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Figure 1. Comprehensive capabilities of VACE. We present the outstanding generation results based on Wan2.1 (left) and LTX-Video
(right). For each task, the original input image or video (left), the context video (top left corner), and the generated frames are illustrated.

Abstract

Diffusion Transformer has demonstrated powerful capa-
bility and scalability in generating high-quality images and
videos. Further pursuing the unification of generation and
editing tasks has yielded significant progress in the domain
of image content creation. However, due to the intrinsic
demands for consistency across both temporal and spatial
dynamics, achieving a unified approach for video synthe-
sis remains challenging. We introduce VACE, which en-
ables users to perform Video tasks within an All-in-one
framework for Creation and Editing. These tasks include
reference-to-video generation, video-to-video editing, and
masked video-to-video editing. Specifically, we effectively

*Equal Contribution. TProject lead.

integrate the requirements of various tasks by organizing
video task inputs, such as editing, reference, and masking,
into a unified interface referred to as the Video Condition
Unit (VCU). Furthermore, by utilizing a Context Adapter
structure, we inject different task concepts into the model
using formalized representations of temporal and spatial
dimensions, allowing it to handle arbitrary video synthe-
sis tasks flexibly. Extensive experiments demonstrate that
the unified model of VACE achieves performance on par
with task-specific models across various subtasks. Simul-
taneously, it enables diverse applications through versa-
tile task combinations. Project page: https://ali-—
vilab.github.io/VACE-Page/.
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1. Introduction

In recent years, the domain of visual generation tasks has
witnessed remarkable advancements, driven in particular by
the rapid evolution of diffusion models [24, 25, 48, 53, 54,
56, 57]. Beyond the early foundational pre-trained models
for text-to-image [7, 16, 33] or text-to-video [9, 22, 64] gen-
eration in the field, there has been a proliferation of down-
stream tasks and applications, such as repainting [3, 82],
editing [4, 42, 68, 70, 75], controllable generation [30, 76],
frame reference generation [20, 73], and ID-referenced
video synthesis [11, 35, 47, 74]. This array of develop-
ments highlights the dynamic and complex nature of the
visual generation field. To enhance task flexibility and re-
duce the overhead associated with deploying multiple mod-
els, researchers have begun to focus on constructing unified
model architectures [12, 63] (e.g., ACE [23, 41] and Omni-
Gen [71]), aiming to integrate different tasks into a single
image model, facilitating the creation of various application
workflows while maintaining simplicity in usage. In the
field of video, due to the collaborative transformations in
both temporal and spatial dimensions, leveraging a unified
model can present endless possibilities for video creation.
However, leveraging diverse input modalities and ensuring
spatiotemporal consistency are still challenging for unified
video generation and editing.

We propose VACE, an all-in-one model for video cre-
ation and editing that performs tasks including reference-to-
video generation, video-to-video editing, masked video-to-
video editing, and free composition of these tasks, as illus-
trated in Fig. 1. The aggregation of various capabilities re-
duces the costs of service deployment and user interaction,
and by combining the capabilities of different tasks within
a single model, it addresses challenges faced by existing
video generation models, such as controllable generation
of long videos, multi-condition and reference-based gener-
ation, and continuous video editing, thereby empowering
users with greater creativity. To achieve this, we utilize the
current mainstream Diffusion Transformers (DiTs) struc-
ture as the foundational video framework and pre-trained
text-to-video generation models [22, 64], which provide
better basic capabilities and scalability for handling long
video sequences. Specifically, VACE takes into account
the needs of different tasks during its construction and de-
signs a unified interface, dubbed the Video Condition Unit
(VCU), which integrates multiple modalities such as images
or videos for editing, references, and masks. Furthermore,
to differentiate the visual modality information in editing
and reference tasks, we introduce the concept decoupling
strategy, enabling the model to understand what aspects
need to be retained and what should be modified. Mean-
while, by employing a pluggable Context Adapter structure,
concepts from different tasks (e.g., the areas or ranges of
editing or reference) are injected into the model through col-

laborative spatiotemporal representation, enabling it to pos-
sess the capability of adaptive processing for unified tasks.

