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Four-Shot Editing
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A Ninja Turtle is swimming, ….A sea turtle is swimming, ….
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Superman is reading in the room, ….An old man is reading in the room, ….

Two-Shot Editing
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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.

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, 21, 27, 33, 36, 51, 53, 54], 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 [14, 30]. 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.
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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.

(2) Cumulative error
propagation and cross-
shot inconsistency. Within
a localized temporal win-
dow (e.g., a short sequence
containing two shots), previ-
ous editing frameworks [14,
30] often suffer from cu-
mulative error propagation.
Small editing artifacts or sub-
tle identity drifts emerging
in earlier frames tend to
amplify recursively as the
video progresses. When cross-
ing shot boundaries, these ac-
cumulated deviations mani-
fest as noticeable inconsisten-
cies in the subject’s appear-
ance, style, and structural in-
tegrity. For longer videos that
exceed the model’s tempo-
ral context (e.g., 81 frames
for Wan2.1 [52]), current
paradigms [3, 21] 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 [46],
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 [50]. UNet-based approaches evolved from tem-
poral mechanisms [8,13] to training-free feature propagation via inter-frame cor-
respondences [14,23]. Other advances include attention manipulation for coher-
ence [30,43], adding spatiotemporal controls to image models [7,55], and repur-
posing video models for editing [38, 57]. DiT-based methods exploit Diffusion
Transformers [42] for scalability [3, 62], with innovations in query-key manip-
ulation [49], dataset construction [56], unified in-context editing [21, 58], and
applications in autonomous driving [20], inpainting [35], and controllable video
editing [27]. However, these methods are designed for single shots and lack mech-
anisms for subject consistency across multiple shots with varying viewpoints.
Multi-Shot Video Generation. Recently, multi-shot video generation has ad-
vanced via camera-controlled and camera-free approaches [34]. Camera-controlled
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methods model camera parameters for multi-view synchronization [2], re-rendering [1],
and pose control [18]. Camera-free methods focus on narrative coherence: transi-
tion tokens for shot control [22], Long Context Tuning to expand attention [15],
HoloCine for long-range consistency [37], and SKALD for shot assembly [32].
Specialized datasets include AnimeShooter [45], TalkCuts [9], and Shot2story20k [16].
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 [24,29]. Early strategies used hierarchical latent di�usion [19]
and parallel generation [59]. Later works enabled �exible frame sampling [17],
sampling correction [11], slice-based editing [12], transition models [10], and noise
rescheduling [44]. 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-�delity 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,
signi�cantly constraining model training and generalization capabilities.

To address this limitation, we repurpose existing multi-view video datasets [2,
25] as an e�ective 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 o�-the-
shelf object segmentation models (e.g., SAM2 [46], Grounded-SAM [47]) 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 [60] to generate reliable
depth maps and view-consistent segmentation masks. These annotations pro-
vide explicit spatial and structural supervision during training, enabling precise
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Fig. 3: Overview of our method. Top: Given an input multi-shot video and cor-
responding editing masks, our method �rst trains a Supervisory Adapter to inject
multi-shot information into the di�usion 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 �rst frame and pro-
duces coherent and identity-preserving multi-shot video output.

subject isolation. To provide �ne-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-
speci�c 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 di�erent viewpoints fV(k) g10

k=1 paired
with their corresponding segmentation masks fM(k) g10

k=1 . The dataset also in-
cludes constructed depth maps fD(k) g10

k=1 and camera parameters fcam(k) g10
k=1 .

Each sequence is associated with a structured prompt:

Prompt = fCaption Global ; CaptionShot-1 ; CaptionShot-2 ; : : : ; CaptionShot-10 g:
(1)

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