MSEditor: Toward Consistent Multi-Shot Video
Editing

Kunyu Feng!®, Yue Ma?®, Bingyuan Wang!®, Yuefeng Wang3®,
Zhiyuan Qin*®, Hao Cheng®®, Hao Li*®, Qifeng Chen?®, and Zeyu Wang'?

! The Hong Kong University of Science and Technology (Guangzhou), Guangzhou,
China
2 The Hong Kong University of Science and Technology, Hong Kong SAR, China
3 Baidu Inc., Beijing, China
4 Beijing Innovation Center of Humanoid Robotics, Beijing, China
5 Tsinghua University, Beijing, China

Four-Shot Editing

Gl b

inja Turtle is swimming, ..

s h “Shw 4
“-

Input video

Input video OutpuT video

“-

—— Superman is reading in the room, ...

Shot-3 Shot-4 2
14
¥
anda is eating bamboo, ... — A KongFu panda is eating ium!oo
Shot-2,

;a Ia
Shot-1
! yellow excavator !lggmg on a construction site, ... ——p A pm! excavator !xggmg on a construction site, .
Shot-1 Shot-2.

Fig. 1: Showcase of MSEditor. Given a multi-shot input video, our method produces
consistent edits across shots with diverse scene compositions, maintaining appearance,
motion, and cross-shot consistency.
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Abstract. In this paper, we tackle the problem of performing consistent,
unified modifications to a multi-shot video sequence. This task is par-
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ticularly challenging because multi-shot videos consist of discontinuous
temporal segments that vary significantly in viewpoint, camera scale, and
subject pose, leading to severe identity drift and cumulative error propa-
gation. Achieving coherent edits requires establishing reliable cross-shot
semantic awareness to maintain stable subject appearance and visual
continuity across these disjointed boundaries. To address this, we propose
MSEditor, the first framework designed specifically for consistent multi-
shot video editing. To overcome the scarcity of high-quality multi-shot
training data, we repurpose existing multi-view video datasets to provide
robust cross-shot supervision. Architecturally, we introduce a Supervi-
sory Adapter that injects this cross-shot information into the diffusion
backbone, enabling the model to learn identity-consistent representa-
tions. Furthermore, to effectively mitigate cumulative errors and ensure
long-range temporal coherence, we design a Cross-Shot Packing strat-
egy that dynamically aggregates information from semantically related
shots within the self-attention window. Extensive experiments demon-
strate that MSEditor significantly outperforms existing methods on our
curated multi-shot video editing benchmark in terms of identity preser-
vation, temporal stability, and overall visual quality.

Keywords: Multi-shot video editing - diffusion model - edit consistency

1 Introduction

Multi-shot video editing aims to achieve consistent and unified content modifi-
cation across a sequence of discontinuous temporal segments (i.e., shots) assem-
bled to convey a unified narrative. Unlike conventional single-shot video edit-
ing [5, 26,34, 42,48, 68,70, 71|, which focuses on generating plausible modifica-
tions within a single continuous temporal flow, this task requires maintaining
editing coherence in both appearance and structure across multiple shots. This
capability is crucial for professional applications such as filmmaking, narrative
storytelling, and commercial advertising, where visual content is inherently con-
structed from sequences of multiple diverse shots to create cinematic rhythm
and convey complex storylines. Consequently, extending generative editing ca-
pabilities from single-shot to multi-shot scenarios is not merely an incremental
step, but a crucial leap toward practical, professional-grade video creation.

While coherent multi-shot editing is highly desirable, ensuring semantic con-
sistency across diverse shots remains a formidable challenge. These different shots
encompass abrupt transitions in both spatial and temporal dimensions, includ-
ing changes in viewpoints, camera scales (e.g., from a wide establishing shot to
a close-up), and subject poses. Achieving high-level semantic consistency across
these narratively linked but geometrically disjointed shots presents significant
technical hurdles. Previous editing approaches typically operate on a single-shot
basis [19,37]. When applied to multi-shot sequences, they inherently struggle,
suffering from severe identity drift and cumulative errors across temporal bound-
aries. Specifically, extending a single-shot video editing framework to multi-shot
scenarios typically encounters two major bottlenecks:
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(1) The lack of multi-shot video datasets. A major bottleneck lies in
the scarcity of large-scale, high-quality multi-shot video datasets. Constructing
such datasets is extremely challenging, as it requires collecting sequences that
preserve consistent subject identity across diverse scenes, lighting conditions,
and transitions. Due to the absence of publicly available datasets that support
robust multi-shot training, current diffusion-based video editing frameworks are
often limited to single-shot settings and rely heavily on short-term temporal cor-
relations. This restricts their generalization ability and hinders the development
of multi-shot video editing.

