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Abstract
Camera trajectory design plays a crucial role in video production,
as it determines how a target object is presented throughout a shot.
In object-aware camera trajectory generation, the key challenge is
not only to produce plausible camera motion, but also to maintain
stable camera–object interaction as the target moves. Specifically,
the trajectory should keep the object within a proper image re-
gion, preserve a stable and reasonable scale, and ensure the camera
consistently faces the object. Existing methods improve control-
lability from text or point-based object cues, but they often fail
to preserve this interaction over time. Language provides high-
level camera-motion intent, while a time-varying 3D bounding
box supplies frame-wise target geometry for preserving framing,
visibility, and viewing direction. However, object location alone
does not capture the target’s spatial extent and orientation, and
existing datasets lack aligned supervision for generating camera
trajectories from both text and structured 3D target state. To ad-
dress this, we establish target-object camera trajectory generation
from text and 3D target state as a new benchmark task, and intro-
duce BlockCam, a 41K-sequence benchmark with aligned textual
motion descriptions, target-object 3D bounding box sequences,
and camera trajectories collected from real and synthetic videos
under continuous target visibility. We further propose Camera
Operator, a geometry-conditioned flow-matching model whose
intermediate clean trajectory estimate enables projection-space su-
pervision of camera–object relations. We evaluate this benchmark
using trajectory-alignment and distributional metrics as well as two
geometric measures, In-Frame Ratio and Look-at Error, to assess
target visibility and camera–target alignment. Experiments show
that the full configuration strengthens relation preservation while
maintaining strong text–trajectory alignment. Across progressively
richer geometry-conditioned configurations, the full-box model
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outperforms its location-only counterpart, and a user study favors
our results in terms of alignment and framing.
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1 Introduction
Camera trajectories are a core control signal [1, 11, 13, 14, 19, 27, 44,
45] in video production and controllable video generation, because
they determine how a designated subject is presented throughout
a shot. A particularly important setting is object-aware camera
trajectory generation, where the camera must continuously follow
a designated target object. This capability is useful for virtual cine-
matography and camera-controlled video synthesis, where explicit
camera motion provides structured and editable control. However,
the task is fundamentally challenging. Object-aware camera plan-
ning is not merely about producing a smooth 3D path or roughly
following the target center. A usable shot must preserve a stable
camera-object relation over time: the target should remain visible,
occupy a reasonable image region, and stay consistently looked
at as both the camera and the target move. In other words, even
a smooth trajectory can still fail cinematographically if the target
drifts out of frame, undergoes abrupt scale changes, or is no longer
consistently viewed. We refer to these failure modes as object drift,
composition drift, and gaze drift, respectively.

Related 3D research spans motion generation and joint camera–
human modeling [12, 21, 48]. Recent controllable video gener-
ation methods use camera motion as an external condition for
synthesizing videos [1, 13, 16, 45], demonstrating the value of
explicit camera control, but they generally assume that a suit-
able trajectory is already available. Meanwhile, camera trajectory
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Figure 1: Overview. Top: Given a time-varying 3D target-box sequence and a text prompt, our method predicts a 3D camera
trajectory. Bottom: The predicted camera trajectory can condition a camera-controlled video model such as ReCamMaster [1];
projecting the target’s 3D boxes along this trajectory yields 2D box tracks that can guide an object-trajectory model such as
MagicMotion [20]. The colors from blue to red represent the progression from the first frame to the last frame for both the
camera trajectory and the object trajectory.

generation methods provide only limited grounding for object-
aware planning. CCD [18] models camera motion in a character-
centric coordinate system, whereas E.T. [8] explicitly conditions on
a 3D character-center trajectory. These approaches provide target-
relative or center-level grounding, but neither encodes the target’s
full time-varying extent for preserving framing, projected scale, and
target-relative viewing direction. Director3D [22] generates text-
conditioned camera trajectories within a joint scene-generation
pipeline, while GenDoP [50] uses directorial text with optional
initial-frame RGB-D; neither explicitly models the dynamic 3D
geometry of a designated target object throughout the sequence.
Thus, existing methods can produce plausible motion, but they still
struggle to maintain a stable camera-object relation over time.

