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Dataset Construction

Text

[Motion Caption] The camera stays
static while rolling right, then moves
forward continuing to roll right.

Text + RGBD

[Directorial Caption] The camera moves
forward along the valley, showcasing
the rolling hills and yellow fields.

Trajectory Generation & Applications

LLI

'
[Motion Caption]: The camera remains static while
yawing right, stays static, and then moves forward.

4

LLI
L]

[Motion Tags]: (translation + rotation)
Frames 0-47: static + yaw right
Frames 48-67: static + static

Frames 68-119: move forward + static

=> Motion Tagging =

M % [Directorial Caption]: (Movements + Scene + Intent)
The camera starts static, yawing right to capture
the extensive area and reveal more equipment
as it pivots. The shot continues to hold steady,
allowing for clear observation of the
surroundings, including dirt inclines and the still
water reflecting nearby trees. The camera then
smoothly moves forward to the water's edge,
keeping focus on the calm water surface.

M

+ A sunflower swaying in the wind.

Figure 1. Overview. Top: DataDoP data construction. Given RGB video frames, we extract RGBD images and camera poses, then tag
the pose sequence with different motion categories (in different colors). With LLM, we generate two types of captions from motion tags
and RGBD inputs: Motion Caption describes the camera movements, while Directorial Caption describes the camera movements along
with their interaction with the scene and directorial intent. Bottom: Our GenDoP method supports multi-modal inputs for trajectory
creation. The generated camera sequence can be easily applied to various video generation tasks, including text-to-video (T2V) [12] and
image-to-video (I2V) generation [14]. GenDoP paves the way for future advancements in camera-controlled video generation.

Abstract

Camera trajectory design plays a crucial role in video
production, serving as a fundamental tool for conveying di-
rectorial intent and enhancing visual storytelling. In cine-
matography, Directors of Photography meticulously craft
camera movements to achieve expressive and intentional
framing. However, existing methods for camera trajec-
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tory generation remain limited: Traditional approaches
rely on geometric optimization or handcrafted procedu-
ral systems, while recent learning-based methods often
inherit structural biases or lack textual alignment, con-
straining creative synthesis. In this work, we introduce
an auto-regressive model inspired by the expertise of Di-
rectors of Photography to generate artistic and expres-
sive camera trajectories. We first introduce DataDoP,



a large-scale multi-modal dataset containing 29K real-
world shots with free-moving camera trajectories, depth
maps, and detailed captions in specific movements, inter-
action with the scene, and directorial intent. Thanks to the
comprehensive and diverse database, we further train an
auto-regressive, decoder-only Transformer for high-quality,
context-aware camera movement generation based on text
guidance and RGBD inputs, named GenDoP. Extensive
experiments demonstrate that compared to existing meth-
ods, GenDoP offers better controllability, finer-grained tra-
Jjectory adjustments, and higher motion stability. We be-
lieve our approach establishes a new standard for learning-
based cinematography, paving the way for future advance-
ments in camera control and filmmaking. Our project web-
site: https://kszpxxzmc.github.io/GenDoP/.

1. Introduction

In video production, the camera serves as the window of
observation, playing a crucial role in presenting scene con-
tent, conveying the director’s intent, and achieving visual
effects. In recent years, video generation technology has
advanced [1, 3, 23, 46], and several cutting-edge studies
have explored camera-controlled video generation [12, 14,
29, 36]. However, these works often rely on predefined,
simplistic camera trajectories to demonstrate their results.
The generation of artistic, expressive, and intentional cam-
era movements remains largely unexplored.

Trajectory generation has been a long-standing prob-
lem. Traditional approaches include optimization-based
camera motion planning [4, 10, 27] and learning-based
camera control [5, 8, 17, 20]. However, these techniques de-
mand geometric modeling or cost function engineering for
each motion, which limits creative synthesis. Meanwhile,
oversimplified procedural systems impede precise text con-
trol. Recent advances in diffusion-based camera trajectory
generation [7, 21, 24] have expanded creative possibilities
for text-driven cinematography. However, CCD [21] and
E.T. [7] inherit structural biases from human-centric track-
ing datasets, constraining camera movements to oversim-
plified character-relative motion patterns. Director3D [24]
introduces object/scene-centric 3D trajectories from multi-
view datasets [42, 47], but the lack of trajectory-level cap-
tions limits text-to-motion alignment. As a result, the gen-
erated paths are driven by geometric plausibility rather than
directorial intent. These dataset constraints hinder the cre-
ation of artistically coherent free-moving trajectories that
interpret creative vision without relying on specific subjects.