(2) Cumulative error
propagation and cross-
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Fig. 2: Comparison with the previous single-
shot editing framework. (Top) Existing single-
shot editing baselines partition multi-shot sequences
into independent temporal chunks. This fragmented
inference leads to cumulative errors and cross-shot
inconsistency, while being computationally time-
consuming due to multiple inference passes. (Bot-
tom) Our MSEditor performs a single inference pass,
achieving high-fidelity consistency and superior effi-
ciency.

paradigms [3, 26] necessitate

partitioning the sequence into independent temporal chunks for separate infer-
ence, as illustrated in Fig. 2. This fragmented processing fundamentally lacks
cross-shot semantic awareness, causing severe subject identity drift between
disjoint chunks. Furthermore, this approach is computationally inefficient, re-
quiring multiple redundant inference passes that significantly increase the post-
production overhead.

To tackle these challenges, we propose MSEditor, a novel multi-shot video
editing framework for coherent editing across diverse shots. To address the lack
of multi-shot training data, we repurpose existing multi-view video datasets as
a proxy for multi-shot supervision. Although they are originally designed for
view synthesis, these datasets inherently contain sequences that capture the
same subject under varying shots and scene conditions, providing valuable inter-
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shot correspondence for training. Specifically, we extract synchronized RGB se-
quences along with their associated depth maps, from which we compute accu-
rate and temporally stable subject masks through projection-based consistency.
This avoids the segmentation failures of conventional models such as SAM2 [60],
which often misidentify background figures in complex scenes. Leveraging these
structured multi-view signals, we introduce a Supervisory Adapter that injects
cross-shot supervision into the backbone, enabling the model to learn subject
relationships and maintain appearance consistency across shots.

To further reduce error accumulation and improve cross-shot coherence, we
introduce a Cross-Shot Packing Strategy. Our method dynamically groups se-
mantically related shots and processes them jointly within the self-attention
window. This enables effective cross-shot feature interaction during training,
facilitating subject identity preservation and ensuring consistent edits across di-
verse shots.

In summary, our contributions are as follows:

— We introduce MSEditor, the first framework specifically designed for the
multi-shot video editing task, achieving robust identity preservation and co-
herent editing across different shots.

— We propose a Supervisory Adapter that leverages auxiliary priors to in-
ject cross-shot information into the backbone, enabling the model to learn
identity-consistent representations for multi-shot video editing.

— We design a Cross-Shot Packing Strategy that dynamically aligns features
across shots and mitigates cumulative error propagation, ensuring long-range
temporal and appearance consistency.

— Extensive experiments demonstrate the state-of-the-art performance of our
method on multi-shot editing tasks, showing superior temporal stability and
identity consistency over existing methods.

2 Related Work

In this section, we review existing literature on single-shot video editing, multi-
shot video generation, and long video generation.

Single-Shot Video Editing. In recent years, video diffusion models have re-
shaped single-shot video editing [67]. UNet-based approaches evolved from tem-
poral mechanisms (8,11, 14| to training-free feature propagation via inter-frame
correspondences [19,28, 64, 74]. Other advances include attention manipulation
for coherence [37,41,47,50,57], adding spatiotemporal controls to image mod-
els [7,72], and repurposing video models for editing [52,77]. DiT-based methods
exploit Diffusion Transformers [46,56,66] for scalability [3,83], with innovations
in query-key manipulation [38,63, 65,75, 82|, dataset construction [73], unified
in-context editing [15,16,26,32, 78], and applications in autonomous driving [25],
inpainting [44], and controllable video editing [17,18,31,34,42,45,49, 76]. How-
ever, these methods are designed for single shots and lack mechanisms for subject
consistency across multiple shots with varying viewpoints.
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Multi-Shot Video Generation. Recently, multi-shot video generation has ad-
vanced via camera-controlled and camera-free approaches [43]. Camera-controlled
methods model camera parameters for multi-view synchronization [2], re-rendering [1],
and pose control [23]. Camera-free methods focus on narrative coherence: transi-
tion tokens for shot control [27], Long Context Tuning to expand attention [20],
HoloCine for long-range consistency [51], and SKALD for shot assembly [40].
Specialized datasets include AnimeShooter [59], TalkCuts [9], and Shot2story20k [21].
Despite the progress, these methods focus on generation from scratch rather than
editing, and often require auxiliary geometric inputs, limiting practical use.

