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Figure 1: Examples of generated camera drone trajectories and their corresponding videos recorded
from simulation engines. Learned by watching online videos, the proposed method can generate
diverse trajectories with smooth movements, conditioned on drone types and captured images.

ABSTRACT

Camera drones offer unique perspectives and dynamic motions, yet automating
their control for drone videography remains an open question. Unlike navigation or
racing, there is no well-accepted reward function for human viewing experiences,
making reinforcement learning approaches ill-suited. Therefore, we propose an
imitation learning pipeline that learns from Internet videos by mimicking expert
operations. In the absence of teleoperation data such as controller inputs and flight
logs, we use reconstructed 3D camera poses to estimate camera drone trajectories.
Importantly, to ensure data quality, we develop a scalable filtering scheme based
on trajectory smoothness. After discarding more than three quarters of processed
data, we produce 99k high-quality trajectories, making it the largest camera drone
motion dataset. To evaluate this new task, we introduce an interactive evaluation
environment with 38 natural scenes and 7 real city scans, and benchmark metrics
at both the instance and dataset levels. As a minor contribution, we present a
strong baseline named DVGFormer. Despite architectural simplicity, the proposed
approach can reproduce complex cinematic behaviors such as obstacle-aware
weaving, scenic reveals, and orbiting shots, verifying the effectiveness of the
proposed imitation learning formulation. Data and code are available at link.

1 INTRODUCTION

Camera drones can record videos from controllable locations and angles, making them ideal testbeds
for AI videography systems (Mademlis et al., 2019b). Prior research on automated drone controls
demonstrates great success in navigation (Li et al., 2020), obstacle avoidance (McGuire et al., 2017),
and speed racing (Kaufmann et al., 2023). However, unlike these tasks, videography lacks a well-
defined reward function that reflects human viewing experience. In fact, heuristic scores cannot cover
diverse scenarios (Huang et al., 2018), and subjective aesthetics are difficult to quantify (Mademlis
et al., 2024; Azzarelli et al., 2024). Such reward functions are essential for optimization (Nägeli
et al., 2017) and learning-based methods (Luo et al., 2019), and their absence makes it particularly
challenging to automate movement control for drone videography.
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Figure 2: Contribution overview.

In this work, we propose an imitation learning approach that learns directly from online videos. Rather
than relying on handcrafted heuristic rewards (Joubert et al., 2016; Huang et al., 2018; Mademlis
et al., 2024), our system mimics expert operations in recorded drone footage. In terms of training data,
one straightforward choice is to collect full teleoperation data (Brohan et al., 2022; Kim et al., 2024),
such as controller joystick inputs and drone flight logs, but this is costly and typically lacks diversity.
Instead, we leverage publicly available online videos, which are inexpensive to obtain and abundant.
Specifically, we curate a large-scale real-world training set from YouTube drone footage. To prepare
drone trajectory ground truth, we reconstruct the camera paths in 3D, and discard jittery camera
trajectories using Kalman filter smoothness scores. After filtering out three-quarters of processed
data, we produce 99,003 high-quality 3D drone trajectories in our DroneMotion-99k dataset.

Beyond the dataset, we introduce an interactive environment and a suite of metrics for evaluation.
Prior studies on AI videography (Jiang et al., 2020; Courant et al., 2024) often rely on static and
non-interactive evaluation protocols that compare against ground-truth motions from existing videos.
In contrast, we argue that drone motions should directly influence their observations, and therefore
customize Blender (Blender) to build an interactive environment that renders images conditioned on
drone motions. We further propose a set of metrics that assess trajectory quality at both the instance
and dataset levels, including human preference, crash rate, image-trajectory alignment, and diversity,
establishing the first quantitative benchmark for drone videography.

As a minor contribution, we present DVGFormer, a baseline model that predicts camera trajectories
conditioned on previously captured frames. While we do not aim for architectural novelty, our
results demonstrate that with the right data and tokenization, even a standard Transformer (Radford
et al., 2019) can generate sophisticated and diverse camera trajectories (Fig. 1). This validates the
effectiveness of our imitation learning approach and highlights the central importance of data and
problem framing. A summary of our contributions is provided in Fig. 2.

2 RELATED WORK

AI cinematography and videography often use heuristics, such as keeping the actors in frame and
maintaining distance (He et al., 1996; Yu et al., 2022a;b; Azzarelli et al., 2024). Another option is
exemplar videos (Jiang et al., 2020; 2021; Wang et al., 2023a), where the system transfers shot types
from video examples to create new shots. Textual prompts for shot guidance recently received wide
attention (Courant et al., 2024; Jiang et al., 2024; Li et al., 2024). However, these methods often
overlook the interactive nature of control, and do not consider collision in their evaluation.

Drone videography is mostly heuristic-based (Joubert et al., 2016; Nägeli et al., 2017; Huang
et al., 2018; Mademlis et al., 2019a; 2024). However, these heuristics-based rewards cannot well
characterize the human viewing experience, making it difficult to train on simulation platforms (Jeon
et al., 2020b;a; Pueyo et al., 2024). In an effort to learn from real data, Huang et al. (2019) learn
optical flow as a surrogate of the camera pose. Ashtari et al. (2022) collect the DVCD18K dataset
from online videos, but it lacks high-quality 3D control signal ground truth, which is essential in
imitation learning. In comparison, this research aims to learn from a real-world training dataset with
high-quality 3D camera trajectory, and test on a simulation-based interactive testbed.

Camera movement conditioning in video generation attracts a lot of attention recently (Zhang
et al., 2024; Namekata et al., 2024; Kuang et al., 2024; He et al., 2024; Xu et al., 2024; Bahmani
et al., 2024; Wang et al., 2023b). For example, CameraCtrl (He et al., 2024) designs a plugin module
for the video generation framework. Note that these methods require predefined camera paths, while
our goal is to generate camera trajectories.

2
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Table 1: Comparison with existing camera trajectory datasets. The DroneMotion-99k dataset has the
longest total duration and high quality 3D trajectory annotations under a low acquisition cost.

data source shot type camera motion anno. quality cost #clips duration
Huang et al. (2019) drone videos tracking optical flow (Ilg et al., 2017) low low 92 0.6h
DCM (Wang et al., 2024) 3D animations tracking professional animator very high high 108 3.2h
DVCD18K (Ashtari et al., 2022) drone videos general SLAM (Mur-Artal & Tardós, 2017) low low 18k 44.3h
CCD (Jiang et al., 2024) 3D animations tracking professional animator very high high 25k 41.7h
E.T. (Courant et al., 2024) movies tracking human-centered SfM (Ye et al., 2023) medium low 115k 120.0h
DroneMotion-99k (ours) drone videos general COLMAP + filtering high low 99k 182.3h

13,653 videos

449,997 clips 264,596 Colmap reconstructions

discard keep

camera XYZ axis
raw camera path
smoothed camera path 99,003 filtered reconstructions

Figure 3: Data collection pipeline. Top left: We run shot change detection to split YouTube videos
into clips of individual scenes. Top right: We then use COLMAP to reconstruct 3D scenes and
recover camera poses from video frames. Bottom: Finally, we apply Kalman filter to 3D camera
trajectories and discard low-quality reconstructions with jittery camera paths.

3 FORMULATION AND THE DRONEMOTION-99K DATASET

Problem formulation. We consider the camera pose c and camera motion a in COLMAP convention,

c = {x, y, z, qw, qx, qy, qz} , (1)
a = {vx, vy, vz, ωx, ωy, ωz} (2)

where x, y, z and qw, qx, qy, qz denote camera location and rotation (quaternion). Linear velocity
vx, vy, vz and angular velocity ωx, ωy, ωz are expressed in the local coordinate frame defined by c.

Due to the lack of reward functions for human viewing experiences, we formulate the camera drone
motion control problem as imitation learning. Specifically, at a time step t, given previous video
frames x0:t and drone motions a0:t, the motion control model learns to predict the next motion at+1,
supervised by the ground truth action at+1,gt from the dataset.

For imitation learning, it is essential to curate a large-scale dataset with high-quality ground-truth
annotations. Rather than recording full teleoperations from human expert, we introduce a systematic
approach in generating high-quality motion annotation from online videos at a low cost.