These limitations point to two key challenges. First, relation-
preserving control: the model must generate a trajectory compatible
with time-varying visibility, composition, and viewing geometry
rather than merely follow coarse target motion. Second, data sup-
port: learning such behavior requires aligned language, 3D target
state, and camera trajectories. Our key insight is that per-frame 3D
boxes compactly encode not only location but also target extent

and orientation, providing cues for framing and look-at behavior
as both camera and target move.

To address these limitations, we establish target-object cam-
era trajectory generation from text and 3D target state as a new
benchmark task and introduce BlockCam, a curated 41K-sequence
benchmark of aligned textual motion descriptions, target-object 3D
bounding box sequences, and camera trajectories collected from real
and synthetic videos. We focus on single-shot, single-object clips
with continuous target visibility and no shot transition, isolating
camera-bbox relation preservation from occlusion, target switch-
ing, and target re-acquisition. Building on this benchmark, we
propose Camera Operator, a geometry-conditioned flow-matching
model [24] for object-aware camera trajectory generation. Lan-
guage provides sequence-level motion intent and camera-object
interaction cues, while the 3D bounding box sequence provides
frame-wise target state. Its intermediate clean trajectory estimate
enables projection-space supervision of the camera-bbox relation
at each sampled flow time, reducing object drift, composition drift,
and gaze drift. We benchmark methods using trajectory-alignment
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and distributional metrics together with relation-preservation mea-
sures, including In-Frame Ratio, Look-at Error, and a ranking-based
user study.

Our contributions are:
• We establish target-object camera trajectory generation from
text and 3D target state as a new benchmark task, and in-
troduce BlockCam, a curated 41K-sequence benchmark of
single-shot clips with continuous target visibility and aligned
text, target-object 3D bounding boxes, and camera trajecto-
ries.

• We present Camera Operator, a geometry-conditioned flow-
matching model that combines language with frame-wise 3D
target state and applies geometric supervision to preserve the
camera-bbox relation and reduce object drift, composition
drift, and gaze drift.

• We introduce In-Frame Ratio and Look-at Error to measure
target visibility and camera-target alignment, and comple-
ment them with a ranking-based user study.

2 Related Work
2.1 Camera Trajectory Dataset
Existing camera trajectory datasets [18, 23, 49, 51] expose only part
of the supervision needed for object-aware camera planning. Large
pose collections such as RealEstate10K [51], MVImgNet [49], and
DL3DV-10K [23] provide abundant camera motion and scene ge-
ometry [4, 9], but they are largely scene-centric and do not align
trajectories with a designated target object or object-aware lan-
guage. Datasets closer to trajectory generation also remain incom-
plete: CCD [18] provides synthetic tracking data with a tracking-
oriented motion taxonomy, E.T. [8] pairs film clips with text and 3D
character-center trajectories but does not encode object extent, and
GenDoP [50] provides directorial captions for free-moving cam-
era generation without explicit target-object geometry over time.
As a result, existing datasets either lack semantic grounding or
reduce the target to location-only cues, leaving limited support for
studying camera planning that must preserve a stable camera–box
relation for a designated moving target.

2.2 Camera Trajectory Generation
Camera trajectory generation has evolved from manual rules and
numerical optimization [7, 43] to learned generative models, but
existing methods still split between free-moving generation and
weakly grounded object-aware control. CCD [18] models tracking-
style motion in a local target-relative coordinate system. E.T. [8]
moves to text-conditioned diffusion with global-frame 3D character-
center trajectories, but center paths mainly indicate where the ob-
ject is and provide only weak support for shot scale and framing
control, which are fundamental concepts in cinematography [3].
Director3D [22] and GenDoP [50] further improve realism and
language richness for open-domain camera generation, yet nei-
ther explicitly receives target-object geometry that can anchor the
camera to a designated moving object over time.

Adjacent visual-content research spans pose- and motion-guided
synthesis and animation [5, 29–31, 35, 38, 40, 47], editing and in-
painting [6, 25, 26, 28, 42], motion transfer [32, 34], and sequence
modeling and understanding [33, 39].