In this work, we tackle the problems above with several
key designs. First, we introduce DataDoP Dataset, a multi-
modal, free-moving camera motion dataset extracted from
real video clips, which includes accurate camera trajectories

extracted by state-of-the-art and scene compositions. We
extract camera trajectories and corresponding depth maps
using MonST3R [43], and employ GPT-40 to generate com-
prehensive descriptions of the camera trajectories and scene
focus, capturing both motion dynamics and directorial in-
tent. DataDoP comprises over 29K shots, totaling 11M
frames, with corresponding camera trajectories and diverse
textual descriptions. Furthermore, given the inherently se-
quential nature of camera trajectories, we propose GenDoP,
which treats camera parameters as discrete tokens and lever-
ages an auto-regressive model for camera trajectory gener-
ation. Our model incorporates multi-modal condition as in-
puts, including fine-grained textual descriptions and option-
ally RGBD information from the first frame, to produce sta-
ble, complex, and instruction-aligned camera movements.

We conduct rigorous human validation to ensure the
dataset quality. Extensive experiments confirm that Gen-
DoP outperforms state-of-the-art methods [7, 21, 24] across
fine-grained textual controllability, motion stability, and
complexity, while exhibiting enhanced robustness. As Al-
driven video creation evolves, multi-modal camera trajec-
tory generation emerges as a timely and crucial direction.
We believe that this work paves the way for future advance-
ments in camera-controlled video generation and a wide
range of trajectory-related downstream applications.

2. Related Work

Camera trajectory datasets. While existing datasets [7,
21, 26, 42, 44, 47] document camera trajectories, their cin-
ematographic expressiveness remains constrained. Datasets
such as MVImgNet [42], RealEstate 10K [47], and DL3DV-
10K [26] provide calibrated trajectories through struc-
tured capture methods, but predominantly focus on basic
paths around static objects or scenes. These datasets lack
the sophisticated cinematographic language necessary for
narrative-driven sequencing and intentional viewpoint con-
trol. CCD [21] and E.T. [7] emphasize human-centric track-
ing but are confined to reactive tracking mechanisms. In
contrast, DataDoP’s camera movement is driven by the
compositional logic of the scene and the narrative demands.
We underscore DataDoP’s unique contribution to the field
of artistic camera trajectory generation.

Camera trajectory generation. Early efforts in trajec-
tory generation generally consist optimization-based mo-
tion planning [4, 10, 27, 28] and learning-based cam-
era control [5, 8, 17, 20]. Recent progress focuses on
integrating camera motion with scene and character dy-
namics. CCD [21] introduced a camera diffusion model
using text and keyframe controls, generating motion in
character-centric coordinates. E.T. [7] improves to incor-
porate both character trajectories and camera-character text
descriptions as control and generates trajectories in the
global coordinates. On the other hand, Director3D [24]
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. . Caption Statistics

Dataset ‘ Traj Type Domain ‘ Traj Scene Intent #Vocab ‘ #Sample #Frame #Avg (s)
MVImgNet [42] Object/Scene-Centric Captured X X X - 22K 6.5M 10
RealEstate10k [47] Object/Scene-Centric Youtube X X X - 79K 11M 5.5
DL3DV-10K [26] Object/Scene-Centric Captured X X X - 10K 5IM 85
CCD [21] Tracking Synthetic v X X 48 25K 4.5M 7.2
E.T. [7] Tracking Film v X X 1790 115K 11M 3.8
DataDoP (Ours) Free-Moving Film v v v 8698 29K 11M 14.4

Table 1. DataDoP Dataset. We compare the DataDoP dataset to other datasets containing camera trajectories. DataDoP is a large
dataset focusing on artistic, free-moving trajectories, each accompanied by high-quality caption annotations. The provided captions detail
the camera movements, their interactions with scene content, and the underlying directorial intent. To capture more intricate camera
movements, each video clip spans 10-20 seconds, averaging 14.4 seconds.