Video pre-processing. We first filter out the videos for harmful or weaponized usage of drones, and
download 13k appropriate YouTube videos at 1080p resolution for a total duration of 1.5k hours.
We split each video into clips of an individual scene (see Fig. 3 top left) with shot change detection
(Castellano), ending up with ∼450k video clips. We then filter out clips with conversations.

3D reconstruction. We use the Structure-from-Motion (SfM) method COLMAP (Schönberger &
Frahm, 2016) to reconstruct the 3D camera path (Fig. 3 top right). To balance the computational cost
and the reconstruction quality, we extract frames at 15 fps and 1080p, and apply affine-covariant
feature detection and Domain-Size Pooling (Dong & Soatto, 2015) for SIFT (Lowe, 2004) features
while limiting the feature point count to 512 per image. Using 4 threads per process, each COLMAP
reconstruction worker takes roughly 200 seconds to finish on average. In total, the computation takes
∼34k CPU hours, roughly three weeks on a 224-core CPU server, producing ∼250k reconstructions.
To address scale ambiguity, we normalize the reconstructed scene based on the average camera
distance between neighboring frames, assuming a stable maximum speed of drones.

3
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Figure 4: Data statistics.
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Figure 5: Interactive evaluation and simulation scenes.

Data filtering. To filter out low-quality data, we identify 3D reconstructions whose camera locations
from neighboring frames are drastically apart (Fig. 3 bottom), which is highly unlikely due to the
continuous nature of camera movements. We adopt the Unscented Kalman Filter (Wan & Van
Der Merwe, 2000) to produce a smoothed camera path, and compare the distance of the original
camera locations to the smoothed camera path to identify reconstruction with reasonable movements.
From ∼1k human-labeled trajectories, we derive a threshold that best separates the correct and
incorrect reconstructions (see Appendix A).

Dataset statistics. Overall, we collect ∼99k samples for a total duration of ∼180 hours. We compare
our dataset with alternatives in Table 1. DroneMotion-99k covers a general topic and contains
high-quality 3D camera paths that are more accurate than those generated without the filtering
stage. Specifically, DroneMotion-99k covers two main types of drones, first-person-view (FPV) and
non-FPV, with a roughly 2:1 ratio. As shown in Fig. 4, FPV drones often travel forward at a higher
speed (larger vx) with larger pitch (ωy), roll (ωz), and yaw (ωx) motions; while non-FPV drones have
more stable shots (lower linear and angular speed). We split 10% of the full dataset into a validation
set and use the remaining as the training set.

4 EVALUATION AND BENCHMARKING

In this research, we introduce an interactive evaluation platform and a set of metrics for drone
videography. Unlike the static or offline setting in AI videography literature (Courant et al., 2024;
Wang et al., 2024; Li et al., 2024; Jiang et al., 2021; 2024), our evaluation protocol does NOT
measure against “ground truth” motions in existing videos. Instead, it emphasizes interaction with
and feedback from the environment. As shown in Fig. 5 left, the control model considers existing
frames and predicts motion for the next frame, and the simulation environment renders the image and
returns a binary crash indicator.

4.1 SIMULATION EVALUATION PLATFORM

To mimic video recording in the real world, we build an interactive simulation testbed by customizing
the Blender engine. To balance the render quality and the speed, we choose a resolution of 225× 400
and 64 rendering samples per frame.1 By default, we generate 3D camera path for a 10-second
duration. See Appendix B for more details.

For synthetic natural scenes, we use InfiniGen (Raistrick et al., 2023) to randomly generate
38 scenes from 10 templates arctic, canyon, cliff, coast, desert, forest,
mountain, plain, river, snowy_mountain.

For real cities, we choose London, Paris, Rome, New York, Sydney, Melbourne, and Himeji. Regions
of roughly 1km × 1km area are manually selected and the corresponding Google Earth 3D meshes
are imported via the BLender Open StreetMap (BLOSM) toolkit (blo).

During evaluation, we run each scene 3 to 10 times with different initial camera poses and drone
types for a total of 184 runs. Specifically, for FPV and non-FPV drones, we set their focal length to
12 and 24 mm, respectively, following typical specifications (dji, b;a).

1This low sample count introduces render noise/jitter; increasing samples alleviates this, but we prioritize
speed over fidelity.

4
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Figure 6: Kinetic feature. Left: Example of a 2D camera path. Right:
Camera speed v in global frame (top), local frame (camera pointing
up, middle), and averaged into M = 3 groups for fkinetic (bottom).

image 
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trajectory 
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Figure 7: CImTr feature
trained from reconstruction
and contrastive objectives.

4.2 EVALUATION METRICS

Kinetic features. To represent the camera trajectory over an arbitrary long period trajectory, we first
consider the kinetic energy (Onuma et al., 2008) over different parts of the trajectory. Specifically,
we first compute the linear speed for the generated camera trajectory v = {vx, vy, vz} in the local
coordinate system specified by the camera pose c, where vx denotes the rightward speed, vy denotes
the downward speed, and vz denotes the forward speed. Next, we downsample the sequence t ∈
{0, ..., T} of an arbitrary length T +1 into M groups, where each group m ∈ {1, ...,M} corresponds
to a sub-sequence t ∈ {Tm−1 + 1, ..., Tm}, where Tm denotes the end of the m-th sub-sequence,
T0 = 0, TM = T . We then average the speed vectors within that period vm = 1

Tm−Tm−1

∑Tm

Tm−1
vt

(Fig. 6). Following this, we create the kinetic feature representation for the camera trajectory as,

fkinetic =
{
v2m,x, v

2
m,y, v

2
m,z

}
∈ R3×M , (3)

where vm,x, vm,y, vm,z denote the components of the average speed vm for group m. Through
monitoring the kinetic energy distribution over M groups, this feature representation helps to measure
the motion smoothness and the trajectory distribution. In practice, we set M = 5.

CImTr features. To measure alignment between images and trajectories, we introduce a Con-
trastive Image Trajectory (CImTr) feature between image feature f img

CImTr and trajectory feature f traj
CImTr.

Inspired by the text-to-human-motion retrieval method TMR (Petrovich et al., 2023), we com-
bine the reconstruction objective Lrecons and the contrastive objective Lcontrast into an overall loss
LCImTr = Lrecons+Lcontrast for training the CImTr model. Specifically, we find that the image modality
is less concise than the language modality, and the camera trajectory can also be redundant when
using a higher frame rate (like the native data annotation at 15 fps). We thus introduce learnable
projectors for the image and the trajectory as information bottlenecks, which greatly helps to reduce
overfitting. A simple illustration can be found in Fig. 7. More details can be found in Appendix C.

Quantitative metrics. For instance-level evaluation, we consider the image-trajectory alignment
between the initial frame and the predicted camera trajectory. Similar to CLIP-score (Hessel et al.,
2021), we use the CImTr features to calculate this image-trajectory alignment score as CImTr-S =

100× max
(
cos

(
f img

CImTr,f
traj
CImTr

)
, 0
)

. We also evaluate obstacle avoidance with the crash rate using
a distance clearance of 0.5 meters. Finally, we report human preference with a reference model.

For dataset-level evaluation, we measure trajectory quality using Frechet Inception Distance (FID)
(Heusel et al., 2017) on kinetic feature fkinetic and CImTr feature f traj

CImTr. FID measures the distribution
distance between generated camera trajectories and validation set trajectories. We also measure
trajectory diversity following (Li et al., 2021; Siyao et al., 2022; Wang et al., 2024) and report the
average pair-wise feature distance divCImTr = Ei,j∥f traj

CImTr,i − f traj
CImTr,j∥2.

4.3 DISCUSSION

Comparison with existing metrics. Existing kinetic-based human motion (Onuma et al., 2008) or
camera motion (Wang et al., 2024) metrics split variable-length sequences into fixed-length chunks,
and represent one sequence with multiple chunks. In comparison, our group-based approach can
represent one sequence as one feature vector, and reflect the motion smoothness across the sequence.

