




better performance. However, these methods have trouble
on generating long videos with high quality, mainly due to
the inherent limitations of the UNet architecture. The emer-
gence of Sora [4] is a significant success, demonstrating
the potential of DiT [37] models to generate high-quality
videos with tens of seconds. Recent video generation meth-
ods [28, 82, 93] are mainly based on DiT architecture, and
have achieved great success in the open-source community.
However, these methods rely solely on text or image guid-
ance for video generation, lacking precise control over ob-
ject or camera trajectory, which is crucial for high-quality
video generation.

Trajectory Controllable Video Generation Trajectory
Controllable Video Generation has recently garnered sig-
nificant attention for its ability to precisely control ob-
ject and camera trajectories during video synthesis. Previ-
ous methods [30, 48, 84, 91] integrate optical flow maps
into video generation through a trajectory encoder. Re-
cent works [66, 94] suggest using point maps as a form
of guidance. MotionCtrl [66] processes point maps with
a Gaussian filter and employs trainable encoders to en-
code object trajectories. Trackgo [94] represents objects
using a few key points and injects this information via an
encoder and a custom-designed adapter structure. Other
works [22, 35, 39, 60] employ bounding box to control ob-
ject trajectories. Boximator [60] employs a trainable self-
attention layer to fuse box and visual tokens inspired by
GLIGEN [29]. Some training-free methods [22, 35, 39]
purpose to modify attention layers or initial noised video
latents to inject box signals. Additionally, certain meth-
ods [13, 15, 59, 62] explore the potential of 3D trajecto-
ries to achieve more sophisticated motion control. LeVi-
Tor [59] employs keypoint trajectory maps enriched with
depth information, while others [13, 15, 62] construct cus-
tom 3D trajectories to represent object movements. How-
ever, sparse trajectories lead to imprecise control on ob-
jects shape and size, while dense trajectories are difficult
for users to provide. In contrast, MagicMotion can con-
trol both dense and sparse trajectories, providing users with
more flexible control over video generation.

3. Method
3.1. Overview
Our work mainly focuses on trajectory-controllable video
generation. Given an input image I ∈ RH×W×3, and sev-
eral trajectory maps C ∈ RT×H×W×3, the model can gen-
erate a video V ∈ RT×H×W×3 in line with the provided
trajectories, where T denotes the length of generated video.
In the following sections, we first provide a detailed expla-
nation of our model architecture in Section 3.2. Next, we
outline our progressive training procedure in Section 3.3. In
Section 3.4, we introduce the Latent Segmentation Loss and

demonstrate how it enhances the model capabilities on fine-
grained object shape. We then describe our dataset curation
and filtering pipeline in Section 3.5. Finally, we present an
in-depth overview of MagicBench in Section 3.6.

3.2. Model Architecture
Base I2V generation model We utilize CogVideoX-5B-
I2V [82] and Wan2.1 1.3B [58] as our base image to
video model. The models are built upon a DiT (Diffusion
Transformer) architecture, incorporating 3D-Full Attention
to generate high-quality videos. As shown in Fig. 2, the
model takes an input image I ∈ RH×W×3 and a corre-
sponding video V ∈ RT×H×W×3 and encodes them into
latent representations Zimage, Zvideo ∈ R

T
4 ×H

8 ×W
8 ×16 us-

ing a pretrained 3D VAE [26]. Later, Zimage is zero-
padded to T frames and concatenated with a noised ver-
sion of Zvideo and then fed into the Diffusion Transformer,
where a series of Transformer blocks iteratively denoise it
over a predefined number of steps. Finally, the denoised la-
tent is decoded by a 3D VAE decoder to get the output video
Vout ∈ RT×H×W×3.

Trajectory ControlNet To ensure that the generated video
follows the motion patterns given by the input trajectory
maps C ∈ RT×H×W×3, we adopt a design similar to
ControlNet [89] to inject trajectory condition. As shown
in Fig. 2, we employ the 3D VAE encoder to encode the
trajectory maps into Ztrajectory ∈ R

T
4 ×H

8 ×W
8 ×16, which

is then concatenated with the encoded video Zvideo and
serves as input to Trajectory ControlNet. Specifically, Tra-
jectory ControlNet is constructed with a trainable copy of
all pre-trained DiT blocks to encode the user-provided tra-
jectory information. The output of each Trajectory Control-
Net block is then processed through a zero-initialized con-
volution layer and added to the corresponding DiT block in
the base model to provide trajectory guidance.