trains DiT-based framework on object/scene-level multi-
view datasets to generate object/scene-centric camera tra-
jectories. NWM [2] employs conditional DiT to plan cam-
era trajectory via agents’ egocentric views. Concurrent
work [15] employs an auto-regressive transformer to predict
the next frame’s camera movement based on past camera
paths and images in aerial videography. Our approach goes
further by incorporating both text instructions and RGBD
spatial information, enabling precise control in generating
camera trajectories for cinematic storytelling.
Auto-regressive models. Auto-regressive (AR) modeling
employs tokenizers to transform inputs into discrete to-
kens and formulates generation as a next-token prediction
task with transformers. In recent years, great advance-
ments are witnessed in auto-regressive modeling in im-
age [11, 31, 38, 41], video [22, 39, 40], and 3D genera-
tion [6, 35, 37]. Early approaches [31, 41] serialize im-
ages into patch tokens and train a transformer to auto-
regressively model the text and image tokens in a sequen-
tial data stream. VAR [38] reformulates auto-regressive
image generation as coarse-to-fine next-scale prediction.
VideoPoet[22] leverages bidirectional attention for multi-
modal input conditioning in auto-regressive video genera-
tion. Our work extends auto-regressive modeling to cam-
era trajectory generation controlled by text and geometry
cues, leveraging the discrete nature of camera tokens. Com-
pared to diffusion-based methods, our model generates pre-
cise, coherent, and intricately detailed artistic trajectories
for long camera pose sequences.

3. DataDoP Dataset

We introduce DataDoP, a camera trajectory dataset ex-
tracted from long shots in artistic films, including both
movies and documentaries, designed to capture free-
moving, intricate, and expressive camera movements. As
shown in Fig. 1, each sample in DataDoP consists of a shot-
level camera trajectory, accompanied by the corresponding
RGBD images and two types of trajectory captions: Mo-
tion captions, which accurately describe the camera motion
alone, and Directorial captions, which detail the camera
movements, their interaction with the scene, and the direc-
torial intent. We describe the data construction pipeline in

Sec. 3.1 and the dataset statistics in Sec. 3.2.

3.1. Dataset Construction

Pre-processing. We curate and filter artistic videos from
the internet, which are then segmented into shots using
PySceneDetect '. Captions are removed using VSR ?, after
which the shots are merged with a publicly available sub-
set from MovieShots [32]. A filtering process is applied
to retain shots between 10 and 20 seconds in length, while
removing those that are excessively dark or nearly static.
Since our dataset focuses on free-moving camera trajecto-
ries, which enable unrestricted 3D camera motion within
scenes and events, rather than tracking moving people or
objects, we specifically filter for this category of data. GPT-
40 [18] was used to categorize the shots, removing those
with static cameras or object-tracking motion. For details,
please refer to Appendix Sec. A.2.

Trajectory extraction. We then utilize MonST3R [43] to
estimate the geometry of dynamic scenes. Camera trajecto-
ries are extracted along with the corresponding depth maps.
The trajectories are subsequently cleaned, smoothed, and
interpolated into fixed-length sequences.

Motion tagging. We then partition the camera trajecto-
ries into segments of motion tags. Compared to exist-
ing datasets [7, 21], our captions explicitly incorporate de-
scriptions of camera rotation, enabling more fine-grained
characterization of camera movements. As a result, our
motion tags include both translation and rotation compo-
nents (see Fig. 2a). For camera translation, excluding the
static state, we consider six fundamental motions across
three degrees of freedom: lateral (left/static/right), verti-
cal (up/static/down), and depth (forward/static/backward).
Each translation motion can be categorized into one, two,
or three motions, resulting in a total of 27 possible combi-
nations. For camera rotation, aside from the static state, we
consider six fundamental motions across three degrees of
freedom: pitch (up/down), yaw (left/right), roll(left/right),
resulting in 7 base actions. We do not consider the combi-
nation of these rotations, as in practical scenarios, rotation
typically involves only one of these basic motions at a time.

Uhttps://github.com/Breakthrough/PySceneDetect
Zhttps://github.com/YaoFANGUK/video-subtitle-remover
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(a) Distribution of Translation and Rotation Motion Tags.

left+up+back -

The camera moves
continuously to the right
while yawing left throughout
the entire sequence.

The camera
continuously moves
backward throughout
the entire sequence.

static -

yaw right -
yaw left -
pitch up -
pitch down -
roll left -

roll right -

(b) Diverse Trajectories.

Figure 2. Dataset Statistics. (a) The figure illustrates the composition and distribution of 27 translation motions (left) and 7 rotation
motions (right), emphasizing the complexity and diversity of trajectories in our DataDoP dataset. (b) Based on the same caption, our
dataset includes diverse trajectories that still conform to the given caption. As shown in the figure, the trajectories exhibit variations in
terms of length, direction, and speed, effectively showcasing the diversity within our dataset.

S Alignment Qualit
COT€ | Video-Traj Traj-Motion Traj-Directorial uality

Acc 0.863 0913 0.858 0.945

Kappa 0.642 0.530 0.502 0.551

Table 2. Dataset User Study. Our user study demonstrates that
our dataset exhibits excellent quality and human-alignment, with
proven reliability of the results.

