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Motivation

Current Status of Video Generation Models
Wan 2.18¥; : open-sourced, 81 frames, 16 fps, 5s, single-scene
Hunyuan Videof: open-sourced, 129 frames, 24 fps, 5s, single-scene

CogVideoX % : open-sourced, 49/161 frames, 8/16 fps, 5/10s, single-scene

Veo2 G: close-sourced, 192 frames, 24 fps, 8s, single-scene

Kling &3 : close-sourced, 121/241 frames, 24 fps, 5/10s, single-scene
Sora®: close-sourced, 150 frames, 30 fps, 5s, single-scene

Pika 2.2: close-sourced, 121/241 frames, 24 fps, 5/10s, single-scene
Gen 3 AlphallJ: close-sourced, 256 frames, 24 fps, 10s, single-scene
Hailuo @: close-sourced, 141 frames, 25 fps, s, single-scene

Dreaminal3g: 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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Motivation

Limitations of Current Video Generation Models
Duration Limitation: Difficult to generate long-duration video content

Single-Shot Limitation: Lacks multi-scene transitions and narrative
capability

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.

Motivation
How to generate longer videos

How to enable multi-scene storytelling with narrative control

How to ensure temporal consistency across scenes, as well as visual-
textual alignment within each scene
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Related Work

LLM/Agent-based Methods

Leverage LLM/Agent to create multi-scene scripts

Generate each scene independently
E.g., VideoStudiol!l, VideoDirectorGPT!?!, Moral?]

Prompt

A hungry cat is || yideo Planner

(GPT-4©)
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Scene 3

\

Scene Description

Entities (names + layouts) with Consistency Grouping

~
“ Background |

PR

Video Planner

Video Generator

i - Frame 1: {‘a flu t’: [0.25, 0.25, 1.00, 0.70], ‘a plush beige bed’: [0.00, 0.50, 1.00, 1.00]}
A cati s aly;:dg down fon Frame 2: {° i : [0.25, 0.25, 1.00, 0.70], ‘a plush beige bed’: [0.00, 0.50, 1.00, 1.00]} Bedroom
Frame 1: {‘a cat’: [0.55, 0.25, .85, 0.55], ‘a plush beige bed’: [0.60, 0.60, 1.00, 1.08]}
Then she gets up Frame 2: {° : [0.50, ©.30, 0.80, 0.60], ‘a plush beige bed’: [0.60, 0.60, 1.00, 1.00]} Bedroom
he go o the kitchen Frame 1: {‘a fl : [0.15, 0.20, 0.40, 0.45], ‘gourmet cat snack’: [0.50, ©.45, ©.80, ©.65]} i
m She; goas to; the: kitche Frame 2: {‘a i : [0.35, 0.30, 0.60, 0.55], ‘gourmet cat snack’: [0.50, .45, .80, 0.65]} Kitchen
and eats a snack
\. J
(| )( )
Scene Description Layout + Consistency Grouping a
Layout2Vid / Guided 2D Attention
% n . I fj =
A cat is lying down on : g Spatial-Temporal Blocks / visual (] 0 O O
a bed 4 J !
a plush beige bed Layout
— Scene: [1, 2]
| oo
Then she gets up gourmet cat snack
W Scene: [3]
X\ eseoon o
1 Scene: [1, 2] Scene
She goes to the kitchen i Text
and eats a snack [
Scene: [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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Related Work

~ Keyframe-based Methods

Leverage text-to-image models to generate one keyframe for each scene

Connect every keyframe by adopting a pre-trained image-to-video model
E.g., StoryDiffusion!!

(a) Text-to-Image Diffusion with Consistent Self-Attention (b) Consistent Self-Att Block (OAB)\ (¢) Consistent Self-Att Layer (CAL)
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Diffusion UNet

Split the Story inte Five prompts and Geverate in a Batch

Story: He thew
turvs his head +o look straight ahead and continuing his walk.

N
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Sampling | — ® Waultiplication
Tokens  ~ g| (S+N)xC
>©)

: . Concart
Geverated Covsistent Tmages for Storytelling

Linear n

Linear

NxC l
(4) Cownsistent Self-Attention

[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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Related Work

_8
~ Finetuning-based Methods

Inherit the conditional behavior from the pretrained model while enabling
multiple conditioning inputs.

E.g., TALC!

. Text2Video Denoising UNet

“Ared panda
climbing a tree.”

