LAMP: Language-Assisted Motion Planning for Controllable Video Generation

Supplementary Material

This document provides additional details and results
complementing the main paper. Section | summarizes the
statistics of our procedural dataset and visualizes the distri-
bution of motion types. Section 2 presents extended quantita-
tive evaluations on DataDoP and ET, including experiments
with DSL-converted real data. Section 4 shows further quali-
tative examples, long-horizon generation, and multi-object
motion results. Section 5 describes the user study setup.
Section 7 provides a full specification of our motion domain-
specific language (DSL). Section 6 discusses typical failure
cases of the video generator and future opportunities for
improving trajectory conditioning.

1. Procedural Dataset Statistics

Our procedural dataset consists of 200+K samples for cam-
era (100K with free-form and 100K with relative motion)
and 100K samples for object motion. Each object motion tra-
jectory consists of 4 segments, where one motion primitive
is assigned per segment, resulting in 400K segments in to-
tal. Each sample includes a DSL program, natural-language
camera caption, and the corresponding 3D trajectory.

Fig. 8 provides a detailed distribution of free-form camera
motions across 27 coarse translational motion categories (3
motion types x 3 directions) together with all rotational mo-
tion combinations. Fig. 7 shows the analogous distribution
for object motions. As in real datasets [0, 36], the distri-
bution is intentionally imbalanced in that common motions
single-axis motions (e.g., forward, backward) appear more
frequently than multi-axis composite motions.
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Figure 7. Object motion distribution. Frequency of single-axis
and multi-axis object motions within our procedural dataset, cap-
turing both dominant patterns and less common combinations.
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Figure 8. Free-form camera motion distribution. Frequency
of single-axis and multi-axis motions for both translation (left)
and rotation (right), illustrating the natural long-tailed structure of
sampled camera behaviors.

2. Additional Quantitative Evaluations for
Camera Motion

The main paper evaluates cross-dataset generalization by
training LAMP solely on our procedural dataset and test-
ing on DataDoP [36] and ET [6]. Here, we analyze the
inverse setting: training or finetuning LAMP directly on
these datasets after converting their trajectories to our DSL.

2.1. Training on DataDoP

DataDoP trajectories, which are extracted from real videos,
are inherently noisy (see Fig. 9). After DSL conversion, we
compute similarity between original and DSL-reconstructed
trajectories, hiscard samples below a threshold, and remove
static or near-static cases. This yields 10K usable samples.
We evaluate four configurations: (i) DSL trajectories + origi-

original DataDoP sample
motion tagging & recaptioning

The camera moves backwards, shifts The camera holdz its position, then
drifts subtly to left while panning

and then moves forward. right.

left, moves left while yawing right,

Figure 9. Using real data for training. Samples from real datasets
(e.g., DataDoP) are converted to our DSL format via motion tagging
and optionally re-captioned. The DSL conversion smooths the noisy
trajectories extracted from real videos and improves alignment
between textual descriptions and motion.
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You will watch two short videos (A and B) generated from
the same text description. Please compare them in terms
of how well the object and camera motions match the
described scene. Focus on movement and framing rather
than appearance or rendering quality.
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Figure 10. User-study interface. Given a prompt and a pair of videos, users compare the outputs along three criteria.

nal captions, (ii) DSL + regenerated captions, (iii) Finetuning
(ft), and (iv) Training from scratch (¢r).

Table 5 shows that while additional training data yields
small gains, the improvements remain marginal due to the
limited data volume. Importantly, the results confirm that
our procedural dataset is already diverse and enables strong
cross-dataset generalization.