Measuring image-trajectory alignment with CImTr-S. Trained in a contrastive manner, CImTr
feature distance can reflect how well trajectories align with images, and thus indicates the shot

5
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Figure 8: DVGFormer predicts the camera trajectory based on (A) the initial image and previous
camera poses, (B) all previous images, and (C) previous camera poses, images, and motions.

planning quality. As a sanity check, we randomly swap the image-trajectory pairs on the DroneMotion-
99k validation set, and find that this mismatch drops CImTr score from 38.859 to 4.882.

Trajectory features using kinetic and CImTr representations. fkinetic focuses on the linear motion
of the trajectory and offers better explainability and alignment with existing literature (Li et al., 2021;
Siyao et al., 2022; Wang et al., 2024), while f traj

CImTr provides an overall evaluation of both linear and
angular velocities using the learned representation.

5 DVGFORMER MODEL

We consider a trajectory of camera poses c0:T (Eq. 1) and their corresponding images x0:T . Our goal
is to predict the future camera poses ct:T , t ∈ {1, ..., T} based on c0:t−1 and x0:t−1, through either
estimating the camera pose c directly or the camera motion a (Eq. 2).

We build our Drone Videography Transformer (DVGFormer) models with a standard autoregressive
Transformer (Vaswani et al., 2017) architecture. For tokenization, first, we have two tokens for
the sequence-level conditioning. A <Style> token encodes the drone type as either FPV or non-
FPV drones, and a <Cond> token is sampled from a random Gaussian noise to further introduce
randomness to the camera path prediction. We adopt DINOv2 (Oquab et al., 2023) to tokenize RGB
image x, and MLPs to tokenize camera pose c or motion a. For efficiency, we select a lower frame
rate for the camera pose and image. In practice, we set the image frame rate (3 fps) to 5 times lower
than the camera motion (15 fps). An overview of the DVGFormer model family can be found in
Fig. 8 (refer to Appendix D for details).

Bi-level positional embeddings. Sequential orders at both frame and sub-frame levels are very
important. Therefore, we introduce a bi-level design with interleaved frame-level and sub-frame-level
positional embeddings. Compared to using different tokens for different locations in the sequence
(Janner et al., 2021; Brohan et al., 2022; 2023), this bi-level design introduces fewer parameters and
is less susceptible to overfitting. Compared to the frame-level-only design (Chen et al., 2021), this
approach can differentiate different tokens within one time step, making it possible to contrast the
same image patch over time for motion extraction.

To evaluate different designs for this newly introduced task, we consider three baselines:

DVGFormer-A. We condition only on the initial frame x0 to mimic the offline configuration in
previous works (Courant et al., 2024; Wang et al., 2024; Li et al., 2024; Jiang et al., 2021; 2024).
We tokenize both the initial frame and the existing camera poses to represent the camera trajectory.

6
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Table 2: Quantitative performance. The DVGFormer models (B and C) establish a strong baseline
for this new task. Value differences are statistically significant (p < 0.01) over 5 runs. ∗ denotes our
implementation. “validation statistics” refers to the subset of DroneMotion-99k dataset.

input prediction instance-level dataset-level
image pose motion CImTr-S ↑ crash↓ (%) prefer.↑ (%) FIDkinetic ↓ FIDCImTr ↓ divCImTr ↑

validation statistics - - - - 38.859 - - reference reference 1.410
DIRECTOR∗ N/A - - pose 5.289 15.217 15.3±3.7 44.283 1.196 0.952
GenDoP∗ init. img (RGBD) ✓ ✗ pose 6.926 9.239 21.7±4.3 35.780 1.021 1.004
DVGFormer-A init. img ✓ ✗ pose 8.896 16.304 23.3±4.1 35.111 0.872 1.179
DVGFormer-B 10 seconds ✗ ✗ motion 8.001 8.696 56.3±6.7 3.515 0.700 1.209
DVGFormer-C 10 seconds ✓ ✓ motion 9.277 3.804 reference 21.161 0.780 1.201
Variant 1: prediction 10 seconds ✗ ✗ pose 6.882 26.087 - 27.939 1.126 0.904
Variant 2: prediction 10 seconds ✓ ✗ pose 9.496 13.261 - 27.058 0.793 1.186
Variant 3: tokenization 10 seconds ✗ ✓ motion 6.826 12.500 - 18.101 0.736 1.220
Variant 4: tokenization 10 seconds ✓ ✗ motion 10.080 7.609 - 30.489 0.884 1.139
Variant 5: image input 2 seconds ✗ ✗ motion 6.560 14.130 - 18.667 0.733 1.145
Variant 6: image input 10 seconds (RGBD) ✗ ✗ motion 6.709 7.065 - 7.692 0.746 1.184

Following existing works, we also directly predict the camera pose c of future frames instead of the
camera motion a.

DVGFormer-B. We change from the offline configuration in DVGFormer-A to an interactive con-
figuration, where the camera trajectory prediction is conditioned on previous frames x0:t. We only
tokenize the stream of images in this setting, making it comparable to an online video understanding
model. In addition, we predict the camera motion a from the prediction token <Pred>, which has a
more stabilized distribution than the camera pose c. Motion prediction also supports a higher frame
rate than pose prediction, which is one-to-one matched with image frames. In practice, we set the
frame rate at 3 fps for images and camera poses, and 15 fps for motions.

DVGFormer-C. We further expand on the interactive design of DVGFormer-B and use previous
camera poses c0:t, images x0:t, and motions a0:t as conditions. We discard the one-shot motion
prediction from the <Pred> token and choose an iterative next token prediction approach.

Training details. For image-only augmentation, we apply the same random scaling and color jittering
to the entire video. For trajectory-only augmentation, we apply random temporal clip to minimize the
dependency on the starting frames. For image-and-trajectory augmentation, we apply random 3D
horizontal flip, which flips both 2D images and the 3D camera pose and motion.

We use standard sequence-level loss to train DVGFormer, depending on the prediction, we have,

L =
1

T

T∑
t=1

∥ct,pred − ct,gt∥1 or ∥at,pred − at,gt∥1, (4)

where ∥ · ∥1 denotes the absolute distance to supervise the camera pose or motion predictions.

6 EXPERIMENTS

6.1 IMPLEMENTATION

We represent camera poses in global coordinates specified by the first frame, and camera motions
in the local coordinates specified by the current frame. We use GPT-2 (Radford et al., 2019) for the
auto-regressive transformer with 12 layers and a total of 40M parameters. We use the ViT-Small
(Dosovitskiy et al., 2021) version of DINOv2 (Oquab et al., 2023), which is kept fixed during training.
Experiments on two NVIDIA RTX-3090 GPUs take 8 hours for 10 epochs with a batch size of 32 per
GPU and 4 gradient accumulation steps.

6.2 QUANTITATIVE RESULTS

In Table 2, we find that the offline option, DVGFormer-A, performs the worst in the DVGFormer
family, highlighting the need for interactive inference. DVGFormer-B and DVGFormer-C establish
strong performance, with the former prioritizing the trajectory quality (lowest FID values) and
diversity (second best div), and the latter prioritizing the alignment between shot plans and image
content (third best CImTr-S) and collision rates (lowest).
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Figure 9: Result visualization. DVGFormer predicts camera trajectories (top), and the interactive
environment renders them into videos (bottom). Generated camera motions include panning sideways,
navigating through buildings, following the road, trucking backwards for a stable shot, orbiting
mountains for a scenic reveal, or flying past the human actor at high speed.

We re-implement two models for comparison, i.e., DIRECTOR (Courant et al., 2024), a diffusion-
based trajectory generation model using human actor motion (unavailable) and text guidance,
and GenDoP (Zhang et al., 2025), a concurrent auto-regressive pipeline that conditions on
text prompts and initial image. We provide general text prompts “a video of an FPV drone” or
“a video of a non-FPV drone”. Due to the lack of image conditioning, camera trajectories from
DIRECTOR (Courant et al., 2024) show poor alignment with images and a high crash rate. The
monocular depth estimation (Yang et al., 2024) in GenDoP (Zhang et al., 2025) helps to lower the
crash rate, but it also limits the trajectory alignment (lower CImTr-S) and the trajectory quality
overall (worse FIDs and div).