Scene 2 :

“The red panda
gleeps on the top
of the tree”

~  Limitations
U-Net architecture with limited scalability
Limited duration

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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144

This video is generated in a single pass using three This videw demonstates auto.regressive scene
different text prompts, each guiding a 6-second scene, ~ €xtension, where the model generates the third 6-
resulting in an 18-second multi-scene video. second scene conditioned on the first two 6-second

scenes (12s in total) as context.
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Methodology

~ Preliminary

~ Architecure: CogVideoXI®]

~ Objective: L =E., pcan(0,1).t [”"’ v (21, zT)Hg]

X N taxpert Lransformer blocks
@H e

— —E—> [ Gate Gate <—.—. -
1 i
i [ Feed Forward J ::

1 1

H 2

@ N

A s Text
enters the = pa
station. Encoder ' Zext [ Zyision l Causal

[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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Methodology

- Pipeline
Core 1dea: multi-prompt conditioning

Symmetric binary attention mask -> visual-textual alignment within each
scene & intra-scene visual coherence

Segment-level conditional mask -> auto-regressive scene extension

- False True
X X / tokens labeled with hexadecimal indexes ::1_:|_0_: Binary mask per scene 0 1234 5:6 78 9 ABCDE
/ 0
; I
o e e e | e e o o s /- I 1
ilm 1M1 M 78“9.AB“C])E- ; | 2
_____ mmmeaml el - il e e | [ e I 3
I | 4
/ | =
——————— e T o R =
3D Full Attention Layer : 7
I 8
\ ' 9
AT C T 1 I VI 0 i | A
H g\ B
: r%<—n01se i |
v Zr, m I, A Zr, ,---‘Z ----- : \‘ | C
N 2E SR 78“9AABNCI)E- \ : D
_____ ) __"_____ L et ey e U el B el : E
I

Text
Encoder

4| ~ TF
.
/

“A woman with “A woman with “An older bald man
brown hair and brown hair in a bun, in an elaborate
freckles...” hite ...” lack ...”
e b blac Scene 1 Scene 2 Scene 3

Caption 1 Caption 2 Caption 3
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Symmetric Binary Attention Mask

Attention mask variants (v2: our choice, v?: concurrent 71y

01234516789 ABCDE =~ 01234516789ABCDE ~ 012345l6789ABCDE ~ 01234516789ABCDE =~ 01234516789 ABCDE |
l ) I 2 I 2 I 2 I >
I 3 [ 3 | 3 | 3 I 3
| 4 | 4 | 4 | 4 | 4

—————— haseccHEEl SoSRLioioofRR) PRARRSLSSSSRE] s diRRREEEEEED ARSRRESSSEEEEd
| 7 I 7 I 7 | 7 I 7
| 8 | 8 | 8 [ 8 | 8
| 9 | 9 | 9 [ 9 | 9
| A | A | A | A | A
| ¢ | ¢ | c | ¢ | ¢
I D | D | D [ D | D
| E | E | E | E | E
1) 2 3 4) (5)

Grouped attention mechanism (1 self attn with mask -> 2n cross attn)

The total length of the concatenated token sequence is considerable, therefore, the

memory coverage of the attention mask becomes significant
v [t el N\
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a. Text Token Group 1 b. Scene Token Group 1
[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/
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Methodology

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

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

Select 1 million video samples from Panda70MB], sample n = 3 single-scene video
clips from the dataset and concatenate them
Supervised fine-tuning stage (10000 iterations)

Fine-tuning on 5000 cartoons videos containing n = 3 consecutive scenes with
contextual relationships, which are filtered by ViClip!! for sufficient inter-clip similarity

Mixed training settings

Probability p -> auto-regressive scene extension trainingr =E., ., cuvon.c [me, - llo = o (20, t, 22,113

Probability 1 — p -> normal trainingZ = E., .., coxo.1). Zn: [||v g (zti,t,zTi)Hg} -
=1

Batch size: 8

Resolution/Frame: 480x720 / 49x3=147

Learning rate/ Probability p : 1e-5/0.5

[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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Methodology

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

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

Select 1 million video samples from Panda70MB], sample n = 3 single-scene video
clips from the dataset and concatenate them

Supervised fine-tuning stage (10000 iterations)

**Answering Style**:

Answers should be comprehensive, conversational, and use complete sentences. The answer should be in English no matter what the user’s input is. Provide context when necessary and maintain a certain tone.
Begin directly without introductory phrases like “The image/video showcases” “The photo/video captures” “In the first/second video” and so on. For example, say “A woman is on a beach”, instead of “A woman
is depicted in the image”. Vague expressions should be avoided in descriptions. Try to use more specific descriptions instead of terms like “video1” or “video2”.