Due to the lack of existing multi-task benchmarks in
video synthesis, we construct a dataset of 480 evaluation
samples containing 12 different tasks, while evaluating the
performance of the VACE unified model by comparing it
with existing specialized models. Experimental results
demonstrate that our framework exhibits sufficient compet-
itiveness in both quantitative and qualitative analyses. To
the best of our knowledge, we are the first all-in-one model
based on the video DiT architecture that concurrently sup-
ports such a wide range of tasks. Notably, this innovative
framework allows for the compositional expansion of base
tasks, enabling the construction of scenarios such as long
video re-rendering, which provides a versatile and efficient
solution for video synthesis, opening new possibilities for
user-side video content creation and editing.

2. Related Work

Visual Generation and Editing. With the rapid develop-
ment of image [2, 7, 16, 18, 58, 59] and video [22, 32,
73, 77] generation models, they are being used to create
high-quality visual content and are widely applied in fields
such as advertising, film special effects, game develop-
ment, and animation production [13, 43-45, 55]. Mean-
while, to meet the diverse needs of visual media produc-
tion and to enhance efficiency and quality, precise gener-
ation and editing methods have emerged. Models are re-
quired to perform generative creation based on multimodal
inputs, such as depth, structure, pose, scene, and charac-
ters. According to the purposes of the input conditions,
we can categorize them into two types: editing of the in-
put and concept-guided re-creation. A significant portion
of the work, such as ControlNet [76], ControlVideo, Com-
poser [26], VideoComposer [68], and SCEdit [30], focuses
on single-condition editing and multi-condition compos-
ite editing based on temporal and spatial alignment con-
ditions. Additionally, some works that focus on interac-
tive local editing scenarios, such as DragGAN [46] and
MagicBrush [75]. Methods that guide generation based on
semantic information from the input, such as Cone [38],
Cone?2 [39], InstantID [67], and PuLID [21], can achieve
conceptual understanding of the input and inject it into the
model for creative purposes.

Task-unified Visual Generative Model. As the complex-
ity and diversity of user creations increase, relying solely
on a single model or a complicated chain of multiple mod-
els can no longer provide a convenient and efficient path for
implementing creative ideas. In image generation, a uni-
fied generation and editing framework has begun to emerge,
allowing for more flexible creative approaches. Methods
such as UltraEdit [81] and SEED-Data-Edit [19] provide
general-purpose editing datasets, while techniques like In-
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Figure 2. Task categories covered by VACE. Four basic tasks can be combined to create a vast number of possibilities.

structPix2Pix [4], MagicBrush [61], and CosXL [60] of-
fer general instruction-based editing features. Additionally,
methods like UniControl [50] and UNIC-Adapter [15] have
unified controllable generation. Further advancements have
led to the development of ACE [23, 41], OmniGen [71],
OmniControl [63], and UniReal [12], which expand the
scope of tasks by providing flexible controllable generation,
local editing, and reference-guided generation. In the video
domain, due to the increased difficulty of generation, ap-
proaches often manifest as single-task single-model frame-
works, offering capabilities for editing or reference genera-
tion, as seen in Video-P2P [37], MagicEdit [34], MotionC-
trl [69], Magic Mirror [80], and Phantom [35]. VACE aims
to fill the gap for a unified model within the video domain,
providing possibilities for complex creative scenarios.

3. Method

VACE is designed as a multimodal-to-video generation
model, where text, image, video, and mask are integrated
into a unified conditioning input. To cover as many video
generation and editing tasks as possible, we conduct in-
depth research into existing tasks, then divide them into
4 categories according to their individual requirements of
multimodal inputs. Without losing generality, we specifi-
cally design a novel multimodal input format for each cat-
egory under a Video Condition Unit (VCU) paradigm. Fi-
nally, we restructure the DiT model for VCU inputs, making
it a versatile model for a wide range of video tasks.