Long Video Generation. Long video generation focuses on coherence over
extended sequences [29,36]. Early strategies used hierarchical latent diffusion [24]
and parallel generation [79]. Later works enabled flexible frame sampling [22],
sampling correction [12], slice-based editing [13], transition models [10], and noise
rescheduling [58]. Recently, Mixture of Contexts (MoC) [6] uses sparse attention

for near-linear scaling and minute-long coherence. However, these methods do
not address the unique challenges of multi-shot editing, like cross-shot feature
alignment and identity preservation across viewpoint changes.

3 Method

Our objective is to achieve temporally consistent and high-fidelity video editing
across multiple discontinuous shots. Sec. 3.1 elaborates on our data construc-
tion and annotation approach. Sec. 3.2 presents our comprehensive framework
for multi-shot video editing, which integrates a Supervisory Adapter for multi-
shot information injection, a Cross-Shot Packing Strategy, and a Sparse Cross
Attention Module for cross-shot consistency preservation.

3.1 Data Annotation and Collection

The development of multi-shot video editing techniques faces a fundamental chal-
lenge: the scarcity of high-quality datasets capturing sequential, diverse shots of
the same subject. Manual collection of such data is prohibitively labor-intensive,
significantly constraining model training and generalization capabilities.

To address this limitation, we repurpose existing multi-view video datasets [2,
30| as an effective proxy. These datasets provide synchronized sequences of iden-
tical subjects from multiple viewpoints, containing rich inter-view correspon-
dences that are instrumental for learning cross-shot consistency. However, adapt-
ing these datasets for multi-shot editing requires careful consideration. Unlike
generation tasks, video editing demands precise subject-scene disentanglement to
ensure accurate editing. As illustrated in Fig. 4(a), direct application of off-the-
shelf object segmentation models (e.g., SAM2 [60], Grounded-SAM [61]) often
fails in complex scenarios where background elements contain distracting content
such as paintings or incidental persons.

To overcome this limitation, we develop a robust annotation method depicted
in Fig. 4(b). We employ double-reprojection techniques [80] to generate reliable
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Fig. 3: Overview of our method. Top: Given an input multi-shot video and cor-
responding editing masks, our method first trains a Supervisory Adapter to inject
multi-shot information into the diffusion backbone. We also introduce two key strate-
gies: Cross-Shot Packing and Sparse Cross-Attention to keep the consistency during
training. Bottom: During inference, editing is performed on the first frame and pro-
duces coherent and identity-preserving multi-shot video output.

depth maps and view-consistent segmentation masks. These annotations pro-
vide explicit spatial and structural supervision during training, enabling precise
subject isolation. To provide fine-grained semantic guidance, we implement an
automated structured prompting pipeline using Qwen3-VL [4]. For each multi-
shot sequence, we generate a comprehensive global caption that describes the
overarching subject identity and scene context. Additionally, we generate shot-
specific descriptions for each viewpoint to capture unique camera angles and
motion characteristics. This hierarchical annotation enables the model to learn
both global semantic alignment and shot-level temporal dynamics.