**Note**:

When describing, first describe the character and scene, then describe the events that occurred in the video, as well as the actions of the characters.

**Qutput Format**:

[the first video description]

[the second video description]

[the third video description]

**User Input**:

Please detailedly describe each video in order and express the same elements in different videos in the same way. When describing the characters, it is necessary to give actorl, actor2, etc. and describe who

actorl and actor2 are. J

[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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Experiments

»”

Evaluation

Evaluation dataset

ByteDance

[
/ﬂene"; 1

"background": "City Park at Dusk",
"characters": [

"name": "Actorl",
“description”: "short brown hair, green hoodie, worn sneakers”
{
"name": "Actor2",
"description”: "long blonde hair, blue dress, carrying a sketchpad”

1
"descriptions": [
"Actord (short brown hair, green hoodie, worn sneakers) sits on a bench overlooking the pond, the sky painted with hues of orange and pink.",

1
}
1

"Actor? (long blonde hair, blue dress, carrying a sketchpad) walks by and notices Actord (short brown hair, green hoodie, worn sneakers) gazing at the water, deciding to capture the serene scene.",
"Actord (short brown hair, green hoodie, worn sneakers) glances at Actor2 (long blonde hair, blue dress, carrying a sketchpad) as she sketches, sharing a quiet smile amidst the tranquil atmosphere.”

N

Please create new scenes according to this format as json file. Each scene must feature different and a unique In the descripti
replace them with “actor1. (role description)” and “actor2 (role description).” Ensure that each scene involves only “actorl” and “actor2” without i

of characters i each scene should vary randomly.

avoid using “they” or “we” as expressions; instead,
ing “actor3” or highy actors. The number

JUNE11-15, 2025
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Figure 5. Structure of the evaluation dataset. It contains 50 scenes, each accompanied by three prompts featuring a variable number
of characters. ChatGPT [26] was used to generate diverse prompts based on this structure, enabling comprehensive evaluation of video

generation models in multi-scene scenarios.

Evaluation metrics
» Visual/Semantic Consistency: ViClip!®! model

» Sequence Consistency: Average of Visual and Semantic Consistency
~ Video Quality: FVDUI

[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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Experiments

~ Quantitative Results

Performance gain

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

Model Visual Con. (%) Semantic Con. (%) Sequence Con. (%) FVD ({)

CogVideoX-2B 55.01 22.64 38.82 835.35

Ours 70.95 23.94 47.45 720.01

CogVideoX-5B 43.82 20.70 32.26 613.47

Ours 89.21 20.81 55.01 607.64
Comparison with SOTAs

Mask?DiT 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.

Capabilities | Method Visual Con. (%) Semantic Con. (%) Sequence Con. (%) FVD (})
CogVideoX 55.01 22.64 38.82 835.35

Fixed-Scene Generation StoryDiffusion + CogVideoX-12V 69.06 25.59 47.32 905.69
TALC 67.47 20.25 43.86 1516.59

VideoStudio 61.28 22.64 41.96 1213.88

Ours 70.95 23.94 47.45 720.01

AR Scene Extension Ours 75.33 24.29 49.81 -
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Experiments

~ Quantitative Results

User study
Aspect Visual Consistency? Semantic Consistency! Video Quality? Overallt
CogVideoX 8.96 12.12 9.23 9.09
StoryDiffusion + CogVideoX-12V 29.85 28.79 29.23 28.79
TALC 13.43 13.64 12.31 12.12
Ours 47.76 45.45 49.23 50.00

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

Ablations on “attention mask variants”
Method Visual Con. (%) Semantic Con. (%) Sequence Con. (%)

vl 58.09 24.69 41.39
v2 68.45 23.82 46.14
v3 77.56 23.47 50.52
v4 93.43 20.73 57.08
v5 90.72 20.60 55.66

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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Experiments
20

~ Quantitative Results

V1
User study
Aspect Visual Cons
CogVideoX 8.9¢
StoryDiffusion + CogVideoX-12V 29.8. 2
TALC 13.4.
Ours 47.7