The above quantitative results are also supported by user preference, where five human users are
given 184 videos to rate their preference for each comparison. It is shown that for human viewers,
motion quality (FIDs and div) might outweigh image-trajectory alignment (CImTr-S), but overall,
the proposed metrics can well reflect the human preference. See Appendix E for more details.

For variant studies, in terms of prediction type, we find that directly swapping the prediction target
from motion a to camera pose c significantly worsens the trajectory quality, diversity, and crash rate
(Variant 1 vs. DVGFormer-B). Adding a pose token (Variant 2) helps with these issues and increases
the image-trajectory alignment. However, it is not as competitive as DVGFormer-C overall.

For tokenization, Variant 3 adds motion tokens to DVGFormer-B and adopts an iterative prediction
approach, which gives it slightly improved diversity at the cost of image-trajectory alignment. Variant
4 adds pose tokens to DVGFormer-B, which greatly improves the image-trajectory alignment at the
cost of trajectory quality and diversity. Their combination, DVGFormer-C, achieves a good tradeoff
between image-trajectory alignment and camera operation quality.

For image input, Variant 5 shortens the context window from 10 seconds in DVGFormer-B to 2
seconds, resulting in worse image-trajectory alignment and crash rate. Variant 6 adds depth estimation
to DVGFormer-B. While slightly lowering the crash rate, this also hurts the shot planning capabilities.

6.3 QUALITATIVE RESULTS

We show videos generated by the proposed method (DVGFormer-B) in Fig. 1 and Fig. 9. Without
any human guidance, the AI videography model generates diverse camera trajectories well-suited for
each scenario, and can smoothly execute the camera movements.

Controllable generation. We can also control the generated camera path via <Style> and <Cond>
tokens, as shown in Fig. 10. On the one hand, different <Style> settings affect both the camera
focal lengths in the simulation engine and the predicted camera motion from DVGFormer. On the
other hand, the <Cond> token (random noise) only affects the generated camera trajectories.

8
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Figure 10: Generated camera trajectories from the same initialization (leftmost frame). Top:
<Style> token specifies the drone being FPV or non-FPV, affecting camera focal length and
drone motion style. Bottom: <Cond> token impacts the predicted camera path.

Figure 11: Generalization to unseen underwater scenarios.

Generalization. For unseen environments like underwater, the proposed DVGFormer can still
translate its learned experience in drone videography to produce videos (Fig. 11).

7 LIMITATION AND FUTURE DIRECTIONS

Scale ambiguity in monocular SfM is a known issue. We experimented with metric depth estimation
(Yin et al., 2023) to address this, but it did not yield reliable results in our setting. We thus normalize
the scale in both the training data and the evaluation metric computation to minimize its influence.

3D perception. We currently use RGB images only in DVGFormer models. In our variant study, we
find that monocular depth estimation results can help lower the crash rate. However, they might also
bias the system and lead to lower trajectory diversity. Another point to note is that the monocular
depth estimation results might not be accurate and consistent across the entire video sequence. Future
works are encouraged to investigate sequence-level 3D perception methods like SLAM and further
incorporate 3D point clouds into the conditioning.

Implementation on drone hardware. For piloting a drone in the real world, the current approach
still has an undesirable crash rate. Plus, the predicted trajectories are a form of high-level control,
and would need proper low-level controls on the drone motors. We expect future work to combine
collision avoidance and low-level control into the overall optimization target.

Language instructions allow for granular controls, and we plan to investigate this in future works.

Computational efficiency. It takes 1.71 seconds (DVGFormer-A) to 1.93 seconds (DVGFormer-C) to
predict the camera motion of a 10-second-long sequence on one RTX3090 GPU, making it real-time.

Broader impact. The task introduced, camera drone movement control, focuses on building AI assis-
tants for content creation. For application on drone hardware, further safeguards can be considered to
minimize potential collisions.

8 CONCLUSION

In this work, we investigate how to automate motion controls for camera drones in videography tasks,
and introduce an imitation learning pipeline that learns from Internet videos. To this end, we (i)
curate DroneMotion-99k, a large-scale dataset of real-world trajectories; (ii) establish an interactive
benchmark with quantitative metrics for evaluating videography controls; and (iii) build DVGFormer,
a strong baseline method. Results from DVGFormer demonstrate complex and diverse trajectories
with smooth camera motions, validating the effectiveness of our imitation learning approach. We
believe this work opens the door to scalable, reward-free learning of camera drone control policies,
and ultimately to AI assistants that can autonomously film dynamic stories.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

REFERENCES

Blosm for Blender: Google 3D cities, OpenStreetMap, terrain — prochitecture.gumroad.com.
https://prochitecture.gumroad.com/l/blender-osm. [Accessed 06-11-2024].

DJI Avata 2 - FPV Drone - Specs - DJI — dji.com. https://www.dji.com/au/avata-2/
specs, a. [Accessed 05-05-2025].

DJI Mavic 3 Pro - Specs - DJI — dji.com. https://www.dji.com/au/mavic-3-pro/
specs, b. [Accessed 05-05-2025].

FilterPy; FilterPy 1.4.4 documentation — filterpy.readthedocs.io. https://filterpy.
readthedocs.io. [Accessed 18-11-2024].

Sketchfab - The best 3D viewer on the web — sketchfab.com. https://sketchfab.com/.
[Accessed 20-11-2024].

GitHub - yt-dlp/yt-dlp: A feature-rich command-line audio/video downloader — github.com. https:
//github.com/yt-dlp/yt-dlp. [Accessed 18-11-2024].

Amirsaman Ashtari, Raehyuk Jung, Mingxiao Li, and Junyong Noh. A drone video clip dataset
and its applications in automated cinematography. In Computer Graphics Forum, volume 41, pp.
189–203. Wiley Online Library, 2022.

Adrian Azzarelli, Nantheera Anantrasirichai, and David R Bull. Reviewing intelligent cinematogra-
phy: Ai research for camera-based video production. arXiv preprint arXiv:2405.05039, 2024.

Sherwin Bahmani, Ivan Skorokhodov, Aliaksandr Siarohin, Willi Menapace, Guocheng Qian, Michael
Vasilkovsky, Hsin-Ying Lee, Chaoyang Wang, Jiaxu Zou, Andrea Tagliasacchi, David B. Lindell,
and Sergey Tulyakov. Vd3d: Taming large video diffusion transformers for 3d camera control.
arXiv preprint arXiv:2407.12781, 2024.

Blender. blender.org - Home of the Blender project - Free and Open 3D Creation Software —
blender.org. https://www.blender.org/. [Accessed 06-11-2024].

Anthony Brohan, Noah Brown, Justice Carbajal, Yevgen Chebotar, Joseph Dabis, Chelsea Finn,
Keerthana Gopalakrishnan, Karol Hausman, Alex Herzog, Jasmine Hsu, Julian Ibarz, Brian Ichter,
Alex Irpan, Tomas Jackson, Sally Jesmonth, Nikhil Joshi, Ryan Julian, Dmitry Kalashnikov,
Yuheng Kuang, Isabel Leal, Kuang-Huei Lee, Sergey Levine, Yao Lu, Utsav Malla, Deeksha
Manjunath, Igor Mordatch, Ofir Nachum, Carolina Parada, Jodilyn Peralta, Emily Perez, Karl
Pertsch, Jornell Quiambao, Kanishka Rao, Michael Ryoo, Grecia Salazar, Pannag Sanketi, Kevin
Sayed, Jaspiar Singh, Sumedh Sontakke, Austin Stone, Clayton Tan, Huong Tran, Vincent Van-
houcke, Steve Vega, Quan Vuong, Fei Xia, Ted Xiao, Peng Xu, Sichun Xu, Tianhe Yu, and
Brianna Zitkovich. Rt-1: Robotics transformer for real-world control at scale. In arXiv preprint
arXiv:2212.06817, 2022.