3.1. Multimodal Inputs and Video Tasks.

Despite existing video tasks varying in complex user inputs
and ambitious creative goals, we found that most of their
inputs can be fully represented in 4 modalities: text, image,
video, and mask. Overall, as illustrated in Fig. 2, we group
these video tasks into 5 categories based on their require-
ments of these four multimodal inputs.

e Text-to-Video Generation (T2V) is a basic video cre-
ation task, and text is the only input.

* Reference-to-Video Generation (R2V) requires addi-
tional images as reference inputs, making sure that speci-
fied contents, such as subjects of faces, animals, and other
objects, or video frames, appear in the generated video.

* Video-to-Video Editing (V2V) makes an entire change
to a provided video, such as colorization, stylization, con-
trollable generation, etc. We use video control types
whose control signals can be represented and stored as
RGB videos, including depth, grayscale, pose, scribble,
optical flow, and layout; however, the method itself is not
limited to these.

* Masked Video-to-Video Editing (MV2V) makes
changes to an input video only within the provided 3D
regions of interest (3D ROI), seamlessly blending in
with the other unchanged regions, such as inpainting,
outpainting, video extension, efc. We use an extra
spatiotemporal mask to represent the 3D ROL.

» Task Composition includes all the compositional possi-
bilities of the 4 types of video tasks above.

3.2. Video Condition Unit

We propose an input paradigm, Video Condition Unit
(VCU), to unify diverse input conditions into textual input,
frame sequence, and mask sequence. A VCU can be de-
noted as

V =[T; F; M], (1)

where T is a text prompt, while F' and M are se-
quences of context video frames {u1, us, ..., i, } and masks
{my, ma,...,my} respectively. Here, u is in RGB space,
normalized to [—1,1] and m is binary, in which “1”’s and
“0”s symbolize where to edit or not. F' and M are aligned
both in spatial size h x w and temporal size n. In T2V, no
context frame or mask is required. To keep generality, we
assign a default value 0, to each u denoting empty in-
put, and set every m to 15, meaning that all these pixels
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Figure 3. Overview of VACE Framework. Frames and masks are tokenized through Concept Decoupling, Context Latent Encode, and
Context Embedder. To achieve training with VCU as input, we employ two strategies: (a) Fully Fine-tuning and (b) Context Adapter

Tuning. The latter converges faster and supports pluggable features.

Table 1. The formal representation of frames (F's) and masks (M's)
under the four basic tasks. Frames and masks are aligned spatially
and temporally.

Tasks Frames (F's) & Masks (M)
F = {Oth} Xn
2V M = {Inxu} x n
R2V FZ{Tl,TQ,...,Tl}—f-{Oth} Xn
M = {Ohxw} x 1+ {lhxw} Xn
F= {u17u27 7un}
vav M = {Inxw} x 1
F = {uj,ug,...,un}
MV2v M = {mi,ma,...,my}

are about to be re-generated. For R2V, additional reference
frames r; are inserted in front of the default frame sequence,
while all-zero masks 0y, «,, are inserted in front of the mask
sequence. These all-zero masks mean that the correspond-
ing frames should be kept unchanged. In V2V, the context
frame sequence is the input video frames, and the context
mask is a sequence of 1y x,,. For MV2V, both context video
and mask are required. The formal mathematical represen-
tations are shown in Tab. 1.

VCU can also support task composition. For exam-
ple, the context frames of reference-inpainting task are
{r1,r2,...,r;, U1, U2, ..., u,} and the context masks are
{Opxw} X 1+ {m1,ma,...,my,}. In this case, users can
modify [ objects in the video and regenerate based on the
provided reference images. For another example, users only
have a scribble image and want to generate a video begin-
ning with the contents described by this scribble image,
which is a scribble-based video extension task. The con-
text frames are {u} + {Onxw} X (n — 1) and the context
masks are {1},x., } X n. In this way, we can achieve multi-
condition and reference control generation for long videos.

3.3. Architecture

We restructure the DiT model for VACE, as shown in Fig. 3
aiming to support multimodal VCU inputs. Since there is an
existing pipeline for text tokenization, we only consider the
tokenization of context frames and masks. After being to-
kenized, the context tokens are combined with noisy video
tokens and used to fine-tune the DiT model. Different from
that, we also propose a Context Adapter Tuning strategy,
which allows context tokens to pass through Context Blocks
and be added back to the original DiT Blocks.