3 Dataset
Existing data sources remain insufficient for object-grounded cam-
era planning. As summarized in Table 1, existing datasets either
lack designated target grounding or do not pair camera trajecto-
ries with aligned target-object 3D bounding box sequences and
corresponding text annotations. To address this gap, we construct
a hybrid dataset with 12K real-world sequences and 29K synthetic
sequences generated in Unreal Engine. The real branch captures
diverse camera behaviors from real videos, while the synthetic
branch provides clean and controllable geometric annotations. Both
branches use branch-specific processing for camera–box consis-
tency: the real branch constructs camera and box annotations in a
shared recovered frame and retains clips labeled with continuous
target visibility, whereas the synthetic branch additionally requires
all eight projected box corners to remain inside the image through-
out the sequence. This yields a unified benchmark for studying
camera-bbox relation preservation.

3.1 Real Data Collection Pipeline
Data Filtering and Object Anchoring. As shown in Figure 2,
we first segment raw internet videos into single-shot clips using
TransNetV2 [41] to remove shot transitions that can introduce
abrupt camera changes or target switches. We then use Qwen3-
VL [2] to extract specific sequence-level tags, including the target’s
semantic category, camera ego-motion, global target visibility, and
the object’s screen-space proportion. Based on these tags, we retain
clips labeled as having active camera motion, continuous target
visibility, and an appropriate screen-space footprint. This step con-
structs a curated dataset specifically for object-grounded planning,
rather than a fully unconstrained video collection.
Camera Curation. For each filtered video, we use ViPE [17] to
estimate the full camera parameters—comprising the extrinsic tra-
jectory T𝑐 = {T(𝑡 )

𝑐2𝑤}
𝑇
𝑡=1 and the per-frame intrinsics K𝑡—alongside

pixel-aligned depth maps D = {𝐷𝑡 }𝑇𝑡=1. We use the recovered per-
frame object masks M = {𝑀𝑡 } with category labels in the subse-
quent target-matching stage. Following E.T. [8], we filter anomalous
jumps in the raw poses and apply a Kalman smoother to improve
temporal continuity. We further manually inspect the recovered
camera motion against the source video and discard clips whose
estimated camera trajectory is semantically inconsistent with the
observed shot motion. Although reconstructed monocularly, the re-
tained trajectories are processed, smoothed, and manually verified
for consistency with the observed shot motion.
3D Bounding Box Extraction. We first map the target object
identified by Qwen3-VL to the corresponding label in the recovered
masks {𝑀𝑡 }. Within the matched mask, dense surface points are
tracked using SpatialTrackerV2 [46], with the ViPE-recovered cam-
era parameters and depth supplied as fixed inputs and its internal
camera optimization disabled. This keeps the target points and cam-
era trajectory in a shared recovered coordinate frame. With these
camera-aligned point trajectories established, we hold the recon-
structed box dimensions and relative orientation fixed to regularize
temporal scale. We select the reference frame 𝑡𝑜𝑝𝑡 with the largest
target-mask area, back-project its masked pixels using 𝐷𝑡𝑜𝑝𝑡 and

T
(𝑡𝑜𝑝𝑡 )
𝑐2𝑤 , and filter depth outliers before fitting the box. Fitting an
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Figure 2: Real Data Collection Pipeline. (1) We employ TransNetV2 [41] for shot segmentation and use Qwen3-VL [2] to filter
clips with active camera motion and continuous target visibility. (2) We utilize ViPE [17] to estimate camera trajectories and
pixel-aligned depthmaps, followed by Kalman smoothing for temporal continuity. (3)We integrate SpatialTrackerV2 [46] and
back-projection to extract coordinate-aligned 3D bounding boxes for the target subjects.

