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Abstract

Recent years have seen substantial progress in diffusion-
based controllable video generation. However, achieving pre-
cise control in complex scenarios, including fine-grained ob-
ject parts, sophisticated motion trajectories, and coherent
background movement, remains a challenge. In this paper,
we introduce TrackGo, a novel approach that leverages free-
form masks and arrows for conditional video generation.
This method offers users with a flexible and precise mech-
anism for manipulating video content. We also propose the
TrackAdapter for control implementation, an efficient and
lightweight adapter designed to be seamlessly integrated into
the temporal self-attention layers of a pretrained video gen-
eration model. This design leverages our observation that the
attention map of these layers can accurately activate regions
corresponding to motion in videos. Our experimental results
demonstrate that our new approach, enhanced by the Track-
Adapter, achieves state-of-the-art performance on key metrics
such as FVD, FID, and ObjMC scores.

Project Page — https://zhtjtcz.github.io/TrackGo-Page/

Introduction

With the rapid development of diffusion models (Ho, Jain,
and Abbeel 2020; Song, Meng, and Ermon 2020; Dhari-
wal and Nichol 2021; Song et al. 2020), video genera-
tion has witnessed significant progress, with the quality
of generated videos continuously improving. Unlike text-
based (Blattmann et al. 2023b; Zhang et al. 2023; Guo et al.
2023b) or image-based (Blattmann et al. 2023a) video gen-
eration, controllable video generation (Hu et al. 2023; Yin
et al. 2023; Wu et al. 2024) focuses on achieving precise
control over object movement and scene transformations in
generated videos. This capability is particularly valuable in
industry such as film production and cartoon creation.
Controllable video generation remains a highly challeng-
ing task. The primary challenge is precise control, which
includes managing the target movement objects and their
trajectories. Existing methods often struggle to achieve pre-
cise control over these elements. For instance, DragAny-
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Figure 1: Attention map visualization of the last temporal self-
attention layer in Stable Video Diffusion Model. The highlighted
areas in the attention map correspond to the moving areas in the
video. The video has a total of 25 frames, and we selected frames
1, 12, and 23 at equal intervals for visualization. And Attn (i, j)
denotes the temporal attention map between frame ¢ and frame j.

thing (Wu et al. 2024) employs a center point and a Gaus-
sian map to guide the target object along a predefined path.
However, it fails to control the movement of partial or fine-
grained objects effectively. Another approach, Boximator
(Wang et al. 2024a), utilizes bounding boxes to dictate mo-
tion control. It uses a box to specify the target area, where
the sequence of movements of the box guides the motion
of the target. Unfortunately, bounding boxes often encom-
pass redundant regions, which can interfere with the mo-
tion of the target and disrupt the coherence of the back-
ground in the generated videos. The second challenge is ef-
ficiency. Existing works often incorporate conditions in a
way that significantly increases the number of model’s pa-
rameters. For instance, DragAnything utilizes the architec-
ture of ControlNet (Zhang, Rao, and Agrawala 2023), and
DragNUWA (Yin et al. 2023) employs heavy encoders to
map guidance signals into the latent space of the pretrained
model. These design choices inevitably lead to slower infer-
ence times, which can impede the practical deployment of
these models in real-world applications.

In this work, we tackle the task of controllable video gen-
eration by addressing two crucial questions: First, what type
of control should be employed to accurately describe the
motion of the target? Second, how can this control be im-
plemented efficiently?

For the first question regarding the type of control suit-
able for describing the motion of the target, we propose
a novel combination of a free-form mask and an arrow to
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Figure 2: Example videos generated by our proposed TrackGo. Given an initial frame, users specify the target moving object(s)
or part(s) using free-form masks and indicate the desired movement trajectory with arrows. TrackGo is capable of generating
subsequent video frames with precise control. It can handle complex scenarios that involve multiple objects, fine-grained object

parts, and sophisticated movement trajectories.

guide motion. Specifically, users can define the target area
with a brush, allowing for precise specification ranging from
entire objects to partial areas. The trajectory of the move-
ment is indicated by an arrow, also drawn by the user, which
provides clear directional guidance. For the second question
concerning efficient control implementation, we introduce
a novel approach that involves injecting conditions into the
temporal self-attention layers. We observed that the attention
maps generated by these layers effectively highlight areas of
motion within a video, a finding also supported by previous
research (Ma, Lewis, and Kleijn 2023). As demonstrated in
Fig.1, the region of a moving train is distinctly activated in
the attention map of the temporal self-attention layer. Build-
ing on this insight, we propose directly manipulating the at-
tention map of the temporal self-attention layer to achieve
precise motion control. This method not only enhances accu-
racy but also minimizes additional computational overhead.