3.3.1. Context Tokenization

Concept Decoupling. Two different visual concepts of nat-
ural video and control signals, like depth, pose, are encoded
in F' simultaneously. We believe that explicitly separating
these data of different modalities and distributions is es-
sential for model convergence. The concept decoupling is
based on masks and yields two frame sequences identical
in shape: F, = F x M and F, = F x (1 — M), where
F, is called the reactive frames contain all the pixels to be
changed, while all the pixels to be kept are stored in Fj,
named inactive frames. Specifically, the reference images
and the unchanged part of V2V and MV2V go to Fj, while
control signals and those pixels about to change, such as
gray pixels, are collected to F7.

Context Latent Encoding. A typical DiT processes noisy
video latents X € R" XM *xw'xd where n/, b/, and w' are
the temporal and spatial shapes of the latent space. Simi-
lar to X, F,, Fj, and M need to be encoded into a high-
dimensional feature space to ensure the property of signifi-
cant spatiotemporal correlations. Therefore, we reorganize
them together with X into a hierarchical and spatiotempo-
ral aligned visual features. F, F} are processed by video
VAE and mapped into the same latent space of X, main-
taining their spatiotemporal consistency. To avoid any un-
expected mishmash of images and videos, reference images
are separately encoded by VAE encoder and concatenated
back along the temporal dimension, while the correspond-
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ing parts need to be removed during decoding. M is directly
reshaped and interpolated. After that, F,., F}, and M are all
mapping into latent spaces and are spatiotemporal aligned
with X in the shape of n’ x h’ x w’.

Context Embedder. We extend the embedder layer by con-
catenating F,, F}, and M in the channel dimension and
tokenizing them into context tokens, which we refer to as
the Context Embedder. The corresponding weights to tok-
enize F. and F}, are directly copied from the original video
embedder, and the weights to tokenize M are initialized to
Zeros.

3.3.2. Fully Fine-Tuning and Context Adapter Tuning

To achieve training with VCU as input, a simple method-
ology is to fully fine-tune the whole DiT model, as shown
in Fig. 3a. Context tokens are added together with noisy
tokens X, and all the parameters in DiT and the newly in-
troduced Context Embedder will be updated during train-
ing. To avoid fully fine-tuning and achieve faster conver-
gence, as well as to establish a pluggable feature with the
foundation model, we also propose another methodology
processing the context token in a Res-Tuning [29] manner,
as shown in Fig. 3b. Particularly, we select and copy sev-
eral Transformer Blocks from the original DiT, forming a
distributed and cascade-type Context Blocks. The original
DiT processes video tokens and text tokens, while the newly
added Transformer Blocks process context tokens and text
tokens. The output of each Context Block is inserted back
into the DiT blocks as an additive signal to assist the main
branch in performing generation and editing tasks. In this
manner, the parameters of DiT are frozen. Only the Context
Embedder and Context Blocks are trainable.

4. Datasets

4.1. Data Construction

To obtain an all-in-one model, the diversity and complex-
ity of the required data construction also increase. Exist-
ing common text-to-video and image-to-video tasks only re-
quire constructing pairs of text and video. However, for the
tasks in VACE, the modalities need to be further expanded to
include target videos, source videos, local masks, reference,
and more. To efficiently and rapidly acquire data for various
tasks, it is imperative to maintain video quality while also
conducting instance-level analysis and understanding of the
video data.

To achieve this, we first analyze the video data itself by
performing shot slicing and preliminarily filtering out data
based on resolution, aesthetic score, and motion amplitude.
Next, we label the first frame of the video using RAM [78]
and combine it with Grounding DINO [36] for detection,
utilizing the localization results to perform secondary filter-
ing on videos with target areas that are either too small or
too large. Furthermore, we employ the propagate operation

of SAM2 [52] for video segmentation to obtain instance-
level information across the video. Leveraging the results
of video segmentation, we filter instances in the temporal
dimension by calculating the effective frame ratio based on
the mask area threshold.

