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Abstract. The quality and diversity of instruction-based image edit-
ing datasets are continuously increasing, yet large-scale, high-quality
datasets for instruction-based video editing remain scarce. To address
this gap, we introduce OpenVE-3M, an open-source, large-scale, and
high-quality dataset for instruction-based video editing. It comprises
two primary categories: spatially-aligned edits (Global Style, Background
Change, Local Change, Local Remove, Local Add, and Subtitles Edit)
and non-spatially-aligned edits (Camera Multi-Shot Edit and Creative
Edit). All edit types are generated via a meticulously designed data
pipeline with rigorous quality filtering, a process consuming in excess of
10,000 GPU-days. OpenVE-3M surpasses existing open-source datasets
in terms of scale, diversity of edit types, instruction length, and over-
all quality. Furthermore, to address the lack of a unified benchmark in
the field, we construct OpenVE-Bench, containing 431 video-edit pairs
that cover a diverse range of editing tasks with three key metrics highly
aligned with human judgment. We present OpenVE-Edit, a 5B model
trained on our dataset that demonstrates remarkable efficiency and ef-
fectiveness by setting a new state-of-the-art on OpenVE-Bench, outper-
forming all prior open-source models including a 14B baseline.

Keywords: Instruction-guided Video Editing · Dataset and Benchmark

1 Introduction

Recently, Instruction-guided Image Editing (IIE) models: FLUX-Kontext [14],
Qwen-Image-Edit [29], and Nano Banana [8] have demonstrated powerful editing
capabilities. The success of an increasing number of data-driven, open-source im-
age editing models can be attributed to the growing availability of high-quality,
open-source, IIE datasets [20, 35]. However, Instruction-guided Video Editing
(IVE) models and datasets remain under-explored. This is mainly due to the
⋆ Equal Contribution.
† Corresponding authors.
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Global Style

Subtitle Edit

Background Change Local Change

Local Remove Original Video Local Add

Camera Multi-Shot Edit Creative Edit

Apply the Watercolor animation style to this video
ensuring seamless temporal consistency across …

Replace the background with a lush mountainous forest 
trail, showing tall pine trees, rocky terrain, and …

Replace the blue SUV in the video with a red SUV, 
while keeping other elements, such as the …

Erase the man in the blue shirt, blue jeans, and 
sunglasses from the video, reconstructing the …

In the sky above and to the right of the blue SUV, add 
a small black quadcopter drone hovering mid-air …

Add the subtitles 'The man in the blue shirt is showing 
off his newly purchased blue SUV' in white text on a 

black background below the video …

Transform this medium shot into a close-up, 
emphasizing the primary subject’s key features and 

core details …

The man slowly walked to the left rear door and 
gently opened it with his right hand. Ensure the man's 

movements are smooth and natural, each step …

All Categories of the OpenVE-3M Dataset.

Fig. 1: Demonstration of Eight different categories on the same video from the
proposed OpenVE-3M dataset.

significant difficulty in constructing high-quality IVE datasets. A key challenge
is the need to maintain not only spatial consistency but also temporal consis-
tency, which significantly increases the construction difficulty. Furthermore, the
lack of effective data filtering strategies results in a high proportion of bad cases,
making it difficult to completely eliminate poor-quality samples.

Table 1: Comparison with current IVE
datasets. Cat./Avg. Ins. Lgth refers to Cat-
egories/Average Instruction Lengths.