We simplify by assuming that camera translation and rota-
tion are completely independent, which results in a total of
27 x 7 possible combinations for camera motion tags.

We adopt the motion tagging method from E.T. [7] to

process the camera trajectories. For translation, we use an
initial velocity threshold and velocity difference thresholds
in different directions to determine the dominant velocity
direction combinations. For rotation, we use an initial ro-
tational velocity threshold to identify the unique dominant
rotational direction. Finally, we combine the translation and
rotation information to generate the complete tags, and ap-
ply smoothing to remove noise and sparse tags. These meth-
ods provide a coarse temporal description of the camera tra-
jectories, as shown in Fig. 1.
Caption generation. Finally, we generate two types of
trajectory captions based on the motion tags obtained in
the previous stage, as shown in Fig. 1. First, we structure
the motion tags by incorporating context, instructions, con-
straints, and examples, and then leverage GPT-40 to gener-
ate Motion captions that describe the camera motion alone.
Next, we extract 16 evenly spaced frames from the shots
to create a 4 x 4 grid and prompt GPT-40 to consider both
the previous caption and the image sequence. This enables
GPT-40 to generate Directorial captions that describe the
camera movement, the interaction between the camera and
the scene, as well as the directorial intent. Further details
can be found in Appendix Sec. A.2.

3.2. Dataset Statistics

Trajectory types. We classify camera trajectories into four
types: Static, Object/Scene-Centric, Tracking, and Free-

Moving. Static shots keep the camera fixed. Object/Scene-
Centric shots capture multi-view data focusing on specific
objects or scenes. Tracking shots track a moving subject.
Free-Moving shots allow unrestricted 3D camera motion,
enabling complex scene exploration and dynamic framing,
crucial for cinematic storytelling and creative expression.
As shown in Tab. 1, DataDoP stands out by uniquely focus-
ing on artistic, free-moving trajectories, capturing the direc-
tor’s creative vision and offering significant cinematic and
artistic value. Unlike tracking shots, where the camera fol-
lows a specific object, free-moving shots fluidly navigate
the scene, enhancing visual storytelling without constraints.

Data scale. DataDoP is built on long shots from the Inter-
net. As shown in Tab. 1, it consists of 29K samples, span-
ning 12M frames and totaling 113 hours of footage, all with
high-quality trajectory annotations. The dataset focuses on
long shots averaging 14.4 seconds, capturing more com-
plex camera movements compared to other datasets. While
DL3DV-10K [26] has a longer average duration, its camera
trajectories lack directorial intent, emphasizing scene-level
consistency rather than creative camera work.

Statistics. We present the dataset statistics across four di-
mensions: Alignment, Quality, Complexity, and Diversity.
To evaluate Alignment and Quality, we conducted a user
study with 8 experts. We selected 100 samples, includ-
ing original videos, camera trajectories, and two captions:
Motion and Directorial. The samples were split into two
sets, each labeled by four users. For Alignment, we assess
the consistency between the trajectory and video (Video-
Traj), the motion caption and trajectory (Traj-Motion), and
the directorial caption with both the trajectory and video
scene (Traj-Directorial). For Quality, we assess whether
the camera trajectory is free of breaks, roughness, or jit-
ter. We use Fleiss” Kappa [9] to measure inter-rater agree-
ment among multiple users. As shown in Tab. 2, our dataset
achieves high accuracy in both Alignment and Quality, with
all Kappa values exceeding 0.4, confirming the reliability
of the results. For Complexity, as illustrated in Fig. 2a,
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Figure 3. Our Auto-regressive Generation Model. Our model supports multi-modal inputs and generates trajectories based on these
inputs. By treating the task as an auto-regressive next-token prediction problem, the model sequentially generates trajectories, with each
new pose prediction influenced by previous camera states and input conditions.

we present the composition and distribution of motion tags
within the dataset. For Diversity, as shown in Fig. 2b, the
trajectories, while remaining consistent with the caption,
exhibit significant variations in length, direction, and speed,
effectively showcasing the diversity within our dataset.