Dataset Domain
Subject Grounding Text Annotations Statistics

3D BBox State Cam. Subj. #Sample #Frame

MVImgNet [49] Captured ✗ Static ✗ ✗ 219K 6.5M
RealEstate10k [51] Youtube ✗ Static ✗ ✗ 79K 10M
DL3DV-10K [23] Captured ✗ Static ✗ ✗ 10K 51M

CCD [18] Synthetic ✗ Dynamic ✓ ✗ 25K 4.5M
E.T. [8] Film ✗ Dynamic ✓ ✓ 115K 11M
GenDoP [50] Film ✗ - ✓ ∼ 29K 11M

BlockCam (Ours) Real+Synthetic ✓ Both ✓ ✓ 41K 11.2M

Table 1: Comparison of camera trajectory datasets. Existing datasets provide different subsets of camera poses, text descrip-
tions, and object cues, but none pairs camera trajectories with aligned target-object 3D bounding box sequences. BlockCam
combines static and dynamic objects with paired camera-object language across both real and synthetic data. In the text-
annotation columns, “Cam.” denotes camera-motion descriptions and “Subj.” denotes target-object descriptions; ∼ denotes
captions that may mention subjects without an explicit tracked-target annotation.

oriented bounding box (OBB) to this cleaned data determines the
fixed reconstructed box dimensions S and reference center C𝑜𝑝𝑡 .
With the box geometry S locked, we propagate it to all other frames.
Consequently, the box center at frame 𝑡 , denoted as C𝑡 , is updated
purely by adding the median 3D displacement of the tracked points:
C𝑡 = C𝑜𝑝𝑡 + median𝑖 (x(𝑖)𝑡 − x(𝑖)𝑜𝑝𝑡 ), where x(𝑖)𝑡 and x(𝑖)𝑜𝑝𝑡 are the
unprojected 3D coordinates of the 𝑖-th tracked point at frame 𝑡 and
reference frame 𝑡𝑜𝑝𝑡 , respectively. This procedure yields a tempo-
rally regularized approximation of the target’s reconstructed extent
in that recovered frame.

3.2 Synthetic Data Collection
We use Unreal Engine [10] to generate sequences with exact syn-
thetic geometry and camera annotations. The environment covers
camera–subject motion patterns including orbiting, following, and
dollying. Scenes use diverse Fab assets in indoor and outdoor set-
tings. Object paths are obtained by stratified sampling of spline
control points, with ground-level height and uniform arc-length
frame sampling for approximately constant speed; each path is
paired with one of ten cinematographic camera-motion patterns.
The strict eight-corner frustum check guarantees that the complete
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target box remains inside the image in every retained frame: a
sequence is rejected if any projected box corner falls outside the
image. This process yields approximately 29K sequences with exact
engine annotations under the synthetic branch’s strict visibility
condition.

Asset &3D Bbox

BBox-Camera Paired Data Strict 8-point 
Frustum Check

Cam Traj

scene

Figure 3: Synthetic Data Generation. (Top)We pair 3D assets
with diverse trajectories and apply an eight-corner frustum
check to enforce full-box visibility. (Bottom) Rendered ex-
amples with exact synthetic 3D box annotations.

3.3 Motion Tagging
For caption construction, given the camera trajectory and object
bounding box sequence, we express both in a common reference
frame by aligning the first-frame camera pose to a canonical trans-
form. Based on this representation, we compute camera, object, and
relative-motion signals. These signals are discretized into 27 trans-
lational and 7 rotational states following E.T. [8] and GenDoP [50],
with temporal majority voting suppressing isolated frame-level
label changes. The resulting structured motion primitives are pro-
vided to Qwen3-VL [2] to generate natural-language descriptions.
Because the descriptions are generated from processed camera, ob-
ject, and relative-motion signals, they provide geometry-grounded
motion-level annotations rather than unrestricted free-form cap-
tions.

Taken together, the three annotations in BlockCam play comple-
mentary roles in the dataset. Text provides high-level motion intent
and camera-object interaction cues, the 3D bounding box sequence
provides the target object’s frame-wise spatial state, and the camera
trajectory provides the supervision signal to be generated. This
alignment makes the dataset suitable for studying object-grounded
camera planning through explicit camera-bbox relation preserva-
tion, rather than trajectory generation in isolation.

4 Camera Trajectory Generation
4.1 Camera-BBox Relation Preservation
Given a textual motion description 𝜏 and a sequence of per-frame
3D bounding boxes B = {𝐵𝑡 }𝑇𝑡=1, our goal is to generate a cam-
era trajectory T = {(R𝑡 , p𝑡 )}𝑇𝑡=1, where R𝑡 ∈ SO(3) is the camera
orientation and p𝑡 ∈ R3 is the camera position. Each pose is repre-
sented by a 6D rotation representation [52] and a 3D translation,
resulting in a 9D pose vector. Following benchmark preprocessing,
camera poses and boxes are expressed in the same sample-specific
canonical frame defined by the first target box.