3.3. Dense-to-Sparse Training Procedure
Dense trajectory conditions, such as segmentation masks,
offer more precise control than sparse conditions like
bounding boxes but are less user-friendly. To address this,
MagicMotion employs a progressive training procedure,
where each stage initializes its model with the weights from
the previous stage. This enables three types of trajectory
control ranging from dense to sparse. We found that this
progressive training strategy helps the model achieve better
performance compared to training from scratch with sparse
conditions. Specifically, we adopt the following trajectory
conditions across stages: stage1 uses segmentation masks,
stage2 uses bounding boxes, and stage3 uses sparse bound-
ing boxes, where fewer than 10 frames have box annota-
tions. Additionally, we always set the first frame of the
trajectory condition as a segmentation mask to specify the
foreground objects that should be moving.
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Figure 2. Overview of MagicMotion Architecture (text prompt and encoder are omitted for simplicity). MagicMotion employs a pretrained
3D VAE to encode the input trajectory, first-frame image, and training video into latent space. It has two separate branches: the video branch
processes video and image tokens, and the trajectory branch uses Trajectory ControlNet to fuse trajectory and image tokens, which is later
integrated to the video branch through a zero-initialized convolution layer. Besides, diffusion features from DiT blocks are concatenated
and processed by a trainable segment head to predict latent segmentation masks, which contribute to our latent segment loss.

Our model uses velocity prediction following [82]. Let
x0 be the initial video latents, ϵ be the gaussian noise, xt =√
αt ∗ x0 +

√
1− αt ∗ ϵ be the noised video latents, and vθ

be the model output. The diffusion loss can be written as:

Ldiffusion = Et,ϵ∼N (0,I),x0

[ ∥∥∥x0 −
(√

αt xt −
√
1− αt vθ

)∥∥∥2
2

]
(1)

3.4. Latent Segmentation Loss
Bounding box-based trajectory is able to control an ob-
ject’s position and size but lacks fine-grained shape per-
ception. To address this, we propose Latent Segmentation
Loss, which introduces segmentation mask information dur-
ing model training and enhances the model’s ability to per-
ceive fine-grained object shapes.

Previous works [2, 68, 79, 92] have leveraged diffusion
generation models for perception tasks, demonstrating that
the features extracted by diffusion models contain rich se-
mantic information. However, these models generally op-
erate in the pixel space, which leads to extensive computa-
tional time and substantial GPU memory.

To incorporate dense trajectory information while keep-
ing computational costs within a reasonable range, we pro-
pose utilizing a lightweight segmentation head to predict
segmentation masks directly in the latent space, eliminat-
ing the need for decoding operations. Specifically, our seg-
mentation head takes a list of diffusion features Zfeature ∈
R

T
4 ∗ H

16∗
W
16 ∗3072 from each DiT block, and outputs a latent

segmentation mask Zsegment ∈ R
T
4 ∗H

8 ∗W
8 ∗16. We use a

light-weight architecture inspired by Panoptic FPN [27].
Each diffusion feature first passes through a convolution

layer to extract visual features P ∈ R
T
4 ∗ H

16∗
W
16 ∗64. The

resulting features are then concatenated and processed by
another convolution layer followed by an upsampling layer
to generate the final latent segmentation mask. We com-
pute the latent segment loss as the Euclidean distance be-
tween Zsegment and the ground truth mask trajectory latents
Zmask, which can be written as,

Lseg = Et,ϵ∼N (0,I),z0 [∥Zsegment − Zmask∥22] (2)

In practice, Lseg is only used in stage2 and stage3, pro-
viding the model with dense conditions information when
trained with sparse conditions. In detail, we set the weight
of Lseg as 0.5, and the original diffusion loss as 1. In total,
our final loss function can be written as,

L = Ldiffusion + λ ∗ Lseg (3)

where λ is set to 0 in stage1, and 0.5 in stage2 and stage3.