We introduce TrackGo, a novel framework for control-
lable video generation that leverages user inputs to direct
the generation of video sequences. TrackGo uses free-form
masks and arrows provided by users to define target re-
gions and movement trajectories, respectively, as illustrated
in Fig. 2. This approach consists of two stages: Point Tra-
jectories Generation and Conditional Video Generation. In
the first stage, TrackGo automatically extracts point trajec-
tories from the user-defined masks and arrows. These tra-
jectories serve as precise blueprints for video generation. In
the second stage, we use the Stable Video Diffusion Model
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(SVD) (Blattmann et al. 2023a) as the base model, accom-
panied by an encoder that encodes the motion information.
To ensure that the guidance is precisely interpreted by our
model, we introduce the novel TrackAdapter. This adapter
effectively modifies the existing temporal self-attention lay-
ers of a pre-trained video generation model to accommodate
new conditions, enhancing the model’s control over the gen-
erated video.

Specifically, the TrackAdapter introduces a dual-branch
architecture within the existing temporal self-attention lay-
ers. It integrates an additional self-attention branch running
parallel to the original. This new branch is specifically de-
signed to focus on the motion within the target area, ensuring
that the movement dynamics are captured with high fidelity.
Meanwhile, the original branch continues to handle the rest
areas. This architecture not only ensures accurate and cohe-
sive generation of both the specific movements of the target
and the overall video context but also modestly increases the
computational cost. Furthermore, we introduce an attention
loss to accelerate model convergence, thereby enhancing ef-
ficiency. This balance between control fidelity and efficiency
is crucial for practical applications of video generation.

In summary, our contributions are three fold:

* We introduce a novel motion-controllable video gen-
eration approach named TrackGo. This method offers
users a flexible mechanism for motion control, combin-
ing masks and arrows to achieve precise manipulation
in complex scenarios, including those involving multi-



ple objects, fine-grained object parts, and sophisticated
movement trajectories.

A new component, the TrackAdapter, is developed to
integrate motion control information into temporal self-
attention layers effectively and efficiently.

We conduct extensive experiments to validate our ap-
proach. The experimental results demonstrate that our
model surpasses existing models in terms of video qual-
ity (FVD), image quality (FID), and motion faithfulness
(ObjMC).

Related Work

Diffusion Based Image and Video Generation

Diffusion models (Ho, Jain, and Abbeel 2020) have made
great progress in the field of text-to-image generation
(Betker et al. 2023; Peebles and Xie 2023; Rombach et al.
2022; Saharia et al. 2022; Zhang, Rao, and Agrawala 2023;
Xing et al. 2023), which directly promotes the progress of
basic video diffusion, and many excellent works (Chen et al.
2024; Henschel et al. 2024; Ho et al. 2022; Zhang et al.
2023; Wang et al. 2023a; Zeng et al. 2023) have emerged.
Early works such as VLDM (Blattmann et al. 2023b) and
AnimateDiff (Guo et al. 2023b) try to insert temporal layers
to complete the generation of text to video. Recent mod-
els benefit from the stability of diffusion-based trained mod-
els. I2VGen-XL (Zhang et al. 2023), Stable Video Diffusion
(SVD) (Blattmann et al. 2023a) achieve surprising results on
text-to-video generation and image-to-video, respectively,
with large-scale high-quality data. While these models are
capable of producing high-quality videos, they primarily de-
pend on coarse-grained semantic guidance from text or im-
age prompts, which can lead to actions that do not align with
the user’s intentions.