In Table 5, the results for the first five baselines are di-
rectly sourced from the original GenDoP publication, while
the subsequent rows represent our experimental results ob-
tained using the official implementation. A critical revision
in our evaluation involves the Fl-score computation'. The
original GenDoP framework evaluates F1-scores on trajec-
tories reconstructed by CLaTr. However, this introduces a
dependency on CLaTr’s reconstruction quality, which serves
as a bottleneck given its limited training on DataDoP. Align-
ing with the rationale established in ET, we consider direct
evaluation to be more indicative of the model’s true gener-
ative performance. Consequently, we revised the metric to
evaluate the direction and rotation of the predicted trajecto-
ries directly. This refinement eliminates the reconstruction
bias and yields a significant improvement in the observed
F1-scores.

Table 5. Camera trajectory evaluation on the DataDoP dataset.
LAMP achieves performance comparable to DataDoP-trained base-
lines despite no dataset-specific training.

Model Data Revised F1-Score F1-Score CLaTr Coverage FID
CCD pretrained - 0.297 529 0332 357.822
ET pretrained - 0.330 246 0.020  609.906
Director3D pretrained - 0.058 0.00 0.171  542.385
Director3D DataDoP - 0.391 3169 0839 31979
GenDoP DataDoP - 0400 36.18 0.872 22.714
GenDoP (exp) DataDoP 0.360 0.383 3591  0.853 48.123
Ours pretrained 0.763 0380 3629 0794  66.86

Ours  (ft) w/ DataDoP org cap 0.613 0.390 29.44 0.834 85.46

Ours (ft) w/ DataDoP 0.776 0.390 3652  0.779 67.24

Ours  (tr) w/ DataDoP org cap 0.616 0385  29.13 0.835 91.51

Ours (tr) w/ DataDoP 0.776 0400 3548 0805 7152

'We have verified the necessity of this revision with the authors of
GenDoP.

2.2, Training on ET

We perform a similar analysis with the ET dataset. After
filtering and DSL conversion, we obtain 21k samples from
the ET dataset for additional training. Since the ET dataset
lacks rotational camera motion, limiting potential gains.

Table 6 reports results on the pure and mixed splits. Sim-
ilar to our observations with DataDoP evaluations, DSL-
converted ET data yields minor improvements when fine-
tunes, yet LAMP trained purely on our procedural data al-
ready achieves the best overall generalization, further demon-
strating the strength of our controlled motion design.

Table 6. Camera trajectory results on the ET dataset. The
ET benchmark includes a simpler pure and a harder mixed split.
LAMP attains the highest F1-scores on both, demonstrating strong
generalization across (unseen) motion complexity levels.

Model Pure Split Mixed Split
F1 Score CLaTr Score F1 Score CLaTr Score
CCD 0.27 3.21 0.17 6.26
MDM 0.76 21.26 0.34 18.32
ET - DirB 0.86 23.10 0.39 20.78
ET - DirC 0.80 21.49 0.48 21.95
Ours 0.976 35.10 0.769 36.59
Ours (ft w/ ET org cap) 0.666 30.66 0.446 28.06
Ours (ft w/ ET) 0.978 35.02 0.779 36.95
Ours (tr w/ ET) 0.980 35.10 0.755 36.37
Ours (tr w/ DataDoP) 0.967 34.90 0.747 35.71

3. Universality of DSL Output

Since LAMP produces explicit 6-DoF camera and object tra-
jectories, it provides a model-agnostic interface that does
not require any modification to the video generator. We
integrated the same DSL-derived motion signal with off-the-
shelf video generation frameworks: fext-to-video (Camer-
aCtrl [11]), image-to-video (EPiC [32]), and video-to-video
(ReCamMaster [2]). As shown in Fig. 11, the identical DSL
program successfully drives all three pretrained backbones.



Figure 11. DSL w/ CameraCtrl, EPiC, and ReCamMaster.
DSL applied to multiple off-the-shelf models (T2V, 12V, V2V,
respectively).