4. Method

4.1. Overview

We introduce GenDoP here, an auto-regressive method for
camera trajectory generation. Previous trajectory genera-
tion methods [2, 16, 21, 24, 25, 37] largely relied on dif-
fusion models [33], which often result in discontinuous and
unstable trajectories (See Fig. 4). In contrast, we pioneer the
application of auto-regressive models to trajectory genera-
tion. Auto-regressive models are well-suited for this task
due to their ability to capture sequential dependencies. In
trajectory, each pose’s position and orientation depend on
the previous one, making the framework ideal for modeling
the temporal and spatial continuity of trajectories. By con-
ditioning each pose on its predecessor, the model effectively
generates realistic and coherent 3D camera trajectories.
GenDoP automatically constructs the camera’s 3D mo-
tion path based on an input caption or appearance and ge-
ometry from the initial frame, capturing changes in both
position and orientation. As illustrated in Fig. 3, GenDoP
takes a text description 7', optionally combined with the
initial frame’s RGBD image (Iy, Dy), as input and gen-
erates the corresponding camera trajectory C. A camera
trajectory C = {xq,X1,...,Xy_1} is defined as a se-
quence of N consecutive camera poses, where each pose
x; = [R;|t;]K;] comprises a rotation matrix R; (orienta-
tion), a translation vector t; (position), and an intrinsic ma-
trix K; (projection parameters). The intrinsic matrix K;
can be simplified to (fs, f,), assuming a fixed principal
point (¢, ¢,) and image dimensions (H,W). Our goal is
to derive an auto-regressive generation function f such that
C = f(T[, (o, Dy)]). The trajectory tokenization process

is detailed in Sec. 4.2, while the generation method is com-
prehensively described in Sec. 4.3.

4.2. Camera Trajectory Tokenization

Auto-regressive models commonly process information as
discrete token sequences, making compact tokenization es-
sential for efficient representation without sacrificing accu-
racy. Videos are naturally serialized into discrete frames
and in this sense, camera trajectories from videos can be
easily tokenized into discrete camera pose x; = [R;|t;|K;]
at each frame. This simplicity facilitates efficient tokeniza-
tion, enabling a compact encoding of the trajectory.
Canonical normalization. We first establish a scale-
invariant trajectory representation via canonical normaliza-
tion. The camera frame is aligned as the world reference,
setting R{®™ = I and t5°>™ = 0. Subsequent poses are
relativized through rigid transformation: R?*™ = RJ R;,
t; = Ry (t; — to) fori € [1, N). Scale normalization then
computes s = max; <;< v ||t;||2 and projects translations to
unit space via t}"™ = t, /(s +¢) with ¢ = 10~°, maintain-
ing geometric consistency and numerical stability.
Trajectory tokenization. For the resulting normalized pa-
rameters R}°"™ and t}°™, we compute the correspond-
ing quaternion representation for R}°"™ and normalize
all parameters to the range [0, 1], resulting in the vector
(r1,7r9,73,74,11,t2,t3). Subsequently, the focal lengths
fx, fy and the scale size s are also normalized, yielding
(f1, f2, 8), which are then concatenated with the previously
computed values. Finally, these parameters are multiplied
by the discrete bin size B and converted into integer values.
Thus, for each x;, we can tokenize it into an integer vector
of length 10, where the values are within the range [0, B].
As aresult, each camera trajectory can be tokenized into an
integer vector of length 10N.

Auxiliary tokens. Similar to prior auto-regressive ap-
proaches [6, 35, 37], we prepend a BOS token at the be-
ginning of a trajectory sequence, append an EOS token at
the end, and use PAD tokens to fill the necessary positions.
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Text-Trajectory Alignment

Trajectory Quality User Study (AUR)

Condition Method Dataset Fl-Score}  CLaTr-CLIP? | Coverage? CLaTr-FID| | Alignmentt Quality? Complexityt
CCD [21] Pre-trained | 0.297 5.288 0.332 357.822 2.153 2.033 2373
E.T. [7] Pre-trained 0.315 7.604 0.606 103.799 2.960 3.060 2.953
Motion Director3D [24]  Pre-trained |  0.058 0.000 0.171 542.385 1.407 1.873 1,400
Dircctor3D [24]  DataDoP 0.391 31.689 0.839 31.979 3.800 3313 3.520
GenDoP(Ours)  DataDoP 0.400 36.179 0.872 22.714 4.680 4720 4753
CCD [21] Pre-trained | 0315 4247 0416 240216 2.120 2.193 2287
ET.[7] Pre-trained | 0.303 6.127 0.613 04818 2813 2713 2887
Directorial Director3D [24]  Pre-trained |  0.126 0.000 0.348 348312 1.513 1.747 1,440
Dircctor3D [24]  DataDoP 0.361 23.505 0.802 35.538 3.913 3.713 3.747
GenDoP(Ours)  DataDoP 0.399 32.408 0.854 34.275 4.640 4633 4.640
RGBD & Text | GenDoP (Ours) DataDoP |  0.388 30231 | 0855 33653 | ; ; R

Table 3. Quantitative Results. We present the quantitative results of our GenDoP across two text-conditional generation tasks and
an RGBD & Text-conditioned task, comparing it with human-tracking methods CCD [21] and E.T. [7], as well as the object/scene-
centric method Director3D [24]. Our model consistently outperforms all baselines across all metrics and caption subsets, confirming the
effectiveness of both our dataset and auto-regressive framework, positioning GenDoP as a state-of-the-art trajectory generation model.