A trajectory may be smooth in 3D yet still fail cinematographi-
cally if the target leaves the frame, changes apparent scale uncon-
trollably, or is no longer consistently viewed. To model camera–
object interaction, we define a projection- and direction-based re-
lation state for each frame. Let V𝑡 = {v𝑡,𝑘 }8𝑘=1 denote the eight
vertices of the target-object bounding box at frame 𝑡 . Given a cam-
era pose and known intrinsics, projecting V𝑡 and evaluating the
camera-to-target viewing direction yield

r𝑡 = (c𝑡 , s𝑡 , 𝜌𝑡 , 𝑎𝑡 ), (1)

Here c𝑡 ∈ R2 is the normalized projected box center, s𝑡 ∈ R2≥0 is its
normalized image-plane extent, 𝜌𝑡 is the visible-vertex ratio, and
𝑎𝑡 = f𝑡 · d𝑡 is the alignment between the camera forward direction
f𝑡 and the unit vector d𝑡 from the camera center to the box center.
Object drift mainly appears as deteriorated c𝑡 or 𝜌𝑡 , composition
drift as unstable s𝑡 , and gaze drift as reduced 𝑎𝑡 .

Compared to point trajectories, 3D bounding boxes provide
richer cues for maintaining consistent framing because they encode
target extent and orientation.

4.2 Language and Object-State Conditioning
The two inputs play complementary roles: text provides sequence-
level motion intent, while the bounding box sequence provides
frame-wise object state.

We encode text using a CLIP encoder [37], producing a pooled
global feature with token-level features for cross-attention. Text
provides global motion intent, while frame-wise relation details
are grounded by object geometry. For object representation, each
frame is encoded as a structured state derived from the 3D bounding
box, including position, approximate orientation, scale, and motion
features. These features are processed by a Transformer encoder to
produce object-state tokens HB ∈ R𝑇×𝑑 .

4.3 Flow-Based Camera Trajectory Generation
We adopt flow matching [24] because its velocity formulation ex-
poses an estimated clean trajectory at each sampled flow time,
enabling projection- and direction-based geometric supervision
before final rollout. The overall architecture is shown in Figure 4.

During training, we sample a flow time 𝑠 ∼ 𝜎 (N (0, 1)) and
construct an interpolated trajectory

y𝑠 = (1 − 𝑠) y0 + 𝑠 y1, (2)

where y0 ∼ N(0, I) is Gaussian noise and y1 is the reference
trajectory. The target velocity is the straight-path displacement
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Text + 3D BBox Conditioning  |  Sec. 4.2 Geometry-Conditioned Flow Matching  |  Sec. 4.3 Clean Estimate & Geometric Supervision  |  Secs. 4.3–4.4

Text

"The camera 
circles the subject 

as it moves 
forward."

CLIP Text
Encoder

Text tokens

Pooled text

3D BBox State Sequence

BBox
Encoder

Object-state 
tokens

Sequence-level intent Frame-wise additive condition

Flow Transformer

Text tokens

Pooled text
+ flow time s

AdaLN Block × 6

Self-Attn

Text Cross-Attn

FFN

AdaLN
params

LN +
Linear

Object-state

Noisy
trajectory

Trajectory latent
…

9D/frame = 6D rot. + 3D trans.
s: flow time  |  t: frame index

Flow Matching  |  Eqs. (2–3)

Reference

FM Loss  (3)

Clean Estimate  (4) Shared-Frame Projection

Relation State  (1)

Geometric Terms  (5-8)

center  ·  size  ·  visibility  ·  look-at

Principal Objective  |  Eq. (10)

Look-at Constraint  |  Eq. (8) Framing & Visibility  |  Eqs. (5–7) Temporal Differences  |  Eq. (9)