Datasets Amount Cat. Avg. Ins. Lgth Frames Resolution

EffiVED [38] 155K 4 N/A 8 512×512
InsV2V [7] 404K 4 N/A 16 256×256

VIVID-10M [11] 10M 3 N/A 30 1280×720
InsViE-1M [30] 1M 4 4.4 25 1024×576

Señorita-2M [40] 2M 6 3.6 33-64 336×592 -
1120×1984

Ditto-1M [2] 1M 3 17.1 101 1280×720
ReCo [2] 1M 3 17.1 101 1280×720

OpenVE-3M(Ours) 3M 8 40.6 65-129 1280×720

Existing IVE datasets, such as
InsViE-1M [30], Senorita-2M [40],
and Ditto-1M [2], suffer from four
main issues: small scale, limited
edit types, short instructions,
and poor editing quality. Tab. 1
presents a quantitative analysis of ex-
isting open-source IVE datasets. Al-
though VIVID [11] contains 10M sam-
ples, it cannot be directly used for
training as it only provides video
masks instead of the edited videos.
In contrast, InsViE-1M [30], Senorita-
2M [40], and Ditto-1M [2] contain only 1-2M samples and offer a limited variety
of editing types. Fig. 2(a) shows the distribution of instruction lengths. The aver-
age instruction length in [30] and [40] is only about 4 words, which is insufficient
to provide precise editing guidance and thus negatively impacts performance. To
assess dataset quality, we input the original video, edited video, and instruction
into Gemini 2.5 Pro [8] for evaluation on a 1-to-5 scale across three dimensions:
Instruction Compliance, Consistency & Detail Fidelity, and Visual Quality &
Stability. For each dataset, we randomly sample 50 edited pairs from each cate-
gory. The final score distributions are shown in Fig. 2(b). Although [30] and [40]
show a notable number of 5-point scores, they also have a high proportion of 1-
point bad cases, resulting in a low average quality score. [2] demonstrates decent
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Fig. 2: Comparisons on video statistics between OpenVE-3M and current open-
source video editing datasets.

quality, but its edits are primarily focused on style transfer, lacking diversity. In
summary, there is a clear need for a large-scale, high-quality, and diverse IVE
dataset.

Therefore, we introduce OpenVE-3M, a large-scale, high-quality, and multi-
category IVE dataset. It comprises 3M samples categorized into two main types:
Spatially-Aligned (SA) and Non-Spatially-Aligned (NSA). SA edits ensure that
the edited video maintains motion consistency with the original video in both
space and time, including six sub-types: Global Style, Background Change, Local
Change, Local Remove, Local Add, and Subtitles Edit. NSA edits maintain the
primary subject’s consistency but introduce new, creative motion, including two
sub-types: Camera Multi-Shot Edit and Creative Edit. Visual examples for all
categories are presented in Fig. 1. Furthermore, OpenVE-3M features the longest
average instruction length (40.6 words) and the highest average video editing
quality score of 3.86 compared to existing IVE methods in Tab. 1.

The construction of the OpenVE-3M dataset includes 3 stages, each leverag-
ing many models and APIs for high-quality generation: 1)Data Pre-processing:
Preparing data for category-specific generation by employing models such as
Multimodal Large Language Model (MLLM) [3], detection and segmentation
models [23], depth and edge estimation models [4, 6], and local descriptors [16].
2)Taxonomy-guided Video Pair Generation: Creating edited video pairs
using a variety of models, including IIE model [14], image-to-video model [27]
and so on. 3)High-Quality Pair Filtering: Filtering the generated pairs to
retain only high-quality examples using advanced MLLMs [3, 8, 25, 28]. The de-
tailed construction pipeline is described in Sec. 2.

We also propose OpenVE-Edit, an IVE model composed of three main
components: a MLLM, a Mixture-of-Experts (MoE) Connector, and a Diffusion
Transformer (DiT). The MLLM processes both the video and the text instruc-
tion simultaneously. Unlike approaches that only use a text encoder for the in-
struction, our MLLM is designed to extract high-level instruction representations
while also capturing spatio-temporal relationships within the video. We intro-
duce an MoE-Connector which leverages different expert networks to process
features corresponding to various editing types. To enhance training efficiency,
we initialize the final linear layer of the experts to zero. This strategy prevents
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random features from disrupting the generation process in the early stages of
training, thereby improving training stability and efficiency. The detailed model
design is described in Sec. 3

Currently, there is no universal benchmark for IVE that is highly aligned
with human evaluation. Therefore, we propose OpenVE-Bench, a meticulously
curated benchmark comprising 431 video pairs across 8 categories. For each
category, we design specific evaluation prompts targeting three key dimensions:
Instruction Compliance, Consistency & Detail Fidelity, and Visual Quality &
Stability. The final score is obtained by feeding the original video, the edited
video, and the instruction into a MLLM. Sec. 4 details the benchmark design.

In summary, our contributions are as follows:
– We introduce OpenVE-3M, a large-scale, high-quality, and diverse IVE

dataset. It contains 3M samples across two major categories (Spatially-
Aligned and Non-Spatially-Aligned) with 8 sub-categories.

– We propose a Robust and Scalable Pipeline for constructing high-quality,
multi-category IVE data, to facilitate further research in the community.

– We develop OpenVE-Edit, an efficient and effective IVE model. With only
5B parameters, it achieves SOTA performance, surpassing existing open-
source 14B models.

– We establish OpenVE-Bench, a universal, multi-category, and challenging
benchmark for IVE. It evaluates model performance along three key dimen-
sions and demonstrates high alignment with human judgment.