4. Additional Qualitative Results

We provide extensive qualitative examples on the project
page. Beyond reproducing results in the main paper, we
report:

* Multi-object motion: LAMP can generate trajectories
for multiple objects independently, followed by camera
motion relative to one of them. After manually aligning
initial object positions, VACE can synthesize videos con-
ditioned on the resulting 3D paths. Automating relational
multi-object trajectory generation is left for future work.
Automating this step would allow LLMs to define com-
plex temporal and spatial scene layouts and interactions
directly. Since an MLLM call (Qwen2.5-VL-7B) typically
takes less than 5 seconds and trajectory rendering requires
only 2-3 seconds, users can validate motion in near real-
time. This allows for rapid iteration before committing to
the final video synthesis, which takes around 6 minutes
for 81 frames with VACE-1.3B (on NVIDIA A40 48GB).

* Long-horizon motion generation: We prompt LAMP
sequentially across temporal segments. DSL-generated
trajectories are concatenated by initializing each segment
with the previous endpoint. VACE, which is limited to
short clips, is run iteratively using the last frame as con-
ditioning. We expect that the visual quality of the results
will improve as the video models become capable of gen-
erating longer video sequences. While we anticipate that
future video models will achieve higher visual fidelity for
longer sequences, explicit trajectory control will remain es-
sential. Such control is critical for orchestrating complex,
multi-stage movements and ensuring precise spatiotempo-
ral planning that simple text prompts cannot guarantee.

5. User Study Details

As illustrated in Fig. 10, each question in the user study
presents a text prompt and two generated videos (ours vs.
a baseline), and three evaluation questions. Video order is
randomized per trial, and users may choose either video or
select both when undecided.

6. Limitations

Failure Rate. We evaluated the validity of the DSL tags
generated by LAMP to assess their structural and semantic
integrity. The results demonstrate that LAMP is empirically
robust: across four datasets (10k captions each), it shows a
0.11% failure rate, with only 3 motion type confusions and
8 invalid tags per 10k samples. This highlights the stability
of the DSL and deterministic grounding.

Video Adherence to Motion Conditioning Controls. In our
work, we use VACE [13] as a pre-trained video generator and
convert the motion trajectories to intermediate control videos.
While effective, this conditioning mechanism sometimes
falls short in adhering to the conditioning signals as shown
in the supplementary video. Finetuning a video generator
to be conditioned on directly the 3D motion trajectories can
mitigate this limitation in the future.

7. Motion Domain Specific Language

In Table 7-10, we provide the details of the motion domain
specific language we propose. Our DSL consists of four
motion primitives, each with a corresponding list of motion
modifiers that parameterize that motion type. In particular,
for each motion primitive supported, we provide a list of the
motion modifiers along with their description, syntax, the
possible set of values, and the default value.



Table 7. Free form behaviour (free_form) and its modifiers

Modifier Description Key Possible Values Default
Lateral Lateral translation t_x {far_left, left, near_left, no, no
near_right, right, far_right}
Vertical Vertical translation t_y {far_down, down, near_down, no, no
near_up, up, far_up}
Depth Depth translation t_z {far_in, in, near_in, no, no
near_out, out, far_out}
Yaw Yaw in degrees yaw {-180, -170, -160, ..., -100, 0O
-90, -85, -89, ..., -10, -5,
0, 5, 10, ., 80, 85, 90,
100, ..., 160, 170, 180}
Pitch Pitch in degrees pitch {-180, -170, -160, ..., -100, 0O
-90, -85, -80, ..., -10, -5,
o, 5, 10, ..., 80, 85, 90,
100, ..., 160, 170, 180}
Roll Roll in degrees roll {-180, -170, -160, ..., -100, ©O
-90, -85, -80, ..., -10, -5,
e, 5, 10, ..., 80, 85, 90,
100, ..., 160, 170, 180}
Table 8. Orbit track behaviour (orbit_track) and its modifiers
Modifier Description Key Possible Values Default
Dutch Camera roll angle dutch {-45, -30, -15, 0, 15, 30, 0
45}
Easing Defines the camera accelera- ease {in, out, in_out, out_in, linear} linear
tion curve
Jitter Small, random vibrations, jitter {low, high, none} none
simulating a handheld effect
Vertical Angle  Camera’s vertical perspec- ver {aerial, low-angle, none} none
tive relative to the object
Framing Offset Offsets the object’s position object {left, right, none} none
within the frame
Orbit Plane The primary axis around plane_axis {x, y, z} y
which the camera orbits the
object
Orbit Degrees Total angular distance deg {30, 45, 60, 90, 180, 270, 90
360}
Direction Direction of rotation dir {cw, ccw} cw
Spiral Dolly Combines the orbit motion spiral {in_0.1, in_0.3, in_0.5, no

