Limited duration
Ø Inconsistent visual content

[5] Bansal H, Bitton Y, Yarom M, et al. Talc: Time-aligned captions for multi-scene text-to-video generation[J]. arXiv preprint arXiv:2405.04682, 2024.
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Model Capabilities
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🎬 Fixed-Count Multi-Scene Generation

This video is generated in a single pass using three 
different text prompts, each guiding a 6-second scene, 
resulting in an 18-second multi-scene video.

⏩Auto-Regressive Scene Extension

This video demonstrates auto-regressive scene 
extension, where the model generates the third 6-
second scene conditioned on the first two 6-second 
scenes (12s in total) as context.
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Ø Preliminary
Ø Architecure: CogVideoX[6]

Ø Objective: 

[6] Yang Z, Teng J, Zheng W, et al. Cogvideox: Text-to-video diffusion models with an expert transformer[C]. The Thirteenth International Conference on Learning Representations, 2025.
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Ø Pipeline
Ø Core idea: multi-prompt conditioning
Ø Symmetric binary attention mask -> visual-textual alignment within each 

scene & intra-scene visual coherence
Ø Segment-level conditional mask -> auto-regressive scene extension
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Ø Symmetric Binary Attention Mask
Ø Attention mask variants (v2: our choice, v3: concurrent ShotAdapter[7])

Ø Grouped attention mechanism (1 self attn with mask -> 2𝑛 cross attn)
Ø The total length of the concatenated token sequence is considerable, therefore, the 

memory coverage of the attention mask becomes significant

[7] Kara O, Singh K K, Liu F, et al. ShotAdapter: Text-to-Multi-Shot Video Generation with Diffusion Models[J]. arXiv preprint arXiv:2505.07652, 2025.

https://shotadapter.github.io/


Ø Multi-stage Training 
Ø Pre-training stage (10000 iterations)

Ø Pre-training on concatenated 𝑛 = 3 single-scene clips without contextual relationships 
to adapt to longer sequences

Ø Select 1 million video samples from Panda70M[8], sample 𝑛 = 3 single-scene video 
clips from the dataset and concatenate them

Ø Supervised fine-tuning stage (10000 iterations)
Ø Fine-tuning on 5000 cartoons videos containing 𝑛 = 3 consecutive scenes with 

contextual relationships, which are filtered by ViClip[9] for sufficient inter-clip similarity
Ø Mixed training settings

Probability 𝑝 -> auto-regressive scene extension training
Probability 1 − 𝑝 -> normal training

Batch size: 8
Resolution/Frame: 480x720 / 49x3=147
Learning rate/ Probability 𝑝 : 1e-5 / 0.5

Methodology
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[8] Chen T S, Siarohin A, Menapace W, et al. Panda-70m: Captioning 70m videos with multiple cross-modality teachers[C]//Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024: 13320-13331.
[9] Wang Y, He Y, Li Y, et al. Internvid: A large-scale video-text dataset for multimodal understanding and generation[J]. arXiv preprint arXiv:2307.06942, 2023.
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[8] Chen T S, Siarohin A, Menapace W, et al. Panda-70m: Captioning 70m videos with multiple cross-modality teachers[C]//Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024: 13320-13331.
[9] Wang Y, He Y, Li Y, et al. Internvid: A large-scale video-text dataset for multimodal understanding and generation[J]. arXiv preprint arXiv:2307.06942, 2023.
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Ø Evaluation
Ø Evaluation dataset

Ø Evaluation metrics
Ø Visual/Semantic Consistency: ViClip[9] model
Ø Sequence Consistency: Average of Visual and Semantic Consistency
Ø Video Quality: FVD[10]

[9] Wang Y, He Y, Li Y, et al. Internvid: A large-scale video-text dataset for multimodal understanding and generation[J]. arXiv preprint arXiv:2307.06942, 2023.
[10] Ge S, Mahapatra A, Parmar G, et al. On the content bias in fréchet video distance[C]//Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024: 7277-7288.
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Ø Quantitative Results
Ø Performance gain

Mask²DiT outperforms CogVideoX in all aspects, achieving higher visual, semantic, and 
sequence consistency, while producing more realistic videos with lower FVD.

Ø Comparison with SOTAs
Mask²DiT surpasses existing methods in multi-scene video generation with the best 
visual quality (lowest FVD), strong visual and sequence consistency, and supports auto-
regressive scene extension while preserving coherence across scenes.
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Ø Quantitative Results
Ø User study

Mask²DiT is favored by real users, winning top marks in visual and semantic 
consistency, video quality, and overall preference across the board.

Ø Ablations on “attention mask variants”

Combining qualitative and quantitative results, our attention mask (v2) achieves an 
optimal balance between inter-scene visual consistency and intra-scene semantic 
consistency.
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Ø Quantitative Results
Ø Ablations on “inter-clip similarity filtering threshold with ViClip[9]”

Improved dataset quality enhances visual and sequential coherence, but reduces textual 
fidelity by eliminating semantically rich but diverse samples.

Ø Ablations on “Training settings”

Pre-training phase contributes to enhanced visual quality and imaging quality in the 
generated videos

Experiments
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[9] Wang Y, He Y, Li Y, et al. Internvid: A large-scale video-text dataset for multimodal understanding and generation[J]. arXiv preprint arXiv:2307.06942, 2023.
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Ø Qualitative Results
Mask²DiT delivers significantly better visual coherence than SOTA baselines, 
demonstrating superior consistency in character appearance, background 
integrity, and overall style across multi-scene videos.
Ø Case 1

https://tianhao-qi.github.io/Mask2DiTProject/
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Ø Qualitative Results
Mask²DiT delivers significantly better visual coherence than SOTA baselines, 
demonstrating superior consistency in character appearance, background 
integrity, and overall style across multi-scene videos.
Ø Case 3

https://tianhao-qi.github.io/Mask2DiTProject/
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Ø Qualitative Results for Auto-Regressive Scene Extension
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Ø Summary
Ø Enabling the generation of a fixed number of visually consistent scenes
Ø Equipping the T2V model with auto-regressive scene extension capabilities 

to synthesize additional scenes beyond the initial fixed number
Ø Designing a mixed training task

Ø Future Directions
Ø Generalizing to real-world videos
Ø Adapting to variable-length scenes
Ø Scaling up total video durations
Ø Supporting diverse video resolutions
Ø Enhancing motion dynamics