Center Size Visibility

✓ ✓ ×

Velocity matching

Acceleration matching
Target subject

training only

…

Figure 4: Overview of Camera Operator. Text supplies sequence-level camera-motion intent, while time-varying 3D target
boxes provide frame-wise target geometry. The geometry-conditioned flow Transformer predicts a camera-trajectory velocity
field. Intermediate clean-trajectory estimates derived from this field support projection-space framing and visibility supervi-
sion, shared-frame look-at supervision, and trajectory-space temporal-difference supervision.

v∗ = y1 − y0, and the base objective is

LFM = E𝑠,y0

[

v𝜃 (y𝑠 , 𝑠,B, 𝜏) − v∗


2] . (3)

The trajectory generator is implemented as a Transformer con-
ditioned on both language features and object-state tokens. The
noisy trajectory is projected into the hidden space, object-state
tokens are injected by frame-wise additive conditioning, and text is
incorporated through global conditioning and cross-attention. The
model predicts a 9D velocity field, from which the corresponding
clean trajectory estimate is

ŷ1 = y𝑠 + (1 − 𝑠)v𝜃 . (4)

Relation supervision is evaluated on this clean estimate at each
sampled flow time. Importantly, we retain trajectory supervision,
since the flow-matching objective provides stable learning signals
while the geometric terms regularize camera–object relations such
as framing and viewing direction. Before evaluating these losses, the
normalized trajectory is decoded to the sample-specific geometric
frame in which camera poses and target boxes are jointly expressed
for projection.

Inference. At inference time, we integrate the learned velocity
field with a fixed-step midpoint solver under classifier-free guid-
ance [15] to obtain the final trajectory.

4.4 Geometric Camera-BBox Supervision
Trajectory-space supervision alone does not ensure valid camera–
object interaction. We therefore introduce projection- and direction-
based geometric constraints that regularize framing and viewing
direction while retaining trajectory supervision.

For each frame, let r∗𝑡 = (c∗𝑡 , s∗𝑡 , 𝜌∗𝑡 , 𝑎∗𝑡 ) denote the relation state
induced by the reference camera trajectory and the target bounding
box sequence. We define an admissible region

A𝑡 =

{
(c, s, 𝜌, 𝑎)

����� ∥c − c∗𝑡 ∥∞ ≤ 𝜖𝑐 , ∥s − s∗𝑡 ∥∞ ≤ 𝜖𝑠 ,

𝜌 ≥ 𝜌min, 𝑎 ≥ cos𝛼max

}
. (5)

Here 𝜖𝑐 , 𝜖𝑠 , and 𝜌min denote admissible tolerances for framing,
scale, and visibility. We set the maximum admissible viewing-angle
deviation to 𝛼max = 60◦, so cos𝛼max = 0.5; we use 𝜖𝑐 = 0.15,
𝜖𝑠 = 0.2, and 𝜌min = 0.3.

We first constrain image-plane framing. Given the predicted
clean trajectory ŷ1, we project the target object’s 3D bounding-box
vertices under known intrinsics and compute the normalized center
ĉ𝑡 ∈ R2, image-plane extent ŝ𝑡 ∈ R2≥0, and visibility ratio 𝜌𝑡 . The
framing loss is

Lframe =
1
𝑇

𝑇∑
𝑡=1

[
ℓ𝑡𝑐 + 0.5 ℓ𝑡𝑠 + ReLU(𝜌min − 𝜌𝑡 )

]
, (6)

where

ℓ𝑡𝑐 = ∥ ReLU( |ĉ𝑡 − c∗𝑡 | −𝜖𝑐 )∥2, ℓ𝑡𝑠 = ∥ ReLU( |ŝ𝑡 − s∗𝑡 | −𝜖𝑠 )∥2 . (7)

We next constrain viewing direction. Let f̂𝑡 denote the predicted
camera forward direction and let d𝑡 be the unit vector from the
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Method Dataset Text-Trajectory Align. Trajectory Quality Relation Pres. User Study Top-1
F1↑ CLaTr↑ Cov.↑ FDCLaTr↓ IFR↑ LE↓ Alignment↑ Framing↑

CCD [18] Pre-trained 0.31 4.25 0.33 358.0 34.2 39.8 – –
E.T. [8] Pre-trained 0.32 2.46 0.05 610.0 41.7 31.5 – –
Director3D [22] Pre-trained 0.13 0.00 0.17 542.4 24.8 44.3 – –
GenDoP [50] Pre-trained 0.40 5.68 0.21 222 34.2 32.5 – –