2 OpenVE-3M: A High-Quality Instruction-Guided
Video Editing Dataset

We introduce OpenVE-3M, a large-scale, high-quality, multi-category, and bal-
anced dataset designed for IVE. It comprises eight categories, divided into six
Spatially-Aligned (SA) and two Non-Spatially-Aligned (NSA) types. The full
construction pipeline is illustrated in Fig.3.

2.1 Video Clip Pre-Processing

We establish a base video library of 1M videos sourced from three open-source
high-quality datasets: Open-Sora-Plan [18], OpenViD-HD [21], and UltraVideo [31].
For each source video, we randomly extract a clip of 65 to 129 frames and re-
size it to 720P resolution. Qwen2.5-VL-72B [3] is used to generate a long-form
description for the video clip while simultaneously extracting the names of de-
tectable objects for subsequent processing. Concurrently, we generate depth and
Canny edge maps for the clip using Video DepthAnything [6] and OpenCV [4],
respectively. For the extracted object names, we employ Grounded SAM2 [23] to
perform detection and segmentation, obtaining bounding boxes and mask videos
for all identified objects. In parallel, the bounding boxes and the video clip are
fed into the DAM [16] to generate localized descriptions for each object. This
process is applied to every source video, and the resulting information is used in
the second stage to construct video editing pairs across different categories.
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Fig. 3: Overview of Data Pipeline. Stage 1: Aims to construct a video corpus and
perform various pre-processing steps in preparation for Stage 2 in Sec. 2.1. Stage 2:
Focuses on generating editing pairs for each category by leveraging a diverse set of
models and tools in Sec. 2.2. Stage 3: Involves the fine-grained filtering of all pairs
generated in Stage 2 to retain only high-quality samples in Sec. 2.3.

2.2 Taxonomy-Guided Generation of Video Edits and Instructions

The OpenVE-3M dataset includes eight major video editing categories: six SA
(Global Style Transfer, Background Change, Local Change, Local Remove, Local
Add, Subtitles Edit) and two NSA (Multi-Shot Camera Edit, Creative Edit). SA
edits maintain perfect consistency in motion and detail between the original and
edited videos. In contrast, NSA edits maintain the primary subject’s consistency
but introduce new, creative motion. The construction process for each category
is detailed below. The respective flowcharts can be found in Appendix.
Global Style. This category involves transforming the global style of a video
while preserving the original motion and details. It includes 18 common styles
(e.g., Ghibli, oil painting), four times of day (e.g., Morning, Blue Hour), and three
weather conditions (e.g., Sunny, Rainy, Snowy). For the data generation pipeline,
the initial frame of the video is input to GPT-4o with a carefully designed prompt
to generate an image editing instruction and corresponding forward/backward
prompts for video editing. The initial frame and the image editing instruction
are then used with the FLUX-Kontext-dev [14] model to perform stylistic image
editing. The edited initial frame, along with the Canny or depth video of the
original clip, is then input to the Wan2.1-Fun-V1.1-14B-Control [27] to generate
the final stylized video under the structural guidance of the Canny maps.
Background Change. For videos with a clear foreground-background distinc-
tion, this task involves changing the background to various scenes. Since robust
video foreground detection algorithms are not readily available, we adapt an
image-based approach. First, an image foreground detection algorithm is applied
to the initial frame to generate a foreground mask. We then compute the Intersec-
tion over Union (IoU) between this mask and all possible combinations of object



6 H. He et al.

masks (obtained via Grounded SAM2 [23]). If the IoU for a combination exceeds
0.95, that combined mask is considered the definitive foreground mask for the
video. The pipeline then proceeds by using GPT-4o to generate image and video-
level prompts for background editing. The FLUX-Kontext-dev [14] model edits
the background of the initial frame. We create a foreground-only Canny/depth
video by masking out the background. Finally, this masked Canny/depth video
and the edited initial frame are input to the Wan2.1-Fun-V1.1-14B-Control [27]
model to generate the final video with the new background.

Local Change. This includes a range of edits such as object transformation,
style modification, color alteration, and age progression. The initial frame and
its localized object descriptions (from DAM [16]) are input to GPT-4o with a
carefully designed prompt. This generates a variety of rich, localized image and
video editing prompts. The FLUX-Kontext-dev [14] model then performs the
local edit on the initial frame. Finally, the edited frame, along with the original
Canny or depth video, is fed into the Wan2.1-Fun-V1.1-14B-Control [27] model
to produce the edited video clip.