Controllable Image and Video Generation

In pursuit of enhancing controllability in image and video
content generation, numerous recent studies (Mou et al.
2024; Ye et al. 2023; Khachatryan et al. 2023; Ceylan,
Huang, and Mitra 2023) have integrated diverse method-
ologies to incorporate additional forms of guidance. No-
tably, Disco (Wang et al. 2023b), MagicAnimate (Xu et al.
2023), DreamPose (Karras et al. 2023), and Animate Any-
one (Hu et al. 2023) have each adopted pose-directed ap-
proaches, enabling the creation of videos featuring precisely
prescribed poses. These advancements reflect a concerted
effort towards achieving finer-grained manipulation and tai-
lored video synthesis through pose-guided techniques. De-
spite demonstrating remarkable performance, these tech-
niques are specifically tailored to and thus limited in appli-
cation to videos depicting human subjects.

To broaden the scope of controllable video synthesis
(Wang et al. 2024b; Guo et al. 2023a; Ma et al. 2024; Wang
et al. 2023c; Yin et al. 2023; Wang et al. 2024a; Wu et al.
2024; Tu et al. 2023; Jiang et al. 2023; Qi et al. 2023)
and enhance its general applicability, several approaches in-
corporate control signals into pre-trained video diffusion
models. The work of AnimateDiff endeavors, to integrate
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LoRA (Low-Rank Adaptation) (Hu et al. 2021) within tem-
poral attention mechanisms to grasp camera motion learn-
ing. Nevertheless, LoRA’s potential shortcomings emerge
when tasked with thoroughly manipulating and synthesiz-
ing sophisticated movements, as its learning capacity and
predictive prowess might be constrained by repetitive mo-
tion patterns present in the training dataset. Innovations like
MotionCtrl (Wang et al. 2023c) and DragNUWA (Yin et al.
2023) encode sparse optical flow into dense optical flow as
guidance information to inject into the diffusion model to
control object motion. Boximator (Wang et al. 2024a), on
the other hand, pioneers motion regulation by correlating
objects with bounding boxes, capitalizing on the model’s
innate tracking capabilities. Fundamentally, this approach
employs dual trajectory sets defined by the bounding box’s
upper-left and lower-right vertices. A caveat arises from the
boxes occasionally misinterpreting background details as
part of the foreground, which can inadvertently taint out-
put accuracy. DragAnything (Wu et al. 2024) has introduced
an approach that employs masks to pinpoint a central point,
subsequently generating a Gaussian map for tracking this
center to produce a guiding trajectory for model synthe-
sis. It’s crucial to note, however, that not all masked ar-
eas denote regions of motion. And relying on the Control-
Net (Zhang, Rao, and Agrawala 2023) structure makes it
difficult to achieve satisfactory results in terms of efficiency.

Methodology
Overview

Our task is motion-controllable video generation. For an
input image I € RF>*Wx3 and point trajectories P €
REXHXWX3 extracted from arrows describes the trajecto-
ries information, generating a video V' € REXHXWX3 jp
line with the trajectories, where L is the length of video.

We use Stable Video Diffusion Model (SVD) (Blattmann
et al. 2023a) as our base architecture. The SVD model, sim-
ilar to most video latent diffusion models (Blattmann et al.
2023b), adds a series of temporal layers on the U-Net of
image diffusion to form 3D U-Net. On this basis, We pass
the point trajectories P through a trainable encoder £ to ob-
tain a compressed representation f. This representation is
then injected into each temporal self-attention module, us-
ing down-sampling to process and adapt it to the appropri-
ate resolution. We introduce the TrackAdapter and at each
temporal self-attention of SVD, a TrackAdapter is added to
inject f, as shown in Fig. 3.

In the following sections, we will cover three main topics:
(1) The advantages of point trajectories and how we obtain
and use them. (2) The structure of TrackAdapter and how it
helps SVD to understand complex motion patterns and com-
plete the generation of complex actions. (3) The process of
training and inferring our model.

Point Trajectories Generation

In inference, when the user provides the first frame picture,
the masks of editing area, and corresponding arrows. Our
approach can convert the masks and arrows into point tra-
jectories P through preprocessing, as shown in Fig. 3.
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Figure 3: Top: Pipeline of Point Trajectories Generation. User’s inputs are divided into masks and trajectory vectors for
processing. Each mask corresponds to a trajectory vector. For each mask area, K * s points are randomly selected. The trajectory
vector is then subdivided by the frame number to attain the relative displacement 7~ of each point between frames between
adjacent frames. The final step is to combine this relevant data to construct point trajectories. Bottom: Overview of TrackGo.
TrackGo generates videos by taking user input I and latent input z; as inputs based on an image-to-video diffusion model.
Through the pipeline of point trajectories generation(part (a)), point trajectories P can be obtained from I. Then the point
trajectories P are passed through the Encoder £ and injected into the model via the TrackAdapter, as shown in part (b).
Architecture of TrackAdapter describes the calculation process of TrackAdapter.