The training dataset consists of 3,400 video sequences. For each video, there
are synchronized RGB sequences from 10 different viewpoints {V(’“)}}CO=1 paired
with their corresponding segmentation masks {M (k)}llco:l. The dataset also in-
cludes constructed depth maps {D® 1110 | and camera parameters {cam(®}}0 |
Each sequence is associated with a structured prompt:

Prompt = {Captiongyp,,, Captiong,., 1, Captiong;os o, - - - » Captiongo; 10 }-
(1)
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(a) Segmentation-based multi-shot mask extraction

(b) Our render-based multi-shot mask extraction

Fig. 4: Comparison of multi-shot mask extraction pipeline for training data
construction. (a) Using segmentation models (e.g., SAM2 [60], Grounded-SAM [61])
naively on the per-shot video often results in inconsistent results. The model may
successfully segment the subject in one shot but fail in another due to a complex
background. (b) Our proposed method bypasses this limitation by leveraging the multi-
view data’s camera and depth information. We use a complete mask from one shot and
re-project it into another’s view, rendering an accurate mask. This process ensures
high-quality, cross-shot, consistent annotations.

This comprehensive annotation format enables the Supervisory Adapter to learn
implicit, cross-shot consistent representations, ensuring both appearance consis-
tency and high-fidelity editing across diverse shots.

3.2 Multi-Shot Video Editing Framework

Our framework builds upon the pre-trained diffusion-based video generative
backbone Wan2.1 [69], which has demonstrated strong performance in video
synthesis within single-shot scenarios. To enable coherent editing across differ-
ent shots, we introduce MSEditor, a novel architecture designed to preserve
subject identity throughout multi-shot sequences. The overall framework is il-
lustrated in Fig. 3.

Supervisory Adapter for Multi-Shot Information Injection. Although
existing video editing frameworks exhibit strong editing capabilities in single-
shot settings, they fail to maintain subject consistency across different shots due
to the absence of multi-shot supervision. To enhance its multi-shot proficiency,
we introduce a Supervisory Adapter that injects multi-shot features into the
diffusion backbone during training.

As shown in Fig. 3, our adapter takes multi-view RGB videos and their cor-
responding segmentation masks as inputs. These multimodal signals guide the
backbone to learn cross-shot consistent representations, enabling the model to
preserve subject identity across discontinuous shots while maintaining high edit-
ing fidelity. Following the design principle of ControlNet [81], all adapter layers
are initialized to zero to ensure stable convergence and prevent over-conditioning.

To leverage powerful prior knowledge and enhance user-friendliness control,
we follow the recent video editing works [35,55] and adopt the first-frame editing
paradigm that allows users to explicitly specify their editing intent on the initial
frame. This reference-based approach significantly reduces the manual effort re-
quired for complex multi-shot sequences. Furthermore, to preserve the model’s
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Fig. 5: Overview of the Cross-Shot Packing Strategy and Sparse Cross At-
tention Module. (a) Given multi-shot inputs, the Cross-Shot Packing Strategy ad-
dresses the challenge of maintaining consistency in multi-shot video editing. (b) The
Sparse Cross Attention Module integrates textual guidance. Visual queries from each
shot (e.g., Qshot-1) sparsely attend only to the concatenation of the shared global
text embeddings (Kgiobal, Valobal) and their corresponding shot-specific embeddings
(Kshot—l, ‘/shot—l)-

first-frame editing capability, we adopt a content editing strategy inspired by
prior work [53]. Specifically, given a reference video

V:[IOV"?INfl]€RNX3><HXW, (2)

where N denotes the number of frames, and H and W represent height and
width respectively, we construct multi-shot video-mask pairs {(V*), M(’“))},CK:1
corresponding to K different shots.

During the training stage, the mask of the first frame M(()O) is set to zero
for the first shot, establishing the first frame as the guidance during the video
generation, while subsequent masks define the editable regions for propagation
through the sequence. During inference, users modify the first frame, and the
changes are propagated to the following frames. Overall, the training objective
minimizes the MSE loss between predicted and ground-truth frames across all
video—mask pairs:

2
- (3)

K

1 k k

L= K Z Hvl(pr')ed - Vét)
k=1

This optimization enables the Supervisory Adapter to inject multi-shot priors
into the backbone while ensuring the editing capability of the video foundation
model, resulting in consistent multi-shot video editing.

Cross-Shot Packing Strategy for Consistent Object Preservation. While
the Supervisory Adapter injects multi-shot information into our model, edit-
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ing long videos with numerous shots remains challenging. In multi-shot scenar-
ios, subjects may exhibit dramatic variations in scale, position, and appearance
across shots. Minor inconsistencies in earlier shots can accumulate over time,
leading to significant degradation of visual fidelity and structural coherence.
However, in most training pipelines, multiple shots are typically concatenated
along the batch dimension. Although this strategy improves training efficiency, it
inherently isolates the temporal and semantic relations between different shots.
Alternatively, concatenating all shots along the frame dimension would allow
dense inter-shot interaction, but results in huge computational and memory
costs.