Local Remove/Add. For local object removal and addition, we devise two
distinct data generation pipelines. To create training data for local addition, we
first leverage video inpainting models [15,39] to remove an object from an original
video clip based on a given mask. This resulting inpainted video, where the object
is absent, serves as the source video for the addition task. We then use GPT-4o to
generate a corresponding ‘local add’ instruction from an object description [16],
while the original, unedited video acts as the ground-truth target. Conversely,
to generate data for local removal, we synthesize a video with a new object. This
process begins by using GPT-4o to generate an image-level ‘add’ instruction for
the first frame of a video, which is then edited by the FLUX-Kontext-dev [14]
model. Subsequently, the Wan2.2-I2V-A14B [27] model generates a full video
from this single edited frame, and we employ Grounded SAM2 [23] to segment
the newly added object. The masked region containing the object is then pasted
onto the original video frames to produce the final edited clip. This synthetic
video with the added object then becomes the source video for the removal task.
A ‘local remove’ instruction is generated by GPT-4o, and the original video
without object serves as the corresponding target video.

Subtitles Edit. This category includes tasks for adding, removing, and modi-
fying subtitles, featuring nine variations (three positions: top, middle, bottom).
The pipeline uses GPT-4o to generate appropriate video text. A rendering tool
then renders subtitles of different styles at various positions. Finally, GPT-4o
generates the editing instructions for the add, remove, and modify tasks.

Camera Multi-Shot Edit. This NSA task involves editing a video to switch
between close-up, medium, and wide shots of the same subject, comprising a
total of six transition types. We leverage the “Native Multi-Shot” feature of
Seedance [10]. GPT-4o generates prompts for a three-shot sequence, which are
then used for I2V generation. After generating a multi-shot video with a consis-
tent subject, visual style, and atmosphere, a shot detection model segments the
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Fig. 4: Category and Frame Count Statistics for OpenVE-3M.

different shots. These segments are then used to create shot-switching edit pairs
and corresponding instructions.
Creative Edit. This NSA involves editing an object to follow a creative instruc-
tion, where the subject’s actions may change significantly. For a given source
video, we use GPT-4o to generate multiple creative I2V instructions based on
its initial frame. The Seedance [10] model then generates high-quality videos for
each instruction. Finally, any two of these generated videos can form an edit-
ing pair, with GPT-4o generating a creative editing instruction to describe the
transformation between them.

2.3 Data Filtering and Curation

To ensure video quality, we first filter the synthesized videos to mitigate distri-
bution and temporal drifts that may arise from discrepancies between I2I and
I2V generation. Specifically, we employ Temporal Flickering (TF) to quantify
inter-frame flicker via mean absolute difference and CLIP-F to measure tem-
poral consistency through average CLIP [22] similarity. Videos exhibiting high
flicker or low consistency are subsequently discarded. Secondly, we designed a
meticulous data filtering pipeline for all synthesized data pairs (excluding Sub-
titles Edit) based on VLMs. This process is based on three main evaluation
metrics, each rated on a scale of 1 to 5: 1) Instruction Compliance, 2) Consis-
tency & Detail Fidelity, and 3) Visual Quality & Stability. Crucially, the score
for Instruction Compliance serves as an upper bound for the other two metrics.
We prioritize instruction compliance as the primary evaluation criterion because
many generated videos, despite high visual quality, may fail to follow the edit
instruction. Finally, we input the editing instruction, original video, and edited
video into various VLMs for automated scoring. To benchmark the VLMs, we
first manually annotated a set of 300 video pairs, defining pairs with an av-
erage score > 3 as positive samples and those ≤ 3 as negative samples. The
resulting accuracies were: Qwen3-VL-30B-A3B [3] (61%), InternVL3.5-38B [28]
(66%), Seed1.6-VL [25] (70%), and Gemini2.5-Pro [8] (69%). Due to API rate
limits (TPM) for Seed1.6-VL and Gemini2.5-Pro, we ultimately selected the
Intern3.5-VL-38B [28] to eval the entire dataset, retaining pairs with score ≥ 3.

Our final OpenVE-3M dataset contains 3 million video editing pairs across
the eight categories. As shown in Tab. 1, OpenVE-3M surpasses existing IVE
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Fig. 5: Overall of the OpenVE-Edit. (a) Architecture of OpenVE-Edit. (b) The
detailed structure of the MoE-Connector module.

datasets in terms of task diversity, data scale, resolution, frame count, and
prompt detail. Specifically, our dataset features more categories and a higher
average instruction length than its counterparts. Its video frame count and res-
olution are also among the highest quality available. Furthermore, as illustrated
in Fig. 4, the distribution across different editing types is well-balanced, making
OpenVE-3M a comprehensive, high-quality, and large-scale IVE dataset.