In the actual training process, the construction for differ-
ent tasks also needs to be tailored according to the char-
acteristics of each task: 1) For some controllable video
generation tasks, we pre-extract depth [51], scribble [6],
pose [5, 72], and optical flow [65] from the filtered videos.
For gray and layout tasks, we create data on the fly. 2) For
repainting tasks, random instances from the videos can be
masked for inpainting, while the inverse of the mask en-
ables the construction of outpainting data. Augmentation
of the masks [62] allows for unconditional inpainting. 3)
In the case of extension tasks, we extract key frames such
as the first frame, last frame, frames from both ends, ran-
dom frames, and segments from both ends to support a
wider variety of extension types. 4) For reference tasks,
we can extract several face or object instances from the
videos and apply offline or online augmentation operations
to create paired data. Notably, we randomly combine all
the previously mentioned tasks for training to accommodate
a broader range of model application scenarios. Addition-
ally, for all operations involving masks, we perform arbi-
trary augmentation to satisfy various granular local genera-
tion requirements.

4.2. VACE-Benchmark

Significant progress has been made in the field of video
generation. However, a scientific and thorough evalua-
tion of the performance of these models remains an ur-
gent issue that needs to be addressed. VBench [27]
and VBench++ [28] have established a precise evalua-
tion framework for text-to-video and image-to-video tasks
through an extensive assessment suite and dimensional de-
sign. Nevertheless, as the video generation ecosystem
continues to evolve, more derivative tasks have begun to
emerge, such as video reference generation and video edit-
ing, for which a comprehensive benchmark is still lacking.
To address this gap, we propose VACE-Benchmark to
evaluate various downstream tasks related to video in a sys-
tematic manner.

Starting from the data sources, we recognize that real
videos and generated videos may exhibit different perfor-
mance characteristics during evaluation. Thus, we col-
lected a total of 240 high-quality videos categorized by
their sources, encompassing various data types, including
text-to-video, inpainting, outpainting, extension, grayscale,
depth, scribble, pose, optical flow, layout, reference face,
and reference object tasks, with an average of 20 samples
for each task. The input modalities include videos, masks,
and references, and we also provide the original videos
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Table 2. Quantitative evaluations on VACE-Benchmark. We compare the automated score metrics of the unified VACE based on
LTX-Video and the proprietary model on the dimensions of video quality and video consistency, as well as results of human user studies.

Type Method Video Quality & Video Consistency User Study
>
) . ) Z
g R 50 2 =% =% T 9 =0 3FE T o
3§ $i && E§ 5% &% 2% EZ EZ E28% § 2