To balance efficiency and consistency, we introduce a Cross-Shot Packing
Strategy that reformulates self-attention computation by dynamically group-
ing semantically correlated shots into joint attention windows, as illustrated in
Fig. 5(a). Formally, given a multi-shot video {V*) 1 = we randomly select a
shot Vane = { fanc7t}tT;“1° as the anchor shot, which retains its full temporal reso-
lution to serve as the primary training target. For all other candidate shots V()
we compute their semantic similarity to the anchor using DINOv2 [54] embed-
dings eqn. and e;. We then select the top-M most correlated shots that exceed
a threshold 7 (e.g., 0.8). For each selected shot V), we extract a representative
subset of n frames (e.g., the initial frames) to serve as identity frames:

VW =8V n),  where n < Fj. (4)

The final packed sequence V(@) is then formulated by concatenating the full
anchor shot with the distilled reference frames:

V(@ne) — Concat (V(anc), Ve V(jM)) ) (5)

To ensure the training remains robust under various GPU memory con-

straints, we implement a dynamic thresholding strategy. If the total frame count
of V(a1) exceeds the hardware’s batch capacity, the system automatically incre-
ments 7 (e.g., from 0.8 to 0.85) to filter out less relevant shots. This joint for-
mulation enables the self-attention layers to perform feature interaction across
semantically linked shots, facilitating a holistic understanding of subject iden-
tity across discontinuous temporal segments while maintaining computational
tractability.
Textual Conditioning via Sparse Cross Attention. To integrate textual
guidance, we adopt the Sparse Cross Attention mechanism from HoloCine [51] at
both global and per-shot levels, as shown in Fig. 5(b). Given token embeddings
of the textual prompt, we separate them into a global caption and multiple
per-shot descriptions:

Prompt = {Captiongyp,., Captiong,, 1, Captiong;,o; o, - - - » Captiong; o,k }-
(6)
For each shot S;, we compute cross-attention between its visual queries Q;
and the concatenated key—value pairs from global and corresponding per-shot
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Fig. 6: Gallery of our proposed method, which displays four-shot and two-
shot editing examples. These results demonstrate the effectiveness of our model
in applying diverse semantic modifications while maintaining high visual fidelity and
cross-shot consistency.

textual embeddings:

Attncross(Qi) Attention (Qza [ global K; ] [Vglobala VYz]) . (7)

This formulation enables each shot to be guided by both global scene seman-
tics and shot-specific textual context, thereby enhancing cross-shot consistency
while preserving per-shot edit controllability.

4 Experiments

4.1 Experiment Setup

Datasets. Our model is trained on the multi-shot dataset constructed through
the methodology detailed in Sec. 3.1. For evaluation, we curate a diverse test
dataset comprising 600 videos collected from the internet, featuring a balanced
distribution of 35% humans, 35% animals, and 30% objects. There is no over-
lap between our training and testing data, ensuring a rigorous assessment of
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Fig. 7: Qualitative comparison results with the state-of-the-art methods. We
compare our multi-shot approach against leading single-shot video editing baselines on
a four-shot editing task. The results show that our method successfully executes the
complex subject replacement, demonstrating superior cross-shot temporal consistency.

the model’s generalization capabilities. The evaluation tasks encompass style
transfer, object replacement, and attribute editing, with prompts automatically
generated via Qwen3-VL [4]. More details of our test dataset are provided in the
supplementary materials.

Implementation Details. We train our model based on Wan2.1-14B [69], a
diffusion transformer-based video creation model. The optimization is performed
using AdamW [39] with a weight decay of 0.01 and an initial learning rate of
1 x 10~*. During the training process, we set the input resolution to 480 x 832
and a batch size of 8 on 8 NVIDIA A800 GPUs under PyTorch. During inference,
we employ the flow-matching scheduler [33] with 50 sampling steps to generate
high-quality and temporally coherent multi-shot videos. More evaluation metrics
are provided in the supplementary material.