3 OpenVE-Edit: An Effective Instruction-Guided Video
Editing Method

In Fig. 5, OpenVE-Edit, consists of three main modules: a MLLM, a MoE-
Connector, and a DiT. The input editing instruction and video are jointly fed
into the MLLM to capture the semantic relationships between the instruction
and the visual content. Subsequently, a task-aware MoE-Connector processes
the hidden features from the MLLM, decoupling them through multiple expert
networks. These processed features are then concatenated along the token di-
mension with the instruction features encoded by umT5. Concurrently, the latent
features of the original video, derived from a VAE, are concatenated with noise
along channel dimension. This composite latent representation subsequently in-
teracts with the combined semantic editing features through the Cross-Attention
mechanism in the DiT model.

3.1 Editing Knowledge Injection via MLLM

Baseline video generation models, such as Wan [27], rely solely on umT5-encoded
text features, which interact with noisy latent features through cross-attention.
However, using only umT5 features provides a literal representation of the editing
instruction and fails to capture higher-level semantic and spatial relationships
between the instruction and the visual content. Therefore, we jointly input the
original video and the editing instruction into an MLLM. This enables the model
to capture these higher-level semantic and spatial relationships. Furthermore,
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to emphasize edit-relevant semantics, we discard token embeddings associated
with prefixes, such as system prompts. This filtering process ensures that only
tokens corresponding directly to the editing information are retained, focusing
the subsequent processing on the specific editing task.

3.2 Decoupling Task Cues from Expert Gating

Addressing the diverse requirements of editing tasks with a single model presents
a challenge of task heterogeneity, which can lead to parameter inefficiency. Shared
parameters may internalize conflicting representations from different tasks, re-
sulting in suboptimal specialization and an increased parameter count. There-
fore, we design a task-aware MoE-Connector module to handle different editing
types for both images and videos. Since videos of varying frame counts and
resolutions produce different numbers of tokens from the MLLM, we employ
learnable queries to extract key information from the hidden states for different
editing tasks. This is achieved by activating specific sparse expert sub-networks,
allowing for precise capacity allocation for each task. Given input Xin ∈ Rb×s×d

where b is batch size, s is sequence length, and d is the MLLM hidden dimension,
the forward process of the overall model is:

Y = Wo

(
MoE-Dec

(
Ql,MoE-Enc(Fi(Xin))

))
, (1)

where Ql ∈ Rb×Lq×Dh is the learnable decoder query with Lq being the learn-
able query length and Dh being the hidden dimension, Wo is the output linear
transformation matrix, Fi is the Feed-Forward Network (FFN) for dimension
mapping, MoE-Enc and MoE-Dec are the MoE encoder and decoder modules
respectively, each containing a self-attention layer, a cross-attention layer, and
an MoE-FFN. For input x ∈ RDh , the MoE-FFN computation process is:

y =
∑
i∈S

wi ·
(
Wi,2 · GELU(Wi,1x+ bi,1) + bi,2

)
, (2)

where S = topk(softmax(Wgx), k) is the set of top-k selected expert indices,
Wg is the gate weight matrix, Wi,j and bi,j are the weights and biases of the
i-th expert network, wi is the normalized weight for expert i.

3.3 Accelerating Convergence in A Unified Model

Unlike large pre-trained models, our MoE-Connector is randomly initialized,
which risks introducing noise and destabilizing training. To mitigate this, we
draw inspiration from ControlNet [37] by zero-initializing the weights of the con-
nector’s final MLP layer Wo. We then concatenate its output with the original
umT5 instruction features. This design effectively renders the module "invisible"
at the start of training, as its zero-output preserves the integrity of the umT5
features. As training progresses, the module gradually learns to contribute useful
information via gradient descent, ensuring stable and efficient convergence.
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4 OpenVE-Bench: A Robust Instruction-Guided Video
Editing Benchmark

4.1 Benchmark Construction

Our OpenVE-Bench is constructed with two primary categories: SA and NSA
edits. These are further divided into eight fine-grained subcategories, totaling
431 IVE pairs, with each subcategory containing over 50 video clips on aver-
age. For Global Style, we carefully select 58 video clips and design instructions
covering 18 distinct styles, 3 different times of day, and 4 weather conditions.
For Background Change, we manually select 59 clips suitable for background
changes and design diverse instructions with styles ranging from harmonious to
highly stylized. For Local Change, we select 65 clips featuring prominent subjects
such as humans, animals, or vehicles, with instructions for object transforma-
tion, style modification, and age manipulation. For Local Add , we select 67 clips
of varying difficulty and design instructions for adding objects of different sizes,
from small items like a kite to large ones like a car. For Local Remove, we select
59 videos featuring subjects of varying sizes and types and design corresponding
removal instructions. For Subtitles Edit , we select 50 clips from diverse scenes
and styles, with instructions to add, delete, or replace text at top, middle, or
bottom positions using various styles. For Camera Multi-Shot Edit , we select 43
clips with prominent subjects and design instructions for transitioning between
long, medium, and close-up shots. For Creative Edit , we select 30 distinctive
video clips and use GPT-4o to generate diverse and imaginative instructions.