2 3 i T8 ‘8 TE 2% |veR§ E
v 12VGenXL [77] 5520% 92.87% 60.00% 63.31% 97.43% 23.7718% 89.58% 95.67% 71.54% |2.65 1.60 234 220
CogVideoX-12V [73] 57.78% 94.80% 40.00% 68.23% 98.69% 24.38% 93.84% 97.84% 73.66% |3.30 228 319 292
LTX-Video [22] 56.12% 94.57% 35.00% 62.72% 99.27% 24.92% 92.83% 98.41% 72.89% |2.95 228 228 2.50
VACE (Ours) 57.53% 95.32% 45.00% 68.03% 99.08% 25.13% 93.61% 97.80% 74.38% | 3.20 4.00 2.54 3.24
Inpaint | ProPainter [82] 4470% 95.64% 50.00% 61.57% 99.01% 18.48% 92.99% 98.47% 70.15% |2.35 4.00 2.99 3.11
VACE (Ours) 51.30% 96.30% 50.00% 60.39% 99.12% 21.12% 94.59% 98.21% 72.05% | 2.40 4.00 2.60 3.00
Outpaint | Follow-Your-Canvas [8] | 53.30% 95.99% 5.00% 69.53% 98.08% 2590% 95.38% 97.20% 71.54% |3.05 2.00 1.63 2.23
M3DDM [17] 53.34% 95.87% 30.00% 65.07% 99.22% 25.43% 93.65% 98.85% 73.16% |3.70 3.88 2.28 3.29
VACE (Ours) 57.04% 96.55% 30.00% 69.49% 99.20% 25.36% 94.47% 98.47% 74.25% | 3.90 3.92 3.58 3.80
Depth | Control-A-Video [10] 50.62% 91.71% 70.00% 67.76% 97.58% 24.48% 88.10% 96.58% 72.35% |2.70 228 1.54 2.17
VideoComposer [68] 50.03% 94.18% 70.00% 59.44% 96.23% 24.95% 89.719% 94.38% 70.74% | 2.60 2.44 217 2.40
ControlVideo [79] 63.30% 95.02% 10.00% 65.13% 96.49% 24.20% 92.29% 95.42% 70.07% |2.55 2.50 1.82 2.29
VACE (Ours) 56.72% 96.12% 60.00% 66.41% 98.84% 2527% 94.09% 97.27% 74.99% | 3.10 3.92 2.66 3.23
Pose Text2Video-Zero [31] 57.63% 87.67% 100.00% 70.74% 79.65% 23.94% 84.82% 76.57% 59.69% |2.15 2.00 1.88 2.01
ControlVideo [79] 65.37% 94.56% 25.00% 65.28% 97.32% 25.19% 92.716% 96.82% 72.45% |2.15 1.80 2.03 1.99
Follow-Your-Pose [40] | 48.79% 86.80% 100.00% 67.41% 90.12% 26.10% 80.18% 88.02% 66.43% | 2.00 2.60 1.58 2.06
VACE (Ours) 60.17% 94.92% 75.00% 64.71% 98.63% 26.44% 94.82% 96.60% 76.13% | 2.95 3.96 2.63 3.18
Flow FLATTEN [14] 56.23% 95.80% 70.00% 61.65% 97.86% 26.23% 93.94% 96.17% 74.42% |3.50 2.40 3.19 3.03
VACE (Ours) 5576% 96.07% 75.00% 65.37% 98.98% 25.89% 94.63% 96.93% 75.90% | 290 3.75 2.60 3.08
R2V Kling1.6 [1] 62.13% 96.04% 85.00% 69.27% 99.38% 27.82% 93.719% 97.79% 78.81% |4.22 4.10 3.80 4.04
Pika2.2 [49] 62.48% 96.719% 65.00% 69.87% 99.37% 26.02% 95.93% 98.90% 77.87% |4.00 3.85 3.87 391
Vidu2.0 [66] 64.30% 96.85% 35.00% 67.03% 99.66% 26.53% 96.73% 99.41% 76.47% |3.90 3.85 3.77 3.84
VACE (Ours) 63.25% 98.03% 30.00% 72.29% 99.51% 25.85% 98.54% 99.15% 76.76% | 3.47 3.42 330 3.40

to enable further processing by developers based on the
specific characteristics of each task. Regarding the data
prompts, we supply the original captions of the videos for
quantitative assessment, as well as rewritten prompts tai-
lored to the specific tasks to evaluate the models’ creativity.

5. Experiments

5.1. Experimental Setup

Implementation Details. VACE is trained based on Dif-
fusion Transformers for text-to-video generation at vari-
ous scales. It utilizes LTX-Video-2B [22] for faster gen-
eration, while Wan-T2V-14B [64] is used specifically for
higher-quality outputs, supporting resolutions of up to 720p.
The training employs a phased approach. Initially, we fo-
cus on foundational tasks such as inpainting and exten-
sion, which are considered modal complementary to the
pre-trained text-to-video models. This includes the incor-
poration of masks and the learning of contextual genera-
tion in both spatial and temporal dimensions. Next, from
a task expansion perspective, we progressively transition
from single input reference frames to multiple input refer-
ence frames and from single tasks to composite tasks. Fi-

nally, we fine-tune the model’s quality using higher-quality
data and longer sequences. The input for model training ac-
commodates arbitrary resolutions, dynamic durations, and
variable frame rates to support diverse input needs of users.