with a simultaneous cam-
era movement towards ob-
ject, creating a spiral

out_0.1, out_0.3, out_0.5,
no}




Table 9. Tail track behaviour (tail_track) and its modifiers

Modifier Description Key Possible Values Default
Dutch Camera roll angle dutch {-45, -30, -15, 0, 15, 30, 0
45}
Easing Defines the camera accelera- ease {in, out, in_out, out_in, linear} linear
tion curve
Jitter Small, random vibrations, jitter {low, high, none} none
simulating a handheld effect
Vertical Angle  Camera’s vertical perspec- ver {aerial, low-angle, none} none
tive relative to the object
Framing Offset  Offsets the object’s position object {left, right, none} none
within the frame
Follow style Responsiveness of the cam- follow_style {hard, soft, lazy} hard
era (strict vs delayed)
Follow axis Axis or axes the camera uses follow_axis {x, y, z, full} full
to follow the object
Amplitude Scales the camera’s travel amp {x_0.5, x_0.8, x_.1.2, x_1.5, no
distance relative to the object y_0.5, y 0.8, y_1.2, y_1.5,
z.0.5, z.0.8, z_1.2, z_1.5,
all_0.5, all_0.8, all_1.2,
all_1.5, no}
Static Dolly Moves the camera toward or dolly {in_0.1, in_0.3, in_0.5, no
away from the object out_0.1, out_0.3, out_0.5,
no}
Mirror Produces symmetrical cam- mirror_axis {x, y, no} no
era motion
Look at Disables or enforces orienta- dont_look {dont_look, none} none
tion towards the objects
Lead Positions the camera ahead lead {lead, none} none

of the object’s motion direc-
tion,




Table 10. Rotation track behaviour (rotation_track) and its modifiers

Modifier Description Key Possible Values Default
Dutch Camera roll angle dutch {-45, -30, -15, 0, 15, 30, 0
45%

Easing Defines the camera accelera- ease {in, out, in_out, out_in, linear} linear
tion curve

Jitter Adds small, random vibra- jitter {low, high, none} none
tions, simulating a handheld
effect

Vertical Angle  Camera’s vertical perspec- ver {aerial, low-angle, none} none
tive relative to the object

Framing Offset  Offsets the object’s position object {left, right, none} none
within the frame

Rotation axis Determines the rotation axis rot_axis {pan, tilt, full} full
or axes

Local Dolly Controls the distance of the push {in_0.1, in_0.3, in_0.5, no
camera to the object during out_0.1, out_0.3, out_0.5,
tracking no}

Local Offset Shifts the camera’s look-at local_offset {x_-0.3, x_-0.1, x_0.1, no
point relative to the target x_0.3, y_-0.3, y_-0.1, y_0.1,

y_0.3, no}

World moves 1 If enabled, the camera ro- {truck_right_{amount}, none
tates while compensating for truck_left_{amount},
world-space motion to main- pedestal_up_{amount},
tain focus on the target. In pedestal_down_{amount},
this mode, local modifiers goes_in_{amount},
are not used. goes_out_{amount}

World moves 2 Similar to World moves I but {truck_right_{amount}, none

defines the world-space mo-
tion in the second half of the
shot

truck_left_{amount},
pedestal_up_{amount},
pedestal_down_{amount},
goes_in_{amount},
goes_out_{amount}
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