4.2 Evaluation Metrics

Following established criteria [19, 32, 34], we evaluate IVE on a 1-5 scale for
Instruction Compliance, Consistency & Fidelity, and Visual Quality & Stabil-
ity. Crucially, the Instruction Compliance score upper-bounds the other two,
prioritizing adherence to the edit instruction. We also assess video quality by
quantifying temporal flicker with TF (Temporal Flickering (mean absolute dif-
ference)) and consistency with CLIP-F (average inter-frame CLIP similarity).

5 Experiments

5.1 Implementation Details

We use Wan2.2-TI2V-5B as the video generation base model. The Qwen2.5VL-
3B [3] processes the input video and editing instructions. For the MoE-Connector,
both the encoder and decoder blocks have 2 layers. Each layer contains 6 ex-
perts, with 2 experts activated per forward pass. The sequence length of the
learnable queries is 512. We employ a two-stage training strategy. First, we train
the model for one epoch at a 480P resolution with a global batch size of 512 and
a learning rate of 1e-5. Subsequently, we fine-tune the model for an additional
epoch at a 720P resolution with a reduced learning rate of 1e-6.
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Table 2: Quantitative Comparison on OpenVE-Bench with Seed1.6-VL [25]. White,
yellow, gray, and blue backgrounds indicate Closed-source, Open-source and Ours,
respectively. #Params. and #Reso. refers to Parameters and Resolutions, respectively.
* Indicates that Extra Image Editing Model is required for video editing.

Methods Model Details OpenVE-Bench results on Seed1.6-VL Gemini
Overall

Video Quality

#Params. #Reso. Overall GS BC LC LR LA SE CE CME TF CLIP-F

Runway [1] - 1280×720 3.50 3.47 2.84 3.88 3.88 2.79 3.50 3.23 4.48 3.65 0.9851 0.9659
VACE [12] 14B 1280×720 1.17 1.41 1.16 1.43 1.00 1.05 1.02 1.13 1.16 1.57 0.9852 0.9685

OmniVideo [24] 1.3B 640×352 1.02 1.02 1.00 1.00 1.00 1.00 1.16 1.00 1.00 1.31 0.9916 0.9785
InsViE [30] 2B 720×480 1.40 2.25 1.23 1.60 1.00 1.23 1.22 1.68 1.02 1.53 0.9768 0.9739

AnyV2V [13]* 3.7B 512×512 1.41 1.84 1.31 1.94 1.09 1.27 1.02 1.57 1.11 1.51 0.9614 0.9589
Señorita [40]* 5B 800×448 1.90 2.29 1.47 2.69 1.93 1.64 2.49 1.91 1.02 1.93 0.9802 0.9658
Lucy-Edit [26] 5B 1280×704 1.95 2.17 2.20 3.30 1.03 2.37 1.06 2.35 1.14 2.15 0.9836 0.9692

ICVE [17] 13B 384×240 2.25 2.35 1.86 2.91 2.68 2.27 2.04 1.94 1.38 2.07 0.9877 0.9661
DITTO [2] 14B 832×480 2.06 3.70 2.23 2.28 1.00 2.08 1.01 2.61 1.51 1.98 0.9848 0.9635

VideoCoF [33] 14B 1280×704 2.24 1.07 1.33 3.52 3.26 2.67 2.57 1.64 1.05 2.24 0.9768 0.9651

OpenVE-Edit 5B 1280×704 2.41 3.11 2.72 3.19 1.42 2.41 2.56 2.01 1.24 2.49 0.9889 0.9698