Anthony Brohan, Noah Brown, Justice Carbajal, Yevgen Chebotar, Xi Chen, Krzysztof Choromanski,
Tianli Ding, Danny Driess, Avinava Dubey, Chelsea Finn, Pete Florence, Chuyuan Fu, Montse Gon-
zalez Arenas, Keerthana Gopalakrishnan, Kehang Han, Karol Hausman, Alex Herzog, Jasmine
Hsu, Brian Ichter, Alex Irpan, Nikhil Joshi, Ryan Julian, Dmitry Kalashnikov, Yuheng Kuang,
Isabel Leal, Lisa Lee, Tsang-Wei Edward Lee, Sergey Levine, Yao Lu, Henryk Michalewski,
Igor Mordatch, Karl Pertsch, Kanishka Rao, Krista Reymann, Michael Ryoo, Grecia Salazar,
Pannag Sanketi, Pierre Sermanet, Jaspiar Singh, Anikait Singh, Radu Soricut, Huong Tran, Vincent
Vanhoucke, Quan Vuong, Ayzaan Wahid, Stefan Welker, Paul Wohlhart, Jialin Wu, Fei Xia, Ted
Xiao, Peng Xu, Sichun Xu, Tianhe Yu, and Brianna Zitkovich. Rt-2: Vision-language-action
models transfer web knowledge to robotic control. In arXiv preprint arXiv:2307.15818, 2023.

Brandon Castellano. Home - PySceneDetect — scenedetect.com. https://www.scenedetect.
com/. [Accessed 04-11-2024].

Lili Chen, Kevin Lu, Aravind Rajeswaran, Kimin Lee, Aditya Grover, Misha Laskin, Pieter Abbeel,
Aravind Srinivas, and Igor Mordatch. Decision transformer: Reinforcement learning via sequence
modeling. Advances in neural information processing systems, 34:15084–15097, 2021.

10

https://prochitecture.gumroad.com/l/blender-osm
https://www.dji.com/au/avata-2/specs
https://www.dji.com/au/avata-2/specs
https://www.dji.com/au/mavic-3-pro/specs
https://www.dji.com/au/mavic-3-pro/specs
https://filterpy.readthedocs.io
https://filterpy.readthedocs.io
https://sketchfab.com/
https://github.com/yt-dlp/yt-dlp
https://github.com/yt-dlp/yt-dlp
https://www.blender.org/
https://www.scenedetect.com/
https://www.scenedetect.com/


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Robin Courant, Nicolas Dufour, Xi Wang, Marc Christie, and Vicky Kalogeiton. Et the excep-
tional trajectories: Text-to-camera-trajectory generation with character awareness. In European
Conference on Computer Vision, pp. 464–480. Springer, 2024.

Jingming Dong and Stefano Soatto. Domain-size pooling in local descriptors: Dsp-sift. In Proceedings
of the IEEE conference on computer vision and pattern recognition, pp. 5097–5106, 2015.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas
Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, Jakob Uszkoreit,
and Neil Houlsby. An image is worth 16x16 words: Transformers for image recognition at scale,
2021. URL https://arxiv.org/abs/2010.11929.

Hao He, Yinghao Xu, Yuwei Guo, Gordon Wetzstein, Bo Dai, Hongsheng Li, and Ceyuan Yang.
Cameractrl: Enabling camera control for text-to-video generation, 2024.

Li-wei He, Michael F. Cohen, and David H. Salesin. The virtual cinematographer: a paradigm for
automatic real-time camera control and directing. In Proceedings of the 23rd Annual Conference
on Computer Graphics and Interactive Techniques, SIGGRAPH ’96, pp. 217–224, New York, NY,
USA, 1996. Association for Computing Machinery. ISBN 0897917464. doi: 10.1145/237170.
237259. URL https://doi.org/10.1145/237170.237259.

Dan Hendrycks and Kevin Gimpel. Gaussian error linear units (gelus). arXiv preprint
arXiv:1606.08415, 2016.

Jack Hessel, Ari Holtzman, Maxwell Forbes, Ronan Le Bras, and Yejin Choi. Clipscore: A reference-
free evaluation metric for image captioning. arXiv preprint arXiv:2104.08718, 2021.

Martin Heusel, Hubert Ramsauer, Thomas Unterthiner, Bernhard Nessler, and Sepp Hochreiter. Gans
trained by a two time-scale update rule converge to a local nash equilibrium. Advances in neural
information processing systems, 30, 2017.

Yunzhong Hou and Liang Zheng. Multiview detection with shadow transformer (and view-coherent
data augmentation). In Proceedings of the 29th ACM International Conference on Multimedia, pp.
1673–1682, 2021.

Chong Huang, Fei Gao, Jie Pan, Zhenyu Yang, Weihao Qiu, Peng Chen, Xin Yang, Shaojie Shen,
and Kwang-Ting Cheng. Act: An autonomous drone cinematography system for action scenes. In
2018 ieee international conference on robotics and automation (icra), pp. 7039–7046. IEEE, 2018.

Chong Huang, Chuan-En Lin, Zhenyu Yang, Yan Kong, Peng Chen, Xin Yang, and Kwang-Ting
Cheng. Learning to film from professional human motion videos. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pp. 4244–4253, 2019.

Ziqi Huang, Yinan He, Jiashuo Yu, Fan Zhang, Chenyang Si, Yuming Jiang, Yuanhan Zhang, Tianxing
Wu, Qingyang Jin, Nattapol Chanpaisit, et al. Vbench: Comprehensive benchmark suite for video
generative models. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pp. 21807–21818, 2024.

Eddy Ilg, Nikolaus Mayer, Tonmoy Saikia, Margret Keuper, Alexey Dosovitskiy, and Thomas Brox.
Flownet 2.0: Evolution of optical flow estimation with deep networks. In Proceedings of the IEEE
conference on computer vision and pattern recognition, pp. 2462–2470, 2017.

Michael Janner, Qiyang Li, and Sergey Levine. Offline reinforcement learning as one big sequence
modeling problem. In Advances in Neural Information Processing Systems, 2021.

Boseong Jeon, Yunwoo Lee, and H Jin Kim. Integrated motion planner for real-time aerial videogra-
phy with a drone in a dense environment. In 2020 IEEE International Conference on Robotics and
Automation (ICRA), pp. 1243–1249. IEEE, 2020a.

Boseong Felipe Jeon, Dongsuk Shim, and H Jin Kim. Detection-aware trajectory generation for a
drone cinematographer. In 2020 IEEE/RSJ International Conference on Intelligent Robots and
Systems (IROS), pp. 1450–1457. IEEE, 2020b.

11

https://arxiv.org/abs/2010.11929
https://doi.org/10.1145/237170.237259


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Hongda Jiang, Bin Wang, Xi Wang, Marc Christie, and Baoquan Chen. Example-driven virtual
cinematography by learning camera behaviors. ACM Trans. Graph., 39(4):45, 2020.

Hongda Jiang, Marc Christie, Xi Wang, Libin Liu, Bin Wang, and Baoquan Chen. Camera keyframing
with style and control. ACM Transactions on Graphics (TOG), 40(6):1–13, 2021.

Hongda Jiang, Xi Wang, Marc Christie, Libin Liu, and Baoquan Chen. Cinematographic camera
diffusion model. In Computer Graphics Forum, volume 43, pp. e15055. Wiley Online Library,
2024.

Niels Joubert, Dan B Goldman, Floraine Berthouzoz, Mike Roberts, James A Landay, Pat Hanrahan,
et al. Towards a drone cinematographer: Guiding quadrotor cameras using visual composition
principles. arXiv preprint arXiv:1610.01691, 2016.

Elia Kaufmann, Leonard Bauersfeld, Antonio Loquercio, Matthias Müller, Vladlen Koltun, and
Davide Scaramuzza. Champion-level drone racing using deep reinforcement learning. Nature, 620
(7976):982–987, 2023.

Moo Jin Kim, Karl Pertsch, Siddharth Karamcheti, Ted Xiao, Ashwin Balakrishna, Suraj Nair,
Rafael Rafailov, Ethan Foster, Grace Lam, Pannag Sanketi, et al. Openvla: An open-source
vision-language-action model. arXiv preprint arXiv:2406.09246, 2024.

Diederik P Kingma, Max Welling, et al. An introduction to variational autoencoders. Foundations
and Trends® in Machine Learning, 12(4):307–392, 2019.

Zhengfei Kuang, Shengqu Cai, Hao He, Yinghao Xu, Hongsheng Li, Leonidas Guibas, and Gordon
Wetzstein. Collaborative video diffusion: Consistent multi-video generation with camera control.
arXiv preprint arXiv:2405.17414, 2024.