During the tokenization process, we obtain B + 1 integer
values. Consequently, this tokenized representation can be
discretized through a learnable codebook V € R(B+H*L
where L is the latent dimension.

4.3. Auto-regressive Generation

We employ a transformer-based auto-regressive architec-
ture to establish a bidirectional mapping between fixed-
length camera trajectories and their compact latent repre-
sentations. Although raw camera trajectories may vary in
length, their spatial paths remain consistent after interpola-
tion, allowing us to target fixed-length camera trajectories.
Text-conditioned encoder. Our architecture comprises a
text encoder & and an auto-regressive decoder D for the
base text-conditioned model, as shown in Fig. 3. The text
encoder &p utilizes the pretrained and learnable text en-
coder from Stable Diffusion 2.1 (SD2.1) [33] to extract se-
mantic features, which are then processed through an MLP
to generate a textual latent code Z7 € RM7 %L where My
denotes the textual latent size and L is the latent dimension.
RGBD-conditioned encoder. For the RGBD-conditioned
model, we introduce two separate encoders: £; for RGB
image and &p for depth. Specifically, we expand the depth
to R3*H*W o ensure it can be processed by the encoder.
Both encoders use the pretrained and learnable CLIP Vision
Model [19, 30, 34] to extract features, which are then passed
through MLPs to generate latent codes Z; € RMr*L and
Zp € RMpxL The final latent representation is the con-
catenation of the textual, RGB, and depth codes:

Z = (Zr;Z1;Zp) € RM*Y M = My + M; + Mp. (1)

This combined representation integrates both visual and ge-
ometric modalities, conditioning the trajectory generation
on the accompanying textual information.

Auto-regressive decoder. The decoder D is an auto-
regressive transformer designed to generate a trajectory to-
ken sequence from the latent code Z and previously token

IDs. We adopt the OPT architecture [45] as the decoder,
as utilized in prior works [6, 37]. The latent code Z is
prepended to the input sequence, positioned before the BOS
token. For each token prediction, the decoder D queries the
learnable codebook V € R(F+4xL ysing the previous to-
ken IDs y¢.p—1, producing the corresponding continuous
token embeddings V]yo.p_1] € RF*L, where P denotes
the length of the previous token sequence. The input em-
beddings for the decoder are then computed as:

X p = PosEmbed([Z; V]yo.p_1]]) € RM+DI*L - (2)

Stacked causal self-attention layers are then employed to
predict the next feature based on X p. A linear projection is
applied to map the predicted feature to classification logits,
which are subsequently used to retrieve the corresponding
token ID yp. This process ultimately generates a fixed-
length trajectory token sequence.

Loss function. The model is optimized with a weighted
sum of cross-entropy loss and a regularization term:

L = CrossEntropy(S[1 :], S[:, —1]) + M| Z|2, (3)

where S is the one-hot ground truth token sequence, S is
the predicted logits, and Z is the latent code.

5. Experiments

5.1. Experimental Setting

Our GenDoP framework implements three conditional gen-
eration paradigms: (1) Motion captions for isolated camera
motions, (2) Directorial captions for scene-synchronized
trajectories, and (3) RGBD & Text, a novel approach that
integrates images and depth maps with Directorial captions
through hierarchical feature fusion.

All experiments for both training and inference are
carried out with an Intel(R) Xeon(R) Gold 6248R CPU
@ 3.00GHz and a single NVIDIA A100-SXM4-80GB
GPU. We maintain consistency in parameters and strategies
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Ours Director3D
(DataDoP)

Input (DataDoP)
The camera starts by moving
left while yawing left,
remains static, and then
moves left and forward
while yawing right.

The camera initially moves
left while yawing left, then
moves forward while
continuing to yaw left, and
finally becomes static.