5.2 Comparison With State-of-The-Art Models

We compare our model with existing state-of-the-art open-source models, in-
cluding VACE [12], OmniVideo [24], InsViE [30], AnyV2V [13], Senorita [40],
ICVE [17], Lucy-Edit [26], and DITTO [2], as well as the closed-source model
Runway Aleph [1]. During our reproduction of the open-source models on a single
GPU with 80GB of VRAM, we observe several limitations. OmniVideo [24] can
only generate videos at a 640x352 resolution with 17 frames; other settings result
in video artifacts. The ICVE [17] model can generate a maximum of 41 frames
at a 480x768 resolution; generating more frames leads to OOM. Therefore, we
use a resolution of 384x240 for ICVE to ensure all frames can be edited. Un-
like end-to-end approaches, AnyV2V [13] and Senorita [40] rely on external I2I
models to edit the first frame before guiding the final video generation. AnyV2V
employs [5] while Senorita-2M uses [14] for this first-frame editing. The other
models are evaluated using their respective official training resolutions and in-
put frame counts. Additionally, due to the cost constraints of Runway Aleph, we
only select 30 samples from each evaluation category for benchmarking.
Quantitative Comparison. Tab. 2 has the evaluation results of all instruction-
guided video editing models on OpenVE-Bench. The closed-source model, Run-
way Aleph, achieves the best performance on both the Seed-1.6VL [25] and
Gemini 2.5 Pro [8] evaluators, significantly outperforming existing open-source
models. The open-source models VACE [12], OmniVideo [24], and InsViE [30] ex-
hibit limited performance due to constraints in their model size or training data.
With 5B parameters, Lucy-Edit [26] achieves moderate performance. ICVE [17],
with 13B parameters, obtains respectable results, but its high-resolution editing
capability is limited to a smaller number of frames. Ditto [2] scores highly on the
global style metric, as its training dataset primarily consists of this edit type.
Our model, OpenVE-Edit, with only 5B parameters, achieves an overall score
of 2.41, surpassing all existing open-source models with a smaller parameters.
While OmniVideo [24] excels on temporal metrics (TF and CLIP-F), it entirely
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Replace the woman's yellow dress with an elegant navy blue evening gown, 
maintaining the same pose and position within the video scene.

Replace the background with a lively park scene. Trees gently sway in the breeze, 
birds occasionally fly by, and sunlight filters through leaves …
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Fig. 6: Qualitative comparison with SoTA methods with Background Change(left) and
Local Change(right) examples.

disregards the edit instruction. Our method, however, achieves both strong tem-
poral quality and superior instruction-following results.
Qualitative Results. Fig. 6 presents a qualitative comparison between our
method and existing open-source SOTA methods. We select the top three per-
forming open-source models for this comparison. In the “Background Change” ex-
ample on the left, although Lucy-Edit [26] successfully changes the background,
it fails to maintain the consistency of the dog from the original video. ICVE [17]
incorrectly erases the woman and alters the man’s appearance. Ditto [2] mis-
takenly treats the painting on the wall as a foreground object and darkens the
dog’s fur. In contrast, our method alters the background according to the instruc-
tion while preserving the consistency of all foreground subjects. In the “Local
Change” example on the right, Lucy-Edit [26] incorrectly edits the clothing of all
three individuals. ICVE [17] erroneously modifies the two people on the left and
also changes their identities. Ditto [2] not only edits the wrong subject but also
incorrectly alters the background. Our method, however, precisely follows the
instruction by changing only the specified woman’s clothing while maintaining
the consistency of the other individuals and the background.

5.3 Extra Ablation and Explanatory Analysis

Ablation on Control Signals for Data Construction. We use depth maps
and Canny edge maps derived from the original video as separate control condi-
tions using Wan2.1-Fun-V1.1-14B-Control [27]. In Fig. 7, when there is a signif-
icant difference between the first and last frames of a video, using depth control
results in poor detail generation. In contrast, Canny edge control better preserves
the details of the original video. Furthermore, if the depth maps are consistent
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Table 3: Ablations of the Model Design and the Training Dataset. Overall indi-
cates the average value of all metrics in OpenVE-Bench.

Index Structure Training Dataset Overall
MLLM MoE-Connector Senorita-2M OpenVE-3M

1 ✓ 2.12
2 ✓ ✓ 2.31
3 ✓ ✓ ✓ 1.54
4 ✓ ✓ ✓ 2.41

across consecutive frames, the background in the generated video often remains
static. Therefore, we choose Canny maps as the control condition for our pipeline.
Acceleration of Data Construction. In the data construction phase, three
tasks require inference with the Wan2.1-Fun-V1.1-14B-Control model. The aver-
age inference time for a single 81-frame, 720P video on one GPU is 50 minutes.
This speed is too slow for large-scale data generation. Consequently, we employ
two strategies to accelerate this process. First, we replace FlashAttention-2 [9]
with the faster SageAttention-2 [36]. Second, we reduce the number of inference
steps from 50 to 10. These optimizations reduce the average generation time to 6
minutes, an ×8 ↑ speedup. Manual inspection of a large number of samples con-
firms that the quality of the accelerated data generation meets our requirements
and shows no degradation. Additionally, for image-to-video (I2V) generation,
we replace the original Wan2.2-I2V-A14B model with its 4-step distilled version,
Wan2.2-I2V-A14B-NFE4-V1, which also significantly improves efficiency.
Ablations on Model Design. Compared to using only umT5 instructions,
jointly inputting the video and instruction into the MLLM enables the model
to better comprehend the instruction and execute the corresponding edit. In
Fig. 8, 1 using only T5 features can lead to a mismatch between the editing
result and the instruction, whereas features from the MLLM 2 mitigate this
issue. This is corroborated by the quantitative metrics, with the score improving