Ruilong Li, Shan Yang, David A Ross, and Angjoo Kanazawa. Ai choreographer: Music conditioned
3d dance generation with aist++. In Proceedings of the IEEE/CVF international conference on
computer vision, pp. 13401–13412, 2021.

Shuo Li, Michaël MOI Ozo, Christophe De Wagter, and Guido CHE de Croon. Autonomous drone
race: A computationally efficient vision-based navigation and control strategy. Robotics and
Autonomous Systems, 133:103621, 2020.

Xinyang Li, Zhangyu Lai, Linning Xu, Yansong Qu, Liujuan Cao, Shengchuan Zhang, Bo Dai,
and Rongrong Ji. Director3d: Real-world camera trajectory and 3d scene generation from text.
Advances in Neural Information Processing Systems, 37:75125–75151, 2024.

David G Lowe. Distinctive image features from scale-invariant keypoints. International journal of
computer vision, 60:91–110, 2004.

Wenhan Luo, Peng Sun, Fangwei Zhong, Wei Liu, Tong Zhang, and Yizhou Wang. End-to-end active
object tracking and its real-world deployment via reinforcement learning. IEEE transactions on
pattern analysis and machine intelligence, 42(6):1317–1332, 2019.

Ioannis Mademlis, Vasileios Mygdalis, Nikos Nikolaidis, Maurizio Montagnuolo, Fulvio Negro,
Alberto Messina, and Ioannis Pitas. High-level multiple-uav cinematography tools for covering
outdoor events. IEEE Transactions on Broadcasting, 65(3):627–635, 2019a.

Ioannis Mademlis, Nikos Nikolaidis, Anastasios Tefas, Ioannis Pitas, Tilman Wagner, and Alberto
Messina. Autonomous uav cinematography: A tutorial and a formalized shot-type taxonomy. ACM
Computing Surveys (CSUR), 52(5):1–33, 2019b.

Ioannis Mademlis, Charalampos Symeonidis, Anastasios Tefas, and Ioannis Pitas. Vision-based
drone control for autonomous uav cinematography. Multimedia Tools and Applications, 83(8):
25055–25083, 2024.

Kimberly McGuire, Guido De Croon, Christophe De Wagter, Karl Tuyls, and Hilbert Kappen.
Efficient optical flow and stereo vision for velocity estimation and obstacle avoidance on an
autonomous pocket drone. IEEE Robotics and Automation Letters, 2(2):1070–1076, 2017.

12



648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Raul Mur-Artal and Juan D Tardós. Orb-slam2: An open-source slam system for monocular, stereo,
and rgb-d cameras. IEEE transactions on robotics, 33(5):1255–1262, 2017.

Tobias Nägeli, Lukas Meier, Alexander Domahidi, Javier Alonso-Mora, and Otmar Hilliges. Real-
time planning for automated multi-view drone cinematography. ACM Transactions on Graphics
(TOG), 36(4):1–10, 2017.

Koichi Namekata, Sherwin Bahmani, Ziyi Wu, Yash Kant, Igor Gilitschenski, and David B Lindell. Sg-
i2v: Self-guided trajectory control in image-to-video generation. arXiv preprint arXiv:2411.04989,
2024.

Kensuke Onuma, Christos Faloutsos, and Jessica K Hodgins. Fmdistance: A fast and effective
distance function for motion capture data. Eurographics (Short Papers), 7(10), 2008.

Maxime Oquab, Timothée Darcet, Théo Moutakanni, Huy Vo, Marc Szafraniec, Vasil Khalidov,
Pierre Fernandez, Daniel Haziza, Francisco Massa, Alaaeldin El-Nouby, et al. Dinov2: Learning
robust visual features without supervision. arXiv preprint arXiv:2304.07193, 2023.

Mathis Petrovich, Michael J Black, and Gül Varol. Tmr: Text-to-motion retrieval using contrastive 3d
human motion synthesis. In Proceedings of the IEEE/CVF International Conference on Computer
Vision, pp. 9488–9497, 2023.

Pablo Pueyo, Juan Dendarieta, Eduardo Montijano, Ana C Murillo, and Mac Schwager. Cinempc:
A fully autonomous drone cinematography system incorporating zoom, focus, pose, and scene
composition. IEEE Transactions on Robotics, 2024.

Alec Radford, Jeffrey Wu, Rewon Child, David Luan, Dario Amodei, Ilya Sutskever, et al. Language
models are unsupervised multitask learners. OpenAI blog, 1(8):9, 2019.

Alexander Raistrick, Lahav Lipson, Zeyu Ma, Lingjie Mei, Mingzhe Wang, Yiming Zuo, Karhan
Kayan, Hongyu Wen, Beining Han, Yihan Wang, Alejandro Newell, Hei Law, Ankit Goyal, Kaiyu
Yang, and Jia Deng. Infinite photorealistic worlds using procedural generation. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 12630–12641, 2023.

Johannes Lutz Schönberger and Jan-Michael Frahm. Structure-from-motion revisited. In Conference
on Computer Vision and Pattern Recognition (CVPR), 2016.

Li Siyao, Weijiang Yu, Tianpei Gu, Chunze Lin, Quan Wang, Chen Qian, Chen Change Loy, and
Ziwei Liu. Bailando: 3d dance generation by actor-critic gpt with choreographic memory. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp.
11050–11059, 2022.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez,
Ł ukasz Kaiser, and Illia Polosukhin. Attention is all you need. In I. Guyon, U. Von
Luxburg, S. Bengio, H. Wallach, R. Fergus, S. Vishwanathan, and R. Garnett (eds.), Ad-
vances in Neural Information Processing Systems, volume 30. Curran Associates, Inc.,
2017. URL https://proceedings.neurips.cc/paper_files/paper/2017/
file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf.

Eric A Wan and Rudolph Van Der Merwe. The unscented kalman filter for nonlinear estimation.
In Proceedings of the IEEE 2000 adaptive systems for signal processing, communications, and
control symposium (Cat. No. 00EX373), pp. 153–158. Ieee, 2000.

Xi Wang, Robin Courant, Jinglei Shi, Eric Marchand, and Marc Christie. Jaws: Just a wild shot
for cinematic transfer in neural radiance fields. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pp. 16933–16942, 2023a.

Zhouxia Wang, Ziyang Yuan, Xintao Wang, Yaowei Li, Tianshui Chen, Menghan Xia, Ping Luo,
and Ying Shan. Motionctrl: A unified and flexible motion controller for video generation. ACM
SIGGRAPH 2024 Conference Papers, 2023b.

Zixuan Wang, Jia Jia, Shikun Sun, Haozhe Wu, Rong Han, Zhenyu Li, Di Tang, Jiaqing Zhou, and
Jiebo Luo. Dancecamera3d: 3d camera movement synthesis with music and dance. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 7892–7901, 2024.

13

https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

Dejia Xu, Weili Nie, Chao Liu, Sifei Liu, Jan Kautz, Zhangyang Wang, and Arash Vahdat. Camco:
Camera-controllable 3d-consistent image-to-video generation. arXiv preprint arXiv:2406.02509,
2024.

Lihe Yang, Bingyi Kang, Zilong Huang, Zhen Zhao, Xiaogang Xu, Jiashi Feng, and Hengshuang
Zhao. Depth anything v2. arXiv:2406.09414, 2024.

Vickie Ye, Georgios Pavlakos, Jitendra Malik, and Angjoo Kanazawa. Decoupling human and camera
motion from videos in the wild. In Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pp. 21222–21232, 2023.

Wei Yin, Chi Zhang, Hao Chen, Zhipeng Cai, Gang Yu, Kaixuan Wang, Xiaozhi Chen, and Chunhua
Shen. Metric3d: Towards zero-shot metric 3d prediction from a single image. In Proceedings of
the IEEE/CVF International Conference on Computer Vision, pp. 9043–9053, 2023.

Zixiao Yu, Enhao Guo, Haohong Wang, and Jian Ren. Bridging script and animation utilizing a new
automatic cinematography model. In 2022 IEEE 5th International Conference on Multimedia
Information Processing and Retrieval (MIPR), pp. 268–273. IEEE, 2022a.