3.5. Data Pipeline
Trajectory controllable video generation requires a video
dataset with trajectory annotations. However, existing
large-scale video datasets [1, 7, 24] only provide text anno-
tations and lack trajectory data. Moreover, almost all previ-
ous works [30, 66, 84, 91, 94] use privately curated datasets,
which are not publicly available.

We present a comprehensive and general data pipeline
for generating high-quality video data with both dense
(mask) and sparse (bounding box) annotations. As shown
in Fig. 3, the pipeline consists of two main stages: the Cu-
ration Pipeline and the Filtering Pipeline. The Curation
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Method MagicBench DAVIS

FID(↓) FVD(↓) M IoU%(↑) B IoU%(↑) FID(↓) FVD(↓) M IoU%(↑) B IoU%(↑)

Motion-I2V [48] 39.31 354.10 56.19 60.66 94.14 1558.32 32.00 42.61
ImageConductor [30] 49.95 331.76 51.76 52.90 91.71 1155.08 34.39 43.41
DragAnything [71] 31.36 253.40 66.30 70.85 70.70 1166.22 40.13 53.60
LeViTor [59] 38.32 194.53 39.96 46.36 97.98 922.68 25.24 31.42
DragNUWA [84] 39.73 185.52 66.88 69.21 84.61 1079.89 41.22 52.61
SG-I2V [35] 32.60 168.82 68.78 74.39 90.93 1170.60 37.36 50.96
Tora [91] 26.27 245.23 58.95 64.03 51.75 766.76 37.98 50.90

Ours (Stage1-Wan1.3B) 17.74 129.79 83.79 80.96 46.65 548.56 42.83 53.67
Ours (Stage2-Wan1.3B) 19.33 143.07 68.89 71.74 48.33 662.82 44.75 61.88

Ours (Stage1-CogVideoX) 15.06 112.69 91.57 87.75 45.06 579.94 81.33 84.97
Ours (Stage2-CogVideoX) 15.17 107.21 76.61 81.45 50.36 760.95 53.94 72.84

Table 1. Quantitative Comparison results on MagicBench and DAVIS. “M IoU” and “B IoU” refer to Mask IoU and Box IoU, respectively.

Stage1 Stage2 Tora DragAnything LeViTor DragNUWA MotionI2V ImgeConductor SG-I2V

Box_MC Comparisons Mask_MC Comparisons FID Comparisons FVD Comparisons

Figure 4. Comparison results of different object number on MagicBench. To present the results more clearly, we have negated the FVD
and FID scores.

4. Experiment

4.1. Experiment Settings
Implementation details. We employ CogVideoX
5B [82] and Wan2.1 1.3B [58] as our base image-to-video
model, which is trained to generate video based on an
input image. Each stage of MagicMotion was trained on
MagicData for one epoch. The training process consists
of three stages. stage1 trains Trajectory ControlNet from
scratch. In stage2, Trajectory ControlNet is further refined
using the weights from stage1, while Segment Head is
trained from scratch. Finally, in stage3, both Trajectory
ControlNet and Segment Head continue training initialized
with the weights from stage2. All training experiments
were conducted on 4 NVIDIA A100-80G GPUs. We
employed AdamW [32] as the optimizer, training with a
learning rate of 1e − 5 and a batch size of 1 on each GPU.
During inference, we set steps to 50, the guidance scale
to 6, and the weight of Trajectory ControlNet to 1.0 by
default.

Datasets. During training, we use MagicData as our train-
ing set. MagicData is annotated with dense to sparse trajec-

tory information using the data pipeline described in Sec-
tion 3.5. It comprises a total of 23K video samples, anno-
tated with text and trajectory. For evaluation, we evaluate
all methods on both MagicBench and DAVIS [38], using
the comparison metrics illustrated in Sec 3.6.

4.2. Comparison with Other Approaches
For thorough and fair comparisons, we compare our meth-
ods against 7 public trajectory controllable I2V meth-
ods [30, 35, 48, 59, 71, 84, 91]. Quantitative comparison
and qualitative comparison results are shown below.

