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Abstract. We introduce DragAnything, which utilizes a entity repre-
sentation to achieve motion control for any object in controllable video
generation. Comparison to existing motion control methods, DragAny-
thing offers several advantages. Firstly, trajectory-based is more user-
friendly for interaction, when acquiring other guidance signals (e.g.,
masks, depth maps) is labor-intensive. Users only need to draw a line (tra-
jectory) during interaction. Secondly, our entity representation serves as
an open-domain embedding capable of representing any object, enabling
the control of motion for diverse entities, including background. Lastly,
our entity representation allows simultaneous and distinct motion con-
trol for multiple objects. Extensive experiments demonstrate that our
DragAnything achieves state-of-the-art performance for FVD, FID, and
User Study, particularly in terms of object motion control, where our
method surpasses the previous methods (e.g., DragNUWA) by 26% in
human voting. The project website is at: DragAnything|
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1 Introduction

Recently, there have been significant advancements in video generation, with
notable works such as Imagen Video [20], Gen-2 |[13]|, PikaLab [1], SVD |3],
and SORA [38| garnering considerable attention from the community. However,
the pursuit of controllable video generation has encountered relatively slower
progress, notwithstanding its pivotal significance. Unlike controllable static im-
age generation [32}|33/50], controllable video generation poses a more intricate
challenge, demanding not only spatial content manipulation but also precise
temporal motion control.

Recently, trajectory-based motion control [2,[19}/42}/48] has been proven to
be a user-friendly and efficient solution for controllable video generation. Com-
pared to other guidance signals such as masks or depth maps, drawing a trajec-
tory provides a simple and flexible approach. Early trajectory-based [2/4,[5|19]
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(a) Drag Pixel (e.g., DragNUWA and MotionCtrl) (b) Drag Any Object with its Entity Semantic Representation (Our DragAnything)

Fig.1: Comparison with Previous Works. (a) Previous works (Motionctrl ,
DragNUWA ) achieved motion control by dragging pixel points or pixel regions.
(b) DragAnything enables more precise entity-level motion control by manipulating
the corresponding entity representation.

works utilized optical flow or recurrent neural networks to control the motion
of objects in controllable video generation. As one of the representative works,
DragNUWA encodes sparse strokes into dense flow space, which is then used
as a guidance signal for controlling the motion of objects. Similarly, MotionC-
trl directly encodes the trajectory coordinates of each object into a vector
map, using this vector map as a condition to control the motion of the object.
These works have made significant contributions to the controllable video gener-
ation. However, an important question has been overlooked: Can a single point
on the target truly represent the target?

Certainly, a single pixel point cannot represent an entire object, as shown in
Figure [2| (a)-(b). Thus, dragging a single pixel point may not precisely control
the object it corresponds to. As shown in Figure [I] given the trajectory of a
pixel on a star of starry sky, the model may not distinguish between controlling
the motion of the star or that of the entire starry sky; it merely drags the
associated pixel area. Indeed, resolving this issue requires clarifying two concepts:
1) What entity. Identifying the specific area or entity to be dragged. 2) How
to drag. How to achieve dragging only the selected area, meaning separating the
background from the foreground that needs to be dragged. For the first challenge,
interactive segmentation is an efficient solution. For instance, in the initial
frame, employing SAM allows us to conveniently select the region we want
to control. In comparison, the second technical issue poses a greater challenge.
To address this, this paper proposes a novel Entity Representation to achieve
precise motion control for any entity in the video.

Some works has already demonstrated the effectiveness of using
latent features to represent corresponding objects. Anydoor utilizes features
from Dino v2 to handle object customization, while VideoSwap and
DIFT employ features from the diffusion model to address video editing
tasks. Inspired by these works, we present DragAnything, which utilize the latent
feature of the diffusion model to represent each entity. As shown in Figure
(d), based on the coordinate indices of the entity mask, we can extract the
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Fig. 2: Comparison for Di erent Representation Modeling. (a) Point represen-
tation: using a coordinate point (X;y) to represent an entity. (b) Trajectory Map: using
a trajectory vector map to represent the trajectory of the entity. (c) 2D gaussian: using
a 2D Gaussian map to represent an entity. (c) Box representation: using a bounding
box to represent an entity. (d) Entity representation: extracting the latent di usion
feature of the entity to characterize it.

corresponding semantic features from the diusion feature of the rst frame.
We then use these features to represent the entity, achieving entity-level motion
control by manipulating the spatial position of the corresponding latent feature.

In our work, DragAnything employs SVD [3] as the foundational model.
Training DragAnything requires video data along with the motion trajectory
points and the entity mask of the rst frame. To obtain the required data and
annotations, we utilize the video segmentation benchmark [28] to train DragAny-
thing. The mask of each entity in the rst frame is used to extract the central
coordinate of that entity, and then CoTrack [23] is utilized to predict the motion
trajectory of the point as the entity motion trajectory.