Director3D ccop E.T.
(Pre-trained) (Pre-trained) (Pre-trained)

Figure 4. Qualitative Results of Text-conditioned Trajectory Generation. We offer a comparative analysis of text-conditioned trajectory
generation in the figure. Our model’s trajectories (color-coded to highlight text alignment) remain stable and closely follow the instructions,
while other models exhibit significant jitter or fail to match the instructions well.

throughout training to ensure uniformity across the experi-
mental setup. The image resolution is set to W = 512, with
a trajectory length of N = 60, discrete bin size B = 256,
and latent dimension L = 1024. The textual latent size is
My = 77, the image latent size is My = 257, and the depth
latent size is Mp = 257. The backbone OPT Transformer
consists of 12 layers with 12 attention heads each. Training
converges after 8 hours on a single A100 GPU, yielding an
inference throughput of approximately 3 seconds per trajec-
tory. For evaluation, 3k samples are randomly selected from
the DataDoP dataset as the test set, with the remaining data
forming the training corpus. Implementation specifics are
detailed in Appendix Sec. C.1.

5.2. Quantitative Results

Metrics. We obtain the Contrastive Language-Trajectory
embedding (CLaTr) [7] by leveraging the DataDoP dataset
with a CLIP-like approach [30]. A random subset of 3k
samples is selected as a test set, from which CLaTr em-
beddings for both ground truth (GT) and generated data
are extracted. Using these embeddings, we evaluate the
model with two main metrics. (1) Text-Trajectory Align-
ment: We measure the similarity between text and tra-
jectory embeddings using the CLaTr-CLIP (analogous
to CLIP-Score [19]). We also replicate the motion tag-
ging step from Sec. 3.1 to obtain the GT motion tags,
which are then compared with the generated tags. Clas-
sifier F1-Score is computed by verifying the generated
motion tags against the GT labels. (2) Trajectory Qual-
ity: The alignment between GT and generated trajectories
is evaluated using CLaTr-FID (analogous to FID [13]).
Additionally, Coverage evaluates how well the generated
data spans the range of real data, with higher values indicat-
ing a broader representation of the data distribution.

Results. We report the quantitative results of our GenDoP
across two text-conditional generation paradigms (Motion /
Directorial) in Tab. 3. We compare it with previous trajec-
tory generation methods. For the human-tracking methods,
CCD [21] and E.T. [7], we assume the character remains
static to simplify the camera trajectory inference process.

For the object/scene-centric, text-only conditioned method,
Director3D [24], in addition to the pretrained model, we
also train a version using DataDoP to emphasize the signifi-
cance and effectiveness of our dataset for camera trajectory
generation tasks. For the RGBD & Text-conditioned task, a
novel paradigm introduced by us, we present only the met-
ric results for GenDoP.

Our model demonstrates consistent superiority across all
metrics and caption subsets, primarily due to the enhanced
trajectory complexity and trajectory-aware captions in our
dataset. This innovation enables more precise motion rep-
resentation, significantly enhancing text-trajectory align-
ment. This is demonstrated by Director3D models trained
on our dataset, which show a dramatic leap in CLaTr-CLIP
scores from O to over 30, transitioning from object-centric
to trajectory-enriched training. Despite sharing the same
training data, GenDoP outperforms DataDoP-trained Di-
rector3D by 4.5 (Motion) and 9.1 (Directorial) for CLaTr-
CLIP, while reducing CLaTr-FID by 9.3 (Motion) and 1.3
(Directorial), as confirmed by user studies. These results
validate the effectiveness of our auto-regressive framework.
Additionally, GenDoP demonstrates exceptional versatil-
ity in handling RGBD & Text-conditional tasks, showing
strong multi-modal integration for high-quality trajectory
generation under complex constraints. Collectively, the ex-
periments confirm the effectiveness of both our dataset and
auto-regressive framework, establishing GenDoP as a state-
of-the-art model for trajectory generation.

User study. To establish human-aligned evaluation metrics,
we engaged 30 domain experts in a user study centered on
three critical dimensions: Alignment (trajectory consis-
tency with input text), Quality (smoothness, logical co-
herence, and seamless connectivity between sequential ac-
tions), and Complexity (kinematic sophistication of mo-
tion sequences under input constraints). We employed the
Average User Ranking (AUR) metric to evaluate model per-
formance, where domain experts assigned ranking scores
(1-5) to the five competing models per task. Higher ranking
scores indicate superior performance. We comparatively as-
sessed five models on text-conditioned tasks (with 10 sam-
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Input Text-conditioned  RGBD & Text-conditioned

The camera remains still, then glides left
and forward, highlighting wall displays
and a central table, before settling static.