For the training process, we first use DEVA (Cheng
et al. 2023) to segment the main components in the ground
truth video P and obtain the corresponding segmentation
sequence M, where i denotes the i-th frame and j denotes

the j-th component. Then, for the mask sequence { M? )
of the first frame, we need to select K points in each mask
area as control points, where s denotes the number of com-

ponents. For mask M, we randomly select 3K points in
the white area, and then use the K-means (MacQueen et al.
1967) to obtain K points. This guarantees the uniformity
of the chosen k points without incurring too much time
overhead. We will have a total of s * K control points
after this stage. After obtaining the control points, we use
the Co-Tracker (Karaev et al. 2023) to track these points
and obtain the corresponding motion trajectories 7T
{(ai ) Yo A v ey o @,y F) H |
where L is the length of video. Finally, we assign a
color to the control points corresponding to the same
component, plot the trajectory 7 and get point trajectories
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P ¢ RIXHXWX3 We built the training dataset using this
method, and after data cleaning and other operations, we

finally got 110k (V, P, {Mf j=1) triple pairs.

Injecting Motion Conditions via TrackAdapter

Motion Conditions Extraction. We use the same encoder
structure from Animate Anyone (Hu et al. 2023) to extract
the timed features. This process can be obtained from Eq. 1,
where f is the compressed temporal representation of P.

f=&P) (1)

The f will be down-sampled according to the resolution
of different temporal self-attention layers and aligned with
its input size.

TrackAdapter Design. In order to use the compressed
temporal representation f to guide the model to generate
a video corresponding to this action, a straightforward ap-
proach is to construct the attention map shown in Fig. 1 us-



ing f. Therefore, we propose a lightweight and simple struc-
ture called TrackAdapter. The function of TrackAdapter is to
activate a motion region corresponding to a specified object,
thus guiding the model generation process. When injecting
point trajectories, TrackAdapter is responsible for activating
the motion region of the specified object. We first compute
the attention map A’ for the TrackAdapter:
()T

QR
Vd
where Q' = W K f = f W,; are the query, key matrices
of the TrackAdapter, f is the compressed representation of

P, obtained from Eq. 1.

To avoid the impact of the origin temporal self-attention
branch on the final active region, we obtain an attention
mask according to the attention map to suppress the areas
activated by the origin temporal self-attention branch.

We transform the attention map A’ into the corresponding
attention mask A, by setting a threshold «:

—inf
Amij = {O

The motion region attended to by the TrackAdapter is the
part of the attention map A’ that exceeds . By setting the
equivalent area in the attention mask A ps to —in f, the orig-
inal temporal self-attention will no longer pay attention to
this part and produce the separation effect. Then, the at-
tention map of the original temporal self-attention can be
rewritten as,

A = softmax( 2

. ’
1fAij >«

’ 3
ifA; <a ©)

Q T
A = softmax(

Vd
Finally, we get the temporal self-attention output of the cur-
rent block: O = (A + A/)V A"V, where Q =
XW,, K = XW,,V = XW, are the query, key, and
value matrices of the temporal self-attention operation, X
is input feature and A" is final attention map. We complete
the separation of the corresponding area and the unspecified
area during the calculation of attention.

+ Ayr) 4

Training and Inference of TrackAdapter

Training The video diffusion model iteratively predicts
noise € in the noisy input, gradually transforming Gaussian
noise into meaningful video frames. The optimization of the
model ¢ is achieved through noise prediction loss,

&)

where ¢ represents the timesteps, 6 represents the U-Net’s
parameters, ¢ represents conditions and 2z is a noisily trans-
formed version of ground truth video zq:

2
L= Etwu(o,l),eNN(O,I) lleo (2¢;¢) — 6||2

(6)

Here, o; and o, denotes a predefined constant sequence. On
the basis of Eq 5, we add point trajectories P and an image I
as conditions, and the optimization objective can be written
as,