Our main contributions are summarized as follows:

New insights for trajectory-based controllable generation that reveal the dif-
ferences between pixel-level motion and entity-level motion.

Di erent from the drag pixel paradigm, we present DragAnything, which
can achieve true entity-level motion control with the entity representation.
DragAnything achieves SOTA performance for FVD, FID, and User Study,
surpassing the previous method by26%in human voting for motion control.
DragAnything supports interactive motion control for anything in context,
including background (e.g., sky), as shown in Figure@ and Figure[]a.

2 Related Works

2.1 Image and Video Generation

Recently, image generation|[15,32,33,35,44] has attracted considerable attention.
Some notable works, such as Stable Di usion [33] of Stability Al, DALL-E2 [32]
of OpenAl, Imagen |35] of Google, RAPHAEL [47] of SenseTime, and Emu [12]
of Meta, have made signi cant strides, contributions, and impact in the domain
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of image generation tasks. Controllable image generation has also seen signi -
cant development and progress, exempli ed by ControlNet [50] and DragDi u-
sion [29]. By utilizing guidance information such as Canny edges, Hough lines,
user scribbles, human key points, segmentation maps, precise image generation
can be achieved.

In contrast, progress [8,41,43,46,49,54] in the eld of video generation is
still relatively early-stage. Video di usion models [22] was rst introduced using
a 3D U-Net di usion model architecture to predict and generate a sequence of
videos. Imagen Video [20] proposed a cascaded di usion video model for high-
de nition video generation, and attempt to transfer the text-to-image setting to
video generation. Show-1 [49] directly implements a temporal di usion model
in pixel space, and utilizes inpainting and super-resolution for high-resolution
synthesis. Video LDM [6] marks the rst application of the LDM paradigm to
high-resolution video generation, introducing a temporal dimension to the la-
tent space di usion model. I12vgen-xl [51] introduces a cascaded network that
improves model performance by separating these two factors and ensures data
alignment by incorporating static images as essential guidance. Apart from aca-
demic research, the industry has also produced numerous notable works, in-
cluding Gen-2 [13], PikaLab [1], and SORA [38]. However, compared to the
general video generation e orts, the development of controllable video genera-
tion still has room for improvement. In our work, we aim to advance the eld of
trajectory-based video generation.

2.2 Controllable Video Generation

There have been some e orts [9,17, 26,27, 31,52] focused on controllable video
generation, such as Click to Move [2], AnimateDi [18], Control-A-Video [10],
Emu Video [14], and Motiondirector [53]. Control-A-Video [10] attempts to
generate videos conditioned on a sequence of control signals, such as edge or
depth maps, with two motion-adaptive noise initialization strategies. Follow
Your Pose [27] propose a two-stage training scheme that can utilize image pose
pair and pose-free video to obtain the pose-controllable character videos. Con-
trolVideo [52] design a training-free framework to enable controllable text-to-
video generation with structural consistency. These works all focus on video
generation tasks guided by dense guidance signals (such as masks, human poses,
depth). However, obtaining dense guidance signals in real-world applications is
challenging and not user-friendly. By comparison, using a trajectory-based ap-
proach for drag seems more feasible.

Early trajectory-based works [2,4,5,19] often utilized optical ow or recurrent
neural networks to achieve motion control. TrailBlazer [26] focuses on enhancing
controllability in video synthesis by employing bounding boxes to guide the
motion of subject. DragNUWA [48] encodes sparse strokes into a dense ow
space, subsequently employing this as a guidance signal to control the motion
of objects. Similarly, MotionCtrl [42] directly encodes the trajectory coordinates
of each object into a vector map, using it as a condition to control the object's
motion. These works can be categorized into two paradigms: Trajectory Map
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(point) and box representation. The box representation (e.g., TrailBlazer [26])
only handle instance-level objects and cannot accommodate backgrounds such
as starry skies. Existing Trajectory Map Representation (.g., DragNUWA,
MotionCtrl) methods are quite crude, as they do not consider the semantic
aspects of entities. In other words, a single point cannot adequately represent
an entity. In our paper, we introduce DragAnything, which can achieve true
entity-level motion control using the proposed entity representation.

3 Methodology

3.1 Task Formulation and Motivation

Task Formulation. The trajectory-based video generation task requires the
model to synthesize videos based on the motion trajectories. Given a point

conditional denoising autoencoder (z;¢) is utilized to generate videos that
correspond to the trajectory. The guidance signalc encompasses three types of
information: trajectory points, the rst frame, and the entity mask of rst frame.

Motivation.  Recently, some trajectory-based works, such as DragNUWA [48]
and MotionCtrl [42] have explored using trajectory points to control the motion
of objects in video generation. These approaches typically directly manipulate
corresponding pixels or pixel areas using the provided trajectory coordinates or
their derivatives. However, they overlook a crucial issue: As shown in Figure 1
and Figure 2, the provided trajectory points may not fully represent

the entity we intend to control . Therefore, dragging these points may not
necessarily correctly control the motion of the object.