Zixiao Yu, Chenyu Yu, Haohong Wang, and Jian Ren. Enabling automatic cinematography with
reinforcement learning. In 2022 IEEE 5th International Conference on Multimedia Information
Processing and Retrieval (MIPR), pp. 103–108. IEEE, 2022b.

David Junhao Zhang, Roni Paiss, Shiran Zada, Nikhil Karnad, David E Jacobs, Yael Pritch, Inbar
Mosseri, Mike Zheng Shou, Neal Wadhwa, and Nataniel Ruiz. Recapture: Generative video camera
controls for user-provided videos using masked video fine-tuning. arXiv preprint arXiv:2411.05003,
2024.

Mengchen Zhang, Tong Wu, Jing Tan, Ziwei Liu, Gordon Wetzstein, and Dahua Lin. Gen-
dop: Auto-regressive camera trajectory generation as a director of photography. arXiv preprint
arXiv:2504.07083, 2025.

14



756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

Dataset Card: DroneMotion-99k
Resource summary

#Clips #Videos Duration (hours)

FPV 68,149 6,566 113.6
Non-FPV 30,854 2,969 68.7

Total 99,003 9,535 182.3

Split: 90% train | 10% val (by video).
Modality: 3D camera trajectories only; RGB frames obtainable via the provided YouTube download scripts.
Coordinate system: COLMAP (x rightward, y downward, z forward).
Tasks: camera movement generation, view-synthesis, robotics path planning, cinematic drone control.
License: CC-BY-NC-SA 4.0 for trajectory data. Original videos remain under their respective YouTube
licenses.
Collection: 9,535 public YouTube videos automatically segmented into 99,003 clips; COLMAP used to
reconstruct trajectories; manual filtering removes failure cases.
Maintenance: contact authors via GitHub issues. Takedown requests honored.
Known limitations: no absolute scale; users must comply with YouTube Terms of Service.

Figure 12: Dataset card summarizing the key properties of the DroneMotion-99k dataset.

Table 3: Total video duration (hours) at different stages of the data processing pipeline.

raw videos w/o portrait clips w/o dialog after 3D reconstruction after filtering
1,485 1,465 867 493 182

A DATA COLLECTION DETAILS

Overview. A short data card is provided in Fig. 12 We compare the total video duration at each stage
of the data processing pipeline in Table 3.

Scraping videos. We collect the dataset from YouTube videos. We search videos with keywords
including “cinematic drone videos”, “cinematic drone footage”, “cinematic drone footage 4k”,
“cinematic fpv footage 4k”, etc., where FPV stands for first-person-view, a specific shot type that
features drastic perspective changes to provide stimulating visual effects.

After searching YouTube videos, we first filter out ones with sensitive information including
weaponized or harmful usage, for which we consider a blacklist of words including “weapon”,
“soldier”, “attack”, “strike”, “military”, “surveillance”, “horror”, etc..

Next, we download the videos with the yt-dlp (ytd) package. We collected a total of 13,653 videos
for a total duration of 1,485 hours.

Figure 13: Clip duration distribution. 86.6% of the clips produced by shot change detection algorithm
(Castellano) are 10 seconds or shorter. 69.4% of the clips are 1 second or longer.
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Figure 14: Threshold selection for identifying low-quality 3D reconstructions with unreasonable
camera movements between consecutive frames. Left: We label the correctness of ∼1k COLMAP
reconstructions via our interactive 3D annotation tool by reviewing the reconstruction result and the
original video clip side-by-side. Right: We gather statistics (ROC curve, precision, and recall) on the
distance of camera locations to the smoothed camera path from Kalman filter, and select a threshold
(red star) that best separates correct and incorrect reconstructions.

Video data filtering and clip generation. We only preserve those in the landscape mode and drop
the portrait mode videos, since the natural sensor arrangement is the landscape mode. While 2,820
out of 13,653 videos are in the portrait mode, their total duration is much shorter in comparison, only
19.9 hours, which constitutes 1.3% of the total duration of 1,485 hours. This makes the following
procedures much easier because the remaining videos are all of similar aspect ratios.

We then run PySceneDetect (Castellano) to detect the shot changes in videos, which produces a total
of 642,806 individual clips. We show their duration distribution in Fig. 13. We filter out 30.6% of all
clips whose duration is shorter than 1 second since they are too short and can be very difficult for the
reconstruction. These sub-one-second fragments only make up for 2.1% of the total video duration.
For the 13.4% of all clips whose duration is longer than 10 seconds, we break them down into partial
clips with a maximum duration of 10 seconds.

We filter out clips with dialogue using the automatically generated or uploaded closed captions in
YouTube videos. Apart from a few words in a whitelist, e.g., “[music]”, “[silence]”, “[background
noise]”, “[pause]”, “[sound effect]”, the closed caption often suggests that the scene is unrelated to
drone videos. After this step, there are 449,997 clips remaining for a total duration of 867 hours.

3D reconstruction. We extract frames from videos at a resolution of 1080p and a frame rate of 15 fps.
In COLMAP (Schönberger & Frahm, 2016), we consider 512 feature points and extract SIFT (Lowe,
2004) features with estimate_affine_shape=True and domain_size_pooling=True.
We also ignore the focal length changes in videos and set single_camera=True since we only fo-
cus on the change of camera location and direction in this work. We use guided_matching=True
and the sequential_matcher for the frames extracted from videos. We run up to two sparse
reconstruction steps, and when the first sparse reconstruction does not return any result, we extend
some of the requirements and run a second round. This produces 264,596 reconstructions.

Reconstruction filtering. Reconstructions with a duration smaller than 15 frames or 1 second are
discarded. We normalize the data according to the average difference in locations (speed). We discard
data whose maximum camera speed exceeds 3 times the average camera speed.

We consider the reconstructions whose camera locations from neighboring frames are drastically apart
as low-quality data. We design an automatic process for identifying and discarding those low-quality
reconstructions. Specifically, we use Kalman filter to estimate a smoothed version of the camera
trajectory, which then discloses how different it is compared to the original camera trajectory. If these
two trajectories are drastically different, we then automatically discard the 3D reconstruction.
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Figure 15: Simulation evaluation using Blender.

During implementation, we choose Unscented Kalman Filter (UKF) (Wan & Van Der Merwe, 2000)
in FilterPy (fil). We consider a representation with 13 dimensions by combining the 7-dimensional
translation vector and rotation quaternion in camera pose c and the 6-dimensional speed and angular
speed in camera motion a. We set α = 0.1, β = 2, and κ = 10 for the hyperparameters in UKF.

Based on 1k labeled data from our interactive labeling tool, we select the optimal threshold for the
difference between the original and the smoothed camera trajectory at 0.2 (see Fig 14). We end up
with 99,003 camera trajectories with a total duration of 182 hours.

B SIMULATION TESTBED DETAILS

For synthetic natural scene in simulation experiments, we use InfiniGen (Raistrick et al., 2023) to ran-
domly generate 38 scenes from 10 pre-defined natural scene types arctic, canyon, cliff,
coast, desert, forest, mountain, plain, river, snowy_mountain. We
use the simple, no_assets, and no_creatures settings to ensure the generated scene is
not too complex. For generalization ability study in Fig 11, we use the under_water setting in
InfiniGen. For scenes with human actor, we import free assets downloaded from the SketchFab
website (ske).

For real cities in simulation experiments, we choose London, Paris, Rome, New York, Sydney,
Melbourne, and Himeji. Regions of roughly 1km × 1km area are manually selected and the
corresponding Google Earth 3D meshes are imported via the BLender Open StreetMap (BLOSM)
toolkit (blo). We show a screenshot of the 3D city scan of London in Blender in Fig. 15.

During inference, we render the scenes with 225 × 400 resolution and 64 samples with a camera
sensor width of 36mm. The lower resolution and number of samples in Blender (Blender) helps to
increase the rendering speed. With that said, we can select an arbitrarily high resolution with higher
sample quality during the final rendering, since we do not modify any 3D assets or 2D pixels and the
videos are faithful depiction of the existing scene.