Zi = (2o + Ot€

Lmse == ||€0 (zt;g(P)aIa t) - 6”; (7)
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In order to adapt the original temporal self-attention to
the new input mode quickly and to accelerate the model’s
convergence, we design an attention map based loss func-
tion. We gather attention maps from different temporal self-
attention layers to get a set C, which contains 16 different
attention maps. For A, € C, A,(z,y) denotes the tempo-
ral self-attention map between frame x and frame y at block
q. The purpose of the attention loss is to suppress the area
corresponding to the mask in the original branch’s attention
map, i.e. the motion area,

fuw= Y 04,

AgzeCi=1

(i,7) * (M;))? ®)

where ¢ denotes the down-sampling operation, and M; de-
notes the mask of all moving components in ¢-th frame. In
total, our final loss function is then defined by the weighted
average of the two terms,

Hgn vO‘Cmse + )\»Cattn (9)

where ) is a hyperparameter.

Inference. During inference, we set the intensity of the
unspecified area to 7, that is, we set the part of the Eq 3
less than « to 7. Users can adjust 7 to control the movement
of the unspecified area in cases where it needs to move syn-
chronously with the foreground movement or when sensory
interference from the unspecified area needs to be mitigated.
This feature will greatly enhance the creation of fluid and
highly synchronized motion videos.

Experiment Settings

Implementation Details. We employ SVD (Blattmann
et al. 2023a) as our base model. All experiments were con-
ducted using PyTorch with 8 NVIDIA A100-80G GPUs.
AdamW (Loshchilov and Hutter 2017) is configured as our
optimizer, running for a total of 18,000 training steps with
a learning rate of 3e-5 and a batch size of 8. Following the
method proposed in Animate Anyone (Hu et al. 2023), we
have developed a lightweight encoder £. This encoder em-
ploys a total of six convolution layers, two pooling layers,
and a final fully-connected layer. Its primary function is to
align the point trajectories P to the appropriate resolution.
The query and key matrices of the TrackAdapter are initial-
ized from the original temporal attention branch.

Dataset. For our experiments, we utilized an internal
dataset characterized by superior video quality, comprising
about 200K video clips. Following the experimental design,
we further filtered the data to obtain a subset of about 110K
videos as our final training dataset. During the training pro-
cess, each video was resized to a resolution of 1024 x 576
and standardized to 25 frames per clip.

Our test set comprised the VIPSeg validation set along
with an additional 300-video subset from our internal vali-
dation dataset. Notably, all videos in the VIPSeg dataset are
formatted in a 16:9 aspect ratio. To maintain consistency, we
adjusted the resolution of all videos in the validation sets to
1024 x 576. For evaluation purposes, we extracted the tra-
jectories from first 14 frames of each video in the test set.
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Figure 4: Qualitative comparisons between our method and baseline methods, DragAnything and DragNUWA. We use colorful
symbols to highlight the undesired parts of the results generated by the other two approaches.

Evaluation Metrics and Baseline Methods. We measure
video quality using FVD (Unterthiner et al. 2018) and im-
age quality using FID (Heusel et al. 2017). We compare our
methods with DragNUWA and DragAnything, which can
also use trajectory information as conditional input. Follow-
ing DragAnything, ObjMC is used to evaluate the motion
control performance by computing the Euclidean distance
between the predicted and ground truth trajectories.

Quantitative Evaluation

Quantitative comparisons of our method with baseline meth-
ods are shown in Table 1. We test all models on VIPSeg
validation set and internal validation set. From the results,
TrackGo outperforms other approaches across all metrics,
producing videos with higher visual quality and better fi-
delity to input motion control. We also compared the model
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parameters and inference speed of the three approaches.
Since all use the same base model, our comparison focused
on the weights of the newly added modules. To assess the
model’s inference speed, we conducted 100 inference tests
for each approach using identical input data on an NVIDIA
A100 GPU. The results demonstrate that our approach not
only delivers the best visual quality but also achieves the
fastest inference speed, all while requiring the fewest addi-
tional parameters.