Baselines. Our goal is to achieve the unification of video
creation and editing tasks, and currently, there is no com-
parable all-in-one video generation model available, which
leads us to focus our evaluation on comparing our general
model with proprietary task-specific models. Moreover,
due to the numerous tasks involved and the lack of open-
sourced methods for many of them, we conduct our com-
parisons on models that are available either offline or online.
Specifically for the tasks, we compare the following: 1) For
the 12V task, we examine 12VGenXL [77], CogVideoX-
12V [73], and LTX-Video-I12V [22]; 2) In the repaint-
ing task, we compare the ProPainter [82] for removal in-
painting, while Follow-Your-Canvas [8] and M3DDM [17]
are compared for outpainting; 3) For controllable task,
we use Control-A-Video [10], VideoComposer [68], and
ControlVideo [79] under depth conditions, and compare
Text2Video-Zero [31], ControlVideo [79], and Follow-
Your-Pose [40] under pose conditions, as well as FLAT-
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“The elegant lady carefully selects bags in the boutique, and she shows the charm of a mature woman in a black slim dress with a pearl necklace.

Reference Anything

Holding a vintage-inspired brown leather half-moon handbag, she is carefully observing its craftsmanship and texture. The interior of the store...”

“A young boy rises from his chair and walks briskly to the right side of the frame towards the edge of the sun-drenched frame, as if chasing a new

Move Anything

adventure. His eyes were bright, and the corners of his mouth were slightly upturned, revealing curiosity and excitement about the unknown...”

“Anime-style, hot-blooded teenager in bright orange long-sleeved pants sportswear, standing on a surfboard, facing the golden sunshine in the

Animate Anything

rough sea. The teenager's short yellow hair is flying in the wind, his eyes are firm, and he has a confident smile on the corner of his mouth...”

“The video shows an old movie-style scene in retro tones, with a little penguin and a kitten having a joyous bike race. Little penguins and kittens,

Swap Anything

Expand Anything

both dressed in orange-and-red race suits, ride vintage multi-wheeled bikes on a nostalgic dirt road flanked by spectators...”

“In the style of classical oil painting, the background is a river, and in the center of the picture is a mature and elegant woman, wearing a long skirt

and sitting on a chair. She took the open red heart-shaped sunglasses from her arms with both hands and put them on...”

Figure 4. Visualization results of compositional tasks. VACE creatively enables reference-, move-, animate-, swap-, and expand-anything.

TEN [14] under optical flow conditions; 4) In reference
generation, given the absence of open-sourced models, we
compare commercial products Klingl.6 [1], Pika2.2 [49],
and Vidu2.0 [66].

Evaluation. To comprehensively evaluate the performance
of various tasks, we employ the VACE-Benchmark for
assessment. Specifically, we divide the evaluation into au-
tomatic scoring and a user study for manual assessment.
For the automatic scoring, we utilize select metrics from
VBench [27] to assess video quality and video consis-
tency, including eight indicators: aesthetic quality, back-
ground consistency, dynamic degree, imaging quality, mo-
tion smoothness, overall consistency, subject consistency,
and temporal flickering. For the manual assessment, we uti-
lize the mean opinion score (MOS) as our evaluation metric,
focusing on three aspects: prompt following, temporal con-
sistency, and video quality. In practice, we anonymize the
generated data and randomly distribute it to different partic-
ipants for scoring on a scale from 1 to 5.

5.2. Main Results

Quantitative Evaluation. We compare VACE comprehen-
sive model based on LTX-Video with task proprietary ap-
proaches on VACE-Benchmark. For certain tasks, we
follow existing methods; for example, although we support
generating based on any frame, we conduct comparisons
using the first-frame reference approach from current open-
source methods to ensure fairness. From Tab. 2, we can
see that for the tasks of 12V, inpainting, outpainting, depth,
pose, and optical flow, our method demonstrates better per-
formance than other open-source methods across eight indi-
cators of video quality and video consistency, with normal-
ized average metrics showing superior results. Some com-
peting methods can only generate at a resolution of 256,
have very short generation durations, and exhibit instability
in temporal coherence, resulting in poorer performance on
automatic metric calculations. For the R2V task, there is
still a certain gap in metrics compared to commercial mod-
els for a small-scale model that aims for fast generation,
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Figure 5. Ablation Studies of the VACE regarding structures, hy-
perparameters, and module configurations.

while being comparable to the metrics of Vidu 2.0. Accord-
ing to the results of human user studies, our method consis-
tently performs better in evaluation metrics across multiple
tasks, aligning well with user preferences.