To validate our hypothesis, i.e., that simply dragging pixels or pixel re-
gions cannot e ectively control object motion, we designed a toy experiment
to conrm. As shown in Figure 3, we employed a classic point tracker,i.e.,
Co-Tracker [23], to track every pixel in the synthesized video and observe their
trajectory changes. From the change in pixel motion, we gain two new insights:

Insight 1: The trajectory points on the object cannot represent the entity. (Fig-
ure 3 (a)). From the pixel motion trajectories of DragUNWA, it is evident that
dragging a pixel point of the cloud does not cause thecloud to move; instead, it
results in the camera moving up. This indicates that the model cannot perceive
our intention to control the cloud, implying that a single point cannot represent
the cloud. Therefore, we pondered whether there exists a more direct and e ec-
tive representation that can precisely control the region we intend to manipulate
(the selected area).

Insight 2: For the trajectory point representation paradigm (Figure 2 (a)-(c)),
pixels closer to the drag point receive a greater in uence, resulting in larger
motions (Figure 3 (b)). By comparison, we observe that in the videos synthesized
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Fig. 3: Toy experiment for the motivation of Entity Representation. Existing
methods (DragNUWA [48] and MotionCtrl [42]) directly drag pixels, which cannot
precisely control object targets, whereas our method employs entity representation to
achieve precise control.

by DragNUWA, pixels closer to the drag point exhibit larger motion. However,
what we expect is for the object to move as a whole according to the provided
trajectory, rather than individual pixel motion.

Based on the above two new insights and observations, we present a novel
Entity Representation, which extracts latent features of the object we want to
control as its representation. As shown in Figure 3, visualization of the corre-
sponding motion trajectories shows that our method can achieve more precise
entity-level motion control. For example, Figure 3 (b) shows that our method
can precisely control the motion of seagulls and fish , while DragNUWA only
drags the movement of corresponding pixel regions, resulting in abnormal defor-
mation of the appearance.

3.2 Architecture

Following SVD [3], our architecture mainly consists of three components: a de-
noising di usion model (3D U-Net [34]) to learn the denoising process for space
and time e ciency, an encoder and a decoder, to encode videos into the latent
space and reconstruct the denoised latent features back into videos. Inspired by
Controlnet [50], we adopt a 3D Unet to encode the guidance signal, which is
then applied to the decoder blocks of the denoising 3D Unet of SVD, as shown
in Figure 4. Di erent from the previous works, we designed an entity represen-
tation extraction mechanism and combined it with 2D Gaussian representation
to form the nal e ective representation.

3.3 Entity Semantic Representation Extraction

The conditional signal of our method requires gaussian representation (Y3.3) and
the corresponding entity representation (Y3.3). In this section, we describe how
to extract these representations from the rst frame image.



DragAnything 7

Fig. 4. DragAnything Framework. The architecture includes two parts: 1) Entity
Semantic Representation Extraction. Latent features from the Di usion Model are ex-
tracted based on entity mask indices to serve as corresponding entity representations. 2)
Main Framework for DragAnything. Utilizing the corresponding entity representations
and 2D Gaussian representations to control the motion of entities.

Entity Representation Extraction. Given the rstframeimage | 2 R? W 3
with the corresponding entity mask M , we rst obtain the latent noise x of the
image through di usion inversion (di usion forward process) [21,37,45], which is
not trainable and is based on a xed Markov chain that gradually adds Gaussian
noise to the image. Then, a denoising U-Net is used to extract the correspond-
ing latent di usion features F 2 R? W € as follows:

F= (xut); )

where t represents thet-th time step. Previous works [16, 37, 45] has already
demonstrated the e ectiveness of a single forward pass for representation ex-
traction, and extracting features from just one step has two advantages: faster
inference speed and better performance. With the di usion features, the cor-
responding entity embeddings can be obtained by indexing the corresponding
coordinates from the entity mask. For convenience, average pooling is used
to process the corresponding entity embeddings to obtain the nal embedding
fei;e;:i;eg, where k denotes the number of entity and each of them has a
channel size ofC.

To associate these entity embeddings with the corresponding trajectory points,
we directly initialize a zero matrix E 2 R" W € and then insert the entity em-
beddings based on the trajectory sequence points, as shown in Figure 5. During
the training process, we use the entity mask of the rst frame to extract the cen-
ter coordinates f (x2;y1): (x2;y?); ::2; (xX; y¥)g of the entity as the starting point
for each trajectory sequence point. With these center coordinate indices, the -
nal entity representation E can be obtained by inserting the entity embeddings
into the corresponding zero matrix E (Deatils see Section 3.4).
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