Mask?DiT is favored by real users,
consistency, video quality, and ove

. . V3
Ablations on ‘“attention mask
Method Visual Con. (%) $

vi 58.09
v2 68.45
v3 77.56 Va
v4 93.43
V5 90.72

Combining qualitative and quantite
optimal balance between inter-scer
consistency. V5



’
I l JUNE11-15, 2025

BvteD BHRZEAABRITEXREE
> yte Once Intelligent Multimedia Content Computing Lab

Experiments

~ Quantitative Results
Ablations on “inter-clip similarity filtering threshold with ViClip[®?”

Method Visual Con. (%) Semantic Con. (%) Sequence Con. (%)
CogVideoX [38] 55.01 22.64 38.82
Ours + Dataset-0.0 63.94 24.31 44.13
Ours + Dataset-0.6 66.46 23.96 45.21
Ours + Dataset-0.7 67.71 23.98 45.85
Ours + Dataset-0.8 73.22 23.54 48.38

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

Ablations on “Training settings”

Method Visual Con. (%) Semantic Con. (%) Sequence Con. (%) Aesthetic Quality Imaging Quality
Pre-training 49.04 26.36 37.70 - -

SFT 73.22 23.54 48.38 57.44 72.37
Pre-training + SFT 73.73 23.73 48.73 57.68 73.20

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

[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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Experiments

> Qualitative Results

Mask?DiT delivers significantly better visual coherence than SOTA baselines,
demonstrating superior consistency in character appearance, background
integrity, and overall style across multi-scene videos.

»~ Case 1

OURS

(a) ”Actorl (short black hair, wearing sunglasses, spreading out a picnic blanket) sets up by the riverside, watching the gentle flow of the water.”, ”’ Actor2
(wearing a straw hat, carrying a basket of fruit) arrives with a cheerful smile, placing the basket on the blanket.”, ”Actorl (short black hair, wearing

sunglasses, spreading out a picnic blanket) and Actor2 (wearing a straw hat, carrying a basket of fruit) share snacks, laughing as the sun shines brightly on
the river.”


https://tianhao-qi.github.io/Mask2DiTProject/
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Experiments

Mask?DiT delivers significantly better visual coherence than SOTA baselines,
demonstrating superior consistency in character appearance, background
integrity, and overall style across multi-scene videos.

58,5 3. NI

Cog\/ldeoX

& &) lﬂ' X
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OURS

(b) ”Actorl (curly red hair, green raincoat, looking at a poetry book) flips through pages with a small smile, the sound of rain tapping against the store’s

windows.”, ”Actor2 (wearing glasses, oversized sweater, sitting on a stool reading) notices Actorl (curly red hair, green raincoat, looking at a poetry book)

and glances up with a gentle smile.”, ”Actorl (curly red hair, green raincoat, looking at a poetry book) approaches Actor2 (wearing glasses, oversized
sweater, sitting on a stool reading), asking a question about the book in her hands, leading to a quiet conversation amid the cozy shelves.”


https://tianhao-qi.github.io/Mask2DiTProject/
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Experiments

Mask?DiT delivers significantly better visual coherence than SOTA baselines,
demonstrating superior consistency in character appearance, background
integrity, and overall style across multi-scene videos.

Case 3
T —
.z

CogVideoX

StoryDiffusion + CogVideo-IZV .
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OURS

(c) ”Actorl (brown hair tied back, wearing a green hiking vest, holding a camera) stands at the edge of the clearing, framing a shot of the misty forest.”,
”Actor2 (wearing a beige hat, blue flannel shirt, sitting on a log) watches Actorl (brown hair tied back, wearing a green hiking vest, holding a camera) with
a smile, appreciating the tranquility of the early morning.”, ”Actorl (brown hair tied back, wearing a green hiking vest, holding a camera) lowers the camera
and shares a quiet laugh with Actor2 (wearing a beige hat, blue flannel shirt, sitting on a log) as they both take in the serene beauty of the forest.”

= P
i


https://tianhao-qi.github.io/Mask2DiTProject/
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Summary

Enabling the generation of a fixed number of visually consistent scenes

Equipping the T2V model with auto-regressive scene extension capabilities
to synthesize additional scenes beyond the initial fixed number

Designing a mixed training task

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

Enhancing motion dynamics