Quantitative comparison. To compare MagicMotion
with previous works, we use the first 49 frames of each
video from DAVIS and MagicBench as the ground truth
video. Since some methods [30, 35, 48, 59, 71, 84] do
not support video generation up to 49 frames in length,
we uniformly sample N frames from these 49 frames for
evaluation, where N represents the video length that each
method support. We leverage the mask and box annotations
from these selected frames as trajectory inputs for mask
or box-based methods. The center point of each frame’s
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outperforms the one trained on the ablation dataset across
all metrics. Qualitative comparisons are shown in Fig. 6. In
this case, we aim to gradually move the boy in the lower
right corner to the center of the image. However, not using
MagicData results to an unexpected child appears next to
the boy. In contrast, the model trained with MagicData per-
forms well, moving the boy along the specified trajectory
while maintaining video quality.

Method MagicBench/DAVIS

FID(↓) FVD(↓) M IoU%(↑) B IoU%(↑)

w/o MagicData 24.24/50.91 125.19/768.27 73.39/50.95 78.66/70.05

Ours 15.17/50.35 107.21/760.95 76.61/53.94 81.45/72.84

Table 2. Ablation Study on MagicData. The model trained with
MagicData outperforms the one trained without it across all met-
rics.

…

…
“A mother and 
her kids strolling 
at the park”

Input Image

Input Trajectory Ours w/o MagicData

Prompt

Figure 6. Ablation Study on MagicData. Not using MagicData
causes the model to generate an unexpected child.

Ablations on Progressive Training Procedure. Progres-
sive Training Procedure allows the model to leverage the
weights learned in the previous stage, incorporating dense
trajectory control information when trained with sparse tra-
jectory conditions. To validate the effectiveness of this ap-
proach, we train the model from scratch for one epoch using
bounding boxes as trajectory conditions. We then compare
its performance with MagicMotion stage2.

As shown in Table 3, excluding Progressive Training
Procedure weakens the model’s ability to perceive object
shapes, ultimately reducing the accuracy of trajectory con-
trol. Qualitative comparisons in Fig. 7 further illustrate
these effects, where the model trained without Progressive
Training Procedure turns the woman’s head entirely into
hair.
Ablations on Latent Segment Loss. Latent Segment
Loss makes the model predict dense segmentation masks
while training with sparse trajectories, enhancing its ability
to perceive fine-grained object shapes under sparse condi-
tions. To evaluate the effectiveness of this technique, we
train the model from stage1 for one epoch using bounding

Method MagicBench DAVIS

M IoU%(↑) B IoU%(↑) M IoU%(↑) B IoU%(↑)

w/o LSL 74.65 78.02 49.19 64.19
w/o PT 74.61 79.49 49.22 67.34

Ours 76.61 81.45 53.94 72.84

Table 3. Ablation Study on Progressive Training (PT) and Latent
Segment Loss (LSL). Experimental results demonstrate that these
techniques enhance the model with better comprehension on fine-
grained object shapes.

…

…“A woman running 
in the field”

Input Image

Input Trajectory Ours w/o PT

Prompt

Figure 7. Ablation study on the progressive training procedure.
Without it, the generated head shapes become noticeably distorted.

boxes as trajectory conditions and compare its performance
with MagicMotion stage2. Table 3 shows that the absence
of Latent Segment Loss reduces the model’s ability on ob-
ject shapes, leading to less precise trajectory control.

5. Conclusion

In this paper, we proposed MagicMotion, a trajectory-
controlled image-to-video generation method that uses
a ControlNet-like architecture to integrate trajectory in-
formation into the diffusion transformer. We employed
a progressive training strategy, allowing MagicMotion to
support three levels of trajectory control: dense masks,
bounding boxes and sparse boxes. We also utilized Latent
Segment Loss to enhance the ability of the model to
perceive fine-grained object shapes when only provided
with sparse trajectory conditions. Additionally, we pre-
sented MagicData, a high-quality annotated dataset for
trajectory-controlled video generation, created through a
robust data pipeline. Finally, we introduced MagicBench, a
large-scale benchmark for evaluating trajectory-controlled
video generation. MagicBench not only assessed video
quality and trajectory accuracy but also took the number of
controlled objects into account. Extensive experiments on
both MagicBench and DAVIS demonstrated the superiority
of MagicMotion compared to previous works.
Acknowledge This work was supported in part
by the National Natural Science Foundation of
China (Grant 62032006 and Grant 62472098).
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