Qualitative Evaluation

Visualizations. We present a visualization comparison
with DragAnything and DragNUWA, as shown in Fig. 4.
We can have the following observations: First, DragNUWA
struggles with perceiving the control area, which may lead to
incomplete or inaccurate optical flow. In case (b), the planet



VIPSeg

Internal validation dataset

Performance Metrics

Method FvD| FID] OpjMC || FVD| FID| ObjMC | | Parameters Inference Time
DragNUWA | 321.31 30.15 29898 | 178.37 38.07 129.80 160.38M 58.12s
DragAnything | 29491 28.16 236.02 | 169.73 32.85 133.89 685.06M 152.98s
TrackGo 248.27 25.60 191.15 | 136.11 29.19 79.52 29.36M 33.94s

Table 1: Quantitative comparisons of our approach with DragAnything and DragNUWA. All three methods are based on the
same basic model called SVD. Bolded values indicate the best scores in each column.

is not correctly perceived, and in case (a), the movement of
the gun is also incorrect. In case (c), while the optical flow of
the train is successfully predicted, the absence of flow in the
smoke creates a jarring effect. Second, DragAnything strug-
gles with partial or fine-grained object movement. In case
(a), only the gun and Mario’s hand should move, but Mario’s
entire position shifts unexpectedly, with a similar issue in
case (b). DragAnything also fails to produce a harmonious
background; in case (c), the smoke doesn’t follow the mov-
ing train. In contrast, TrackGo generates videos where tar-
get region movement aligns precisely with user input while
maintaining background consistency and harmony. This sig-
nificantly enhances the visual quality and coherence of the
videos, showcasing TrackGo’s effectiveness. Additional ex-
amples are shown in Fig. 2.

T=-10*

Input

Figure 5: Comparison results of unspecified area suppres-
sion intensity 7. The top row shows the results of the last
frame generated for various 7. The bottom row provides a
magnified view, highlighting the differences more clearly
with red boxes, to better observe the variations.

Attention Mask Control of Background Movement.
Our model possesses the capability to adjust the intensity
of motion in unspecified areas through specific parameters,
which is shown in the Fig. 5. We define the motor inhi-
bition intensity in unspecified areas with the parameter 7.
As shown in Fig. 5, when the hands move, it is necessary
for the steering wheel to move correspondingly to enhance
the realism of the output. When 7 = —10%, the motion in
unspecified areas is significantly suppressed, allowing only
the hands to follow their trajectory while other parts remain
static. This often results in distortion. When 7 = —102, the
unspecified area is less suppressed, allowing hands and the
steering wheel to move simultaneously. However, this set-
ting can still produce disharmonious outcomes, such as the
car logo on the steering wheel remaining static. When 7 = 0,
the unspecified areas can move freely, which typically re-
sults in a more cohesive and harmonious video. Neverthe-
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less, not all movements in the unspecified areas are desir-
able, and excessive movement can damage the video quality.
Therefore, it is crucial to carefully manage the suppression
level to balance realism with artistic control.

Train Step 14k 16k 18k

w/o Attn Mask and Loss  219.15 208.31 218.50
w/o Attn Loss 216.54 191.54 165.12
Full Method 204.02 184.03 136.11

Table 2: FVD tested on the validation set of different variants
after 14k, 16k, and 18k training steps.

Ablation Study

To validate the effectiveness of the attention mask and at-
tention loss, we report the FVD metrics on the internal val-
idation set at various training steps, as shown in Table 2.
Under the same number of training steps, the model with-
out attention loss shows a slightly higher FVD compared to
the model with attention loss. When attention loss is not uti-
lized, the FVD is higher compared to when attention loss is
applied. This discrepancy becomes particularly pronounced
at the 18K training mark. This demonstrates that using atten-
tion loss can accelerate model training and aid convergence.
Without both the attention mask and attention loss, the FVD
stabilizes around 16K steps but remains significantly higher
than the FVD under the full setting.

Conclusion

In this paper, we introduce point trajectories to capture com-
plex temporal information in videos. We propose the Track-
Adapter to process these point trajectories, focusing on the
motion of specified targets, and employ an attention mask
to mitigate the influence of original temporal self-attention
on specified regions. During inference, the attention mask
can regulate the movement of unspecified areas, resulting in
video output that aligns more closely with user input. Ex-
tensive experiments demonstrate that our TrackGo achieves
state-of-the-art FVD, FID, and ObjMC scores.
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