The camera moves forward to capture a
group conversing, stays static for clarity,
moves closer to highlight details, and
holds still to focus on their interactions.

Figure 5. Qualitative Results of RGBD & Text-conditioned
Generation. This figure compares the impact of incorporating
RGBD input on trajectory generation under identical text condi-
tions. While both models generate command-compliant trajecto-
ries, the RGBD & Text-conditioned model demonstrates superior
scene adaptation by utilizing RGBD data to integrate geometric
and contextual constraints.

Ablation ‘ Text-Traj Alignment Trajectory Quality
Encoder  Norm ‘ F1-Score ~ CLaTr-CLIP Coverage  CLaTr-FID

v v 0.400 36.179 0.872 22.714

v X 0.322 14.917 0.766 68.590

X v 0.389 31.420 0.866 22.841

Table 4. Ablation Study. We conduct an ablation study to evaluate
the effectiveness of canonical normalization (see Sec. 4.2) and the
trainability of the encoder (see Sec. 4.3).

ples per task), excluding RGBD & Text-conditional scenar-
ios with single-model baselines. As evidenced in Tab. 3, our
approach outperformed others across all metrics, with re-
sults closely matching the earlier quantitative findings, val-
idating its perceptual and technical coherence.

5.3. Qualitative Results

Text-conditioned generation. We present comparative
analysis of Text-conditioned trajectory generation in Fig. 4.
Our model not only achieves superior text-trajectory align-
ment but also maintains high-quality trajectory generation.
Furthermore, the intricate input conditions highlight its
capacity to produce sophisticated outputs with high-level
complexity. In contrast, the DataDoP-trained Director3D
captures basic motion patterns but exhibits trajectory jit-
ter and instability. Furthermore, its object-centric variant
pre-trained on [42, 47] generates orbit-dominated trajecto-
ries that exhibit no text correspondence, despite improved
smoothness. Other baselines exhibit notably inferior per-
formance in both text-trajectory alignment and quality.

RGBD & Text-conditioned generation. We conduct a
comparative analysis of our trajectory generation model un-

der varying input conditions, as shown in Fig. 5. The results
demonstrate that both models generate command-compliant
trajectories when given identical textual inputs. However,
the RGBD & Text-conditioned model shows superior scene
adaptation by leveraging RGBD to incorporate geometric
and contextual constraints. Specifically, as shown in the first
row of Fig. 5, the spatial information from RGBD effec-
tively mitigates ambiguities, i.e., “left and forward” in the
text. This multimodal conditioning enables precise align-
ment with the 3D scene structure.

5.4. Ablation Studies

Canonical normalization. We experiment with an alterna-
tive strategy that skips canonical normalization, directly us-
ing trajectories from Monst3r [43] with scale normalization
for tokenization feasibility. These trajectories are scene-
centered, with the 3D space focused around the scene. In
contrast, canonical normalization transforms them into first-
person tracking paths. As shown in the table Tab. 4, ap-
plying canonical normalization significantly improves both
alignment and quality, providing more consistent camera
movements align with the instructions.

Trainable encoder. Contrary to conventional practice
in text/image-conditional generation where pretrained en-
coders remain frozen to preserve prior knowledge, our ex-
periments demonstrate comprehensive performance gains
(see Tab. 4) by employing trainable encoders. This im-
provement arises from the encoders’ ability to adapt and
bridge cross-modal gaps: through joint optimization, the
visual encoder creates geometry-aware trajectory embed-
dings, while the text encoder learns motion-semantic rela-
tionships, resulting in more accurate alignment between text
and camera movements.

6. Conclusion

We propose DataDoP, a pioneering dataset of expressive,
free-moving camera trajectories from artistic videos, and
GenDoP, an auto-regressive multimodal model for trajec-
tory generation. Our approach innovatively incorporates
RGBD information as input, enabling spatial data to guide
trajectory supervision. This sets a new benchmark, achiev-
ing state-of-the-art performance with superior controllabil-
ity and intent alignment compared to existing methods.

Limitations and future work. Currently, our multimodal
approach combines text and first-frame RGBD to generate
trajectories. Meanwhile, our dataset also extracts 4D point
cloud during the extraction process but remains underex-
plored. Looking ahead, we aim to incorporate more modal-
ities to enhance the adaptability and contextual awareness
of the generated trajectories. In addition, we plan to unify
trajectory and camera-controlled video creation for iterative
creation of both trajectories and video content, establishing
a seamless pipeline for automated, artistic film production.
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