C CIMTR DETAILS

For the CImTr network, as shown in Fig. 7, we adopt a 4-layer transformer encoder architecture for
both the image branch and the trajectory branch. We also adopt a 4-layer transformer decoder for
the reconstruction objective for the trajectory branch. All CImTr transformers have 4 heads and a
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Table 4: Retrieval performance on DroneMotion-99k validation set with 10141 samples. The top-k
recall (R@k) and mean Average Precision (mAP) are reported in percentages (%). We also report the
median Rank (medR).

image to trajectory trajectory to image
mAP↑ R@1↑ R@5↑ R@10↑ medR↓ mAP↑ R@1↑ R@5↑ R@10↑ medR↓

CImTr 8.12 4.14 10.85 15.22 178 8.44 4.37 11.37 15.58 170.5
w/o augmentation 6.52 3.55 8.21 11.94 260.5 6.55 3.47 8.28 11.88 261
w/o downsample 5.29 2.03 7.02 10.87 193 5.34 2.08 7.13 11.35 194.5
w/o t2t recons 7.67 4.10 10.03 14.01 217 7.81 4.35 10.19 14.06 218
w/ VAE 7.31 3.46 9.95 14.20 194 7.50 3.68 10.22 14.69 193
w/ i2t recons 7.39 3.80 9.48 13.69 199 7.57 4.00 9.92 13.75 194

Trajectory
Image

Figure 16: TSNE visualization of the CImTr feature space on DroneMotion-99k validation set.
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Table 5: Details of the modules in DVGFormer.

function specification
camera pose tokenization 3 MLP layers, 384 dimensions
camera motion tokenization 3 MLP layers, 384 dimensions
RGB feature extractor DinoV2 (Oquab et al., 2023) (fixed)
RGB feature projection AvgPool(5, 9), 2 MLP layers, 384 dimensions
depth estimation DepthAnythingV2 (Yang et al., 2024) (fixed)
depth feature AvgPool(5, 9), 3 convolutional layers, 3x3 kernel, 384 dimensions
<Style> token 2× 384 vectors, one for FPV and one for non-FPV drones
<Cond> token 1× 384 random vector
<Pred> token 1× 384 vector
frame-level PE 30× 192 matrix (10 seconds at 3 fps for images)
sub-frame-level PE up to 52× 192 matrix (1 pose, 45 image patches, 1 <Pred>, 5 motions per image)
auto-regressive transformer GPT-2 architecture, 12 layers, 6 heads, 384 dimensions

latent dimension of 256. Specifically, we have a 5× downsample rate for the trajectory projector and
unprojector network (upsample), shrinking the temporal sequence from 15 fps raw motion data to 3
fps. For the image projector, we downsample the feature map to a resolution of 5 × 9 before two
MLP projection layers.

We use two RTX 3090 to train the CImTr metrics with a batch size of 512 on each GPU and a learning
rate of 1× 10−3 for 200 epochs on the training set of DroneMotion-99k.

During training, we incorporate the same data augmentation strategy as DVGFormer, including
temporal clipping, horizontal flipping, image scaling, and color jittering. Specifically, for horizontal
flipping, we apply this augmentation to not only the image streams but also the camera trajectory, so
as to maintain multi-view consistency (Hou & Zheng, 2021).

We report the retrieval performance of the proposed CImTr feature on the validation set of the
DroneMotion-99k dataset in Table 4. Over 10141 validation clips, the CImTr feature can achieve a
mean average precision of 8.12% and 8.44% on the image-to-trajectory (i2t) and trajectory-to-image
(t2i) settings, respectively, which is the best across all variants in Table 4. Similarly, for top-1, top-5,
and top-10 retrieval accuracy (R@1, R@5, R@10), and the median rank (medR), CImTr also achieves
the best result.

We also point out that although the raw mAP values are low (around 8%), this mainly reflects the
challenge in the shot planning task, and the retrieval task itself (10141 samples and only one true
match).

We also verify the effectiveness of the proposed feature representation. We find the data augmentation,
the projector network for temporal and image downsampling, and the trajectory-to-trajectory (t2t)
reconstruction loss all essential to the CImTr design. On the other hand, the variational auto-encoder
(VAE) design (Kingma et al., 2019) and the image-to-trajectory (i2t) reconstruction loss, two design
highlights in TMR (Petrovich et al., 2023) and CLaTr (Courant et al., 2024), are found not useful for
improving the retrieval performance.

We finally visualize the learned embedding space of CImTr in Fig. 16. We first cluster the image
features using K-means. Next, we color the image and trajectory features correspondingly in the
TSNE plot. We have a few findings:

• The image features are very diverse and do not exhibit strong cluster-like distributions. This
reflects the difficulties in the unguided setting, where the task cannot be easily classified
into clusters first.

• The trajectory features are also very diverse and are difficult to cluster, suggesting the
challenges in the guided setting.

• The CImTr feature can bring image and trajectory features closely together, verifying the
effectiveness of our design.
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Figure 17: Human preference study using GIFs.

Figure 18: DVGFormer can extend 10-second-long sequence (top left and first row of the frames) to
generate 20-second-long videos (top right and first row of the frames).

D DVGFORMER DETAILS

For camera pose and motion tokenization, we adopt 3 MLP layers with 384 hidden dimensions.
For DinoV2 (Oquab et al., 2023) feature projection, given image resolution of 168× 294, we first
downsample the feature map from 12× 21 to 5× 9 with average pooling. Then, we apply two MLP
layers with 384 hidden dimensions. For the monocular depth estimation results from DepthAnything
(Yang et al., 2024), we also average pool the depth map from 168× 294 to 5× 9, and apply three
convolutional layers with 3× 3 kernel size and 384 hidden dimensions. We use GELU activation
(Hendrycks & Gimpel, 2016) for all modules unless specified. For positional embeddings (PE), we
consider 192 dimensions for both frame-level PE and sub-frame-level PE, and concatenate them
together into an overall PE of 384 dimension before adding to the tokens. We list all modules in
DVGFormer in Table 5.

E OTHER EXPERIMENTATION DETAILS

We do not use the image generation metrics like PSNR or text-to-video evaluation metrics in
VBench(Huang et al., 2024). In terms of 2D image, since we do not modify 2D pixel, the 2D
image PSNR would only reflect the rendering quality in Blender, which itself is adjustable based
on the computational budget. Same goes for the image-based metrics of Appearance Style, Scene,
Color, Multiple Objects, Object Class, and Imaging Quality in VBench. As for temporal evalua-
tion for videos, VBench metrics including Motion Smoothness, Temporal Flickering, Background
Consistency, Subject Consistency, Overall Consistency, are not applicable either, since the temporal
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consistency between neighboring frames are also guaranteed by the video rendering pipeline in
Blender.

Based on the spec sheet from DJI Avata 2 (FPV drone) and DJI Mavic 3 Pro (non-FPV drone), we set
the camera focal lengths for the two types of drones to 12 mm and 24 mm. We do not restrict the
angular velocity of either drone types and rely on DVGFormer to predict the angular motion. For
linear speed, due to the scale ambiguity, we set the typical speed to 15 m/s for FPV drones and 7.5
m/s for non-FPV drones.

User study details. We conduct human evaluation using the AWS Mechanical Turk platform and
host online questions with side-by-side visual comparisons of the videos. A screenshot of the online
human evaluation preview is shown in Fig. 17. We hired five participants to compare two DVGFormer
models (DVGFormer-A and DVGFormer-C) and two baselines (DIRECTOR (Courant et al., 2024)
and GenDoP (Zhang et al., 2025)) against the reference model DVGFormer-B. For each of the four
comparisons, we present 184 GIFs with the same initial camera pose side-by-side. We provide
compensation of 0.04 USD per video pair. The potential risk of photosensitive seizures has been
fully disclosed to the participants before accepting the job. The user preference study was internally
approved.

Extending existing camera path. We show an example of predicted camera paths for different video
durations in Fig. 18. The original 10-second-long camera path is shown on the top left subfigure and
the first row of the frames. When given a longer duration, the proposed model can extend the existing
trajectory in a very smooth manner, into the full 20-second-long sequence on the top right and the
bottom row of the frames.
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