Table 1: Quantitative Results of Comparative Studies. Red and Blue denote
the best and second best results, respectively.

Method ‘ Video Quality ‘ Inter-shot Consistency ‘ Intra-shot Consistency ‘Semantic Consistency
Iethod

Shot 1
TokenFlow [19] 5.51 0.9181 0.9279 0.9029 0.9173 0.1302 0.1415
InsV2V [12] 4.89 0.9013 0.9307 0.8962 0.8941 0.1433 0.1137
VACE [26] 5.91 0.9237 0.9372 0.8805 0.9365 0.1649 0.1738
Ditto [3] 5.73 0.9287 0.9341 0.9125 0.9331 0.1514 0.1569

Ours ‘ 6.05 0.9370 0.9447 0.9501 0.9462 0.1912 0.1886
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Table 2: Quantitative Results of Comparative Studies. For fair comparison, we
train recent methods VACE and VideoPainter on our dataset. Red and Blue denote
the best and second best results, respectively.

‘ Video Quality ‘ Inter-shot Consistency ‘ Intra-shot Consistency ‘Semanbic Consistency

Method

‘Aesthetic Score T‘Subject 1 Background T‘Subject 1 Background T‘Global 1 Shot 1
VACE [26] 5.93 0.9301 0.9395 0.9057 0.9382 0.1728  0.1753
VideoPainter [5] 6.01 0.9237 0.9396 0.9061 0.9377 0.1687 0.1732
Ours \ 6.05 | 0.9370 0.9447 | 0.9501 0.9462 |0.1912  0.1886

Input video

Ours

Fig. 8: More Qualitative Results after Training VACE and VideoPainter on
Our Dataset. For fair comparison, we train VACE and VideoPainter on our dataset,
and compare the performance on the two-shot editing task. The results demonstrate
that our proposed method has superior performance.

4.2 Comparison with Baseline Methods

Qualitative Results. Due to the lack of existing methods for multi-shot video
editing, we establish our baselines from the domain of single-shot video edit-
ing. To ensure a comprehensive comparison, we select methods spanning diverse
architectures, namely UNet-based and DiT-based models. The chosen baselines
include TokenFlow [19], InsV2V [12], Ditto [3], and VACE [26]. Furthermore,
to ensure a fair comparison, we retrained VACE [26] and VideoPainter [5] on
our curated multi-shot training dataset, enabling them to learn from identical
data distributions. As shown in Fig. 7 and Fig. 8, we display the qualitative
results of these methods on four-shot and two-shot video editing tasks. Specifi-
cally, previous methods such as InsV2V, TokenFlow, and Ditto fail to perform
the required edits while maintaining coherence. Even after being trained on
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our dataset, VACE and VideoPainter still struggle to maintain subject identity
across discontinuous temporal boundaries, resulting in partial subject replace-
ment or structural distortion. In contrast, our method demonstrates superior
performance in editing fidelity, subject identity preservation, and temporal con-
sistency. This indicates that the advantage of our approach stems not only from
the training data but more importantly from our specialized architecture. Addi-
tional qualitative comparisons under more diverse settings are provided in the
supplementary material.

Quantitative Results. For a quantitative study, we use the Aesthetic Score [62]
to evaluate the quality of the edited video, and evaluate inter-shot consistency,
intra-shot consistency, and semantic consistency following recent works [51].
As shown in Table 1, the quantitative results demonstrate that our proposed
method outperforms the baseline across all metrics. To ensure a fair compar-
ison, we retrained recent state-of-the-art methods, specifically VACE [26] and
VideoPainter [5], using our own curated multi-view training dataset. As shown
in Table 2, the quantitative results demonstrate that our proposed method out-
performs all baselines across every metric. Notably, even after fine-tuning these
baselines on the same data, our MSEditor still maintains a significant perfor-
mance gap, which further validates the architectural superiority of our method.
Furthermore, we provide a quantitative evaluation of our mask extraction accu-
racy and additional results for “w/o mask setting” and the shape-editing task
in the supplementary material to further demonstrate our method’s robustness.
The results of our user study are also available in the supplementary material.

Table 3: Quantitative Results of the Ablation Study. Red and Blue denote
the best and second best results, respectively.