Qualitative Results. In Fig. |, we present the results of the
VACE single model across various tasks. It is evident that
the model achieves a high level of performance in video
quality and temporal consistency. Furthermore, in compo-
sition tasks shown in Fig. 4, our model showcases impres-
sive abilities, effectively integrating different modalities and
tasks to produce results that cannot be generated by existing
single or multiple models, thereby demonstrating its strong
potential in the fields of video generation and editing. For
example, in the “Move Anything” case, by providing a sin-
gle input image and a movement trajectory, we are able to
precisely move the characters in the scene with a specified
direction while maintaining coherence and narrative consis-
tency.

5.3. Ablation Studies

To better understand the impact of different independent
modules on a unified video generation framework, we
conducted a series of systematic comparative experiments
based on the LTX-Video model to achieve a better model
structure and configuration. To accurately assess the dif-
ferent experimental settings, we sample 250 data points for
each task as a validation set and calculate the training loss,
reflecting the model’s training progress through the mean
curve changes of different tasks.

Base Structure. Text-guided image or video generation
models only take noise as inference input. When extended

to our unified input paradigm, VCU, we can conduct train-
ing using fully fine-tuning or by incorporating additional
parameter fine-tuning. Specifically, as shown in Fig. Sa,
we compare the concatenation of different inputs along the
channel dimension and modify the input dimensions of the
patchify projection layer to achieve the loading and fully
fine-tuning of the pre-trained model. Additionally, we in-
troduce some extra training parameters in the form of Res-
Tuning [29], which serializes VCU in a bypass branch and
injects information into the main branch. The results in-
dicate that both methods yielded similar effects; however,
since the additional parameter fine-tuning converges faster,
we base our subsequent experiments on this approach. As
shown in Fig. 5b, we further conduct hyperparameter ex-
periments based on this structure, focusing on aspects such
as weighting schemes, timestamp shifting, and p-zero.
Context Adapter. Since the number of context blocks will
significantly affect the model size and inference time con-
sumption, we attempt to find an optimal number and distri-
bution of context blocks. We begin with selecting continu-
ous blocks at the input side and make comparisons between
the first 1/4 blocks, 1/2 blocks, and all blocks. Inspired
by the Res-Tuning [29] method, we also experiment with
evenly distributing the injection blocks instead of selecting
a continuous block series. As shown in Fig. 5c, we can see
that when using the same number of blocks, the distributed
arrangement of blocks outperforms the continuous arrange-
ment in shallow blocks. Furthermore, a greater number of
blocks generally yields better results, but due to the limited
improvement in effectiveness and the constraints of train-
ing resources, we adopt a partially distributed arrangement
of blocks.

Concept Decouple. During training, we introduce a Con-
cept Decouple processing module to further disassemble
the visual units, clarifying what content the model needs
to learn to modify or retain. As shown in Fig. 5d, using this
module results in a more significant reduction in loss.

6. Conclusion

This paper introduces VACE, an all-in-one video generation
and editing framework. It unifies the diverse and complex
multimodal inputs required for various video tasks, bridg-
ing the gap between specialized models for each individ-
ual task. This enables most video Al creation tasks to be
completed with a single inference of a single model. While
broadly covering various video tasks, VACE also supports
flexible and free combinations of these tasks, greatly ex-
panding the application scenarios of video generation mod-
els and meeting a wide range of user creative needs. The
VACE framework paves the way for the development of uni-
fied visual generative models with multimodal inputs and
represents a significant milestone in the field of visual gen-
eration.
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