Fig. 7: Comparison with different control videos for Stage2.
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Fig. 8: Qualitative ablations of the Model Design and the Training Dataset.

from 2.12 to 2.31 (+0.19 ↑) in Tab. 3. Furthermore, compared to a simple
MLP connector with shared parameters, the MoE-Connector is more effective
at processing features for different edit types by routing them to specialized
experts. This is reflected in the average score, which increases from 2.31 to 2.41
(+0.1 ↑), demonstrating the effectiveness of our approach in handling diverse
and complex editing tasks. 4 enhances 2 by incorporating an MoE-Connector,
resulting in a better representation of semantic details.
Ablations on Training Datasets. We ablate the training data using Senorita-
2M [40] as a baseline. The resulting average score of 1.54 is significantly lower
than the 2.41 achieved when training on our OpenVE-3M dataset in Tab. 3. This
indicates potential quality issues in the Senorita-2M dataset, a conclusion further
supported by the high proportion of samples with a score of 1, as illustrated in
Fig. 2. Also, in Fig. 8, the model in 4 is outperformed by 3 , a performance
drop caused by training on the low-level data abundant in Senorita-2M.
Ablations on Video Removal Methods. While MiniMax-Remover [39] offers
smoother temporal consistency and less flicker than DiffuEraser [15], it suffers
from twice the inference time and poorer background reconstruction in Fig. 9.
Consequently, we leverage a mix of both models to generate our Remove and
Add data, balancing their respective strengths and weaknesses.
Ablations on Human alignment with VLMs. The 300 pairs were strati-
fied across all 8 edit categories and cover outputs from multiple editing mod-
els/quality levels. Each pair was independently scored by 3 annotators using
the same three 1–5 criteria. The final human score is the average of the three
annotations. The inter-rater agreement is strong, with two-way random-effects
ICC(2,k)=0.948 over the annotators’ overall scores. We computed PLCC/ SROCC
between VLM overall scores and mean human overall scores in Tab. 4. Seed1.6-
VL shows the strongest agreement with humans (PLCC/SROCC 0.833/0.842),

Fig. 9: Qualitative ablations of the Video Removal Methods.
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Table 4: Ablations of the Human alignment with VLMs on OpenVE-Bench.

Judge Seed1.6-VL Gemini2.5-Pro Intern3.5-VL-38B Qwen3-VL-30B-A3B

PLCC 0.833 0.731 0.670 0.583
SROCC 0.842 0.756 0.643 0.555

and Gemini2.5-Pro is also clearly better than InternVL3.5/ Qwen3-VL. This
supports our benchmark design: stronger VLMs are used for final model rank-
ing, while open-source VLMs are only auxiliary references or coarse filters. To
avoid overstatement, we will revise the claim to “reasonably aligned with human
judgment”.

6 Conclusion

We introduce OpenVE-3M, a large-scale, high-quality dataset for instruction-
following video editing. It comprises two main categories, spatially-aligned and
non-spatially-aligned, encompassing a total of eight sub-categories. The detailed
data construction and filtering pipelines are open-sourced to facilitate further
research in the community. We also propose the OpenVE-Edit model, trained on
OpenVE-3M. With only 5B parameters, our model outperforms a 14B param-
eter baseline. For standardized evaluation, we introduce OpenVE-Bench, which
demonstrates high correlation with human judgment. On this benchmark, our
method achieves SOTA performance among open-source models.
Limitations and Future Work. While ours OpenVE-3M dataset is diverse,
it omits certain categories like reference-based style transfer. Also, computa-
tional constraints limited our experiments to smaller-scale model architectures.
We plan to explore architectures that better unify spatially-aligned and non-
spatially-aligned edits, potentially by adapting computationally-demanding im-
age editing paradigms like noise concatenation along token dimensions, which
remains under-explored in video. We will also investigate unified models, fo-
cusing on the bidirectional synergy where model understanding, generation and
editing capabilities mutually enhance each other.
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