‘ Video Quality ‘ Inter-shot Consistency ‘ Intra-shot Consistency ‘S()manti(z Consistency

Method
‘Aesthetic Score T‘Subject 1 Background T‘Subject 1 Background T‘Global 1 Shot 1

w/o First Frame editing 6.01 0.9321  0.9357 | 0.9336  0.9305 [0.1752  0.1729
w/o Cross-Shot Packing strategy 5.83 0.8919 0.9132 0.8937 0.9008 0.1738 0.1521
w/o Sparse Cross attention 5.70 0.8931 0.9256 0.8651 0.9126 0.1691 0.1432
Ours | 6.05 | 0.9370  0.9447 | 0.9501  0.9462 |0.1912 0.1886

4.3 Ablation Study

Effectiveness of First Frame editing. To investigate the contribution of the
First Frame editing strategy, we conduct a series of ablation studies on it. In
this setting, the model relies solely on the text prompt and the learned cross-
shot priors to generate the edited content. The experimental settings are the
same during the ablation. As shown in Fig. 9 and Table 3, removing the first-
frame anchor results in a slight decrease in consistency and aesthetic scores.
However, this performance drop is relatively marginal compared to the impact
of removing the other two strategies. This suggests that while first-frame editing
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serves as a high-fidelity visual anchor and significantly enhances user control,
the core ability to maintain cross-shot consistency is fundamentally driven by
our designed architecture. The results further demonstrate that our framework
has learned robust, implicit semantic correspondences across disjoint shots.
Effectiveness of Cross-Shot Packing strategy. We further assess the effec-
tiveness of the proposed Cross-Shot Packing strategy in Fig. 9 and Table 3. With-
out the Cross-Shot Packing strategy, the model degenerates into the baseline
training setting where multiple shots are concatenated along the batch dimen-
sion, and the edited video has the challenge of maintaining inter-shot consistency.
Effectiveness of Sparse

Cross Attention. As shown

in Table 3, removing Sparse ot two-shot oure polrssabat | wospres | wioFrstframe
Cross Attention leads to a : : *TORELER] TS Shot
clear degradation in inter-

shot semantic consistency. In
this setting, the model re-
ceives the same structured
prompts, but we replace our
designed module with a stan-
dard cross-attention mech-
anism. As shown in Ta-
ble 3, this substitution leads

FO a marked degrédatlon ' Fig.9: Qualitative Results of the Ablation
inter-shot semantic ~ consis- Study. We ablate the proposed modules in two-shot
tency. Furthermore, in Fig. 9, editing tasks. Although the first shot is successfully
we show the results when edited, (1) Without the Cross-Shot Packing Strat-
there is a lack of Sparse Cross egy, the result lacks inter-shot consistency, leading to
Attention. This failure is pri- visual artifacts (e.g., a distorted face in the close-up
marily driven by severe se- shot). (2) Without the Sparse Cross Attention, the
model fails in the second shot, indicating a failure
to process the per-shot semantic guidance. (3) With-
out the First Frame Editing, the model successfully
transforms the target but exhibits subtle deviations
in fine-grained details, highlighting its role as a high-
fidelity visual anchor rather than a prerequisite for
structural consistency.

A fawn standing at the edge of a river, ... = A white pony standing at the edge of a river,

mantic confusion. When pro-
cessing the lengthy and struc-
tured concatenated prompts,
a standard dense attention
mechanism allows all video
frames to attend globally to
all text tokens. Consequently,
the model struggles to disen-
tangle the long context, often
failing to accurately align specific shot-level textual instructions with their cor-
responding temporal segments.

5 Conclusion

We have proposed MSEditor, the first multi-shot video editing framework.
Unlike prior single-shot methods that suffer from subject drift and temporal in-
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consistency, our approach leverages structured multi-shot supervision during the
training stage to endow the diffusion model with cross-shot awareness. Specifi-
cally, our Supervisory Adapter injects multi-shot information into the backbone,
facilitating the structural coherence of the model. Additionally, we design the
Cross-Shot Packing strategy to keep the consistency between different shots.
Extensive experiments demonstrate that our approach substantially improves
cross-shot alignment and subject fidelity compared to previous diffusion-based
editing frameworks. We believe our framework opens promising avenues for fu-
ture research in real-world, multi-shot storytelling applications.
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