E.T. [8] BlockCam 0.36 27.4 0.76 41.2 61.8 18.9 10.0 10.0
GenDoP [50] BlockCam 0.39 31.6 0.82 34.8 68.7 15.2 30.0 22.0
Camera Operator (Ours) BlockCam 0.42 35.7 0.86 12.3 89.4 9.7 60.0 68.0

Table 2: Main comparison on BlockCam. Metrics cover text alignment (F1/CLaTr), distributional quality (Cov./𝐹𝐷CLaTr), rela-
tion preservation (IFR/LE), and blinded Top-1 preference (%). Pre-trained rows are cross-dataset references; BlockCam-trained
rows form the same-data, native-interface comparison.

Camera Operator(ours) GenDoP(BlockCam)

Gaze Drift

Text input: Orbit the object clockwise from the front right, low angle, while keeping up with it as it runs forward.

E.T.(BlockCam)

Composition Drift

Figure 5: Representative relation failures: GenDoP exhibits gaze drift and E.T. composition drift, while ours maintains a stable
camera–object relation.

camera center to the target center. The look-at loss is

Llook =
1
𝑇

𝑇∑
𝑡=1

ReLU(cos𝛼max − f̂𝑡 · d𝑡 )2, (8)

This term penalizes trajectories whose optical axis deviates too far
from the target.

Condition
Text-Traj Quality Relation

F1↑ CLaTr↑ Cov.↑ FDCLaTr ↓ IFR↑ LE↓

Text only 0.19 29.0 0.78 44.8 52.1 21.7
Text + Point Traj. 0.22 31.3 0.83 34.6 72.4 13.6
Text + 3D BBox 0.42 35.7 0.86 12.3 89.4 9.7

Table 3: Progressively richer conditioning configurations;
applicable geometric supervision varies with the available
condition.

Configuration
Text-Traj Quality Relation

F1↑ CLaTr↑ Cov.↑ FDCLaTr ↓ IFR↑ LE↓

Full Model 0.42 35.7 0.86 12.3 89.4 9.7

w/o Framing Loss 0.21 28.3 0.84 46.0 73.6 10.9
w/o Look-at Loss 0.21 28.4 0.85 40.2 84.1 17.6
w/o Both Geo. Losses 0.23 28.2 0.81 42.4 65.3 22.4

Table 4: Ablation on geometric supervision.

Wewrite compact first- and second-order temporal terms against
the reference trajectory y∗ ≡ y1:

L𝑣 =
1

𝑇 − 1

𝑇∑
𝑡=2

∥Δŷ1,𝑡−Δy∗𝑡 ∥2, L𝑎 =
1

𝑇 − 2

𝑇∑
𝑡=3

∥Δ2ŷ1,𝑡−Δ2y∗𝑡 ∥2,

(9)
where Δy𝑡 = y𝑡 − y𝑡−1 and Δ2y𝑡 = Δy𝑡 − Δy𝑡−1. We use 𝑠2 to
down-weight look-at supervision at noisy flow states. The princi-
pal objective is

L = LFM + 𝜆𝑣L𝑣 + 𝜆𝑎L𝑎 + 𝜆frame Lframe + 𝑠2𝜆look Llook, (10)

The implementation also uses a training-only interaction-state aux-
iliary and an absolute screen-space barrier.

Within these relation losses, the reference projection defines an
admissible region rather than an exact relation target, preserving
tolerance for multiple valid camera trajectories.

5 Experiment
5.1 Experimental Setting
Given text and a per-frame 3D target-box sequence, the model
predicts a 9D camera pose (6D rotation and 3D translation) per
frame. We use the fixed 940-sequence evaluation protocol reported
in Table 2.

We compare with CCD [18], E.T. [8], Director3D [22], and Gen-
DoP [50]. Official checkpoints provide cross-dataset references. For
the primary same-data comparison, we train E.T. and GenDoP on
BlockCam using the same partitions while retaining their native
interfaces: E.T. receives the per-frame 3D-box centers, GenDoP
receives text only, and our method receives text and full 3D boxes.
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Figure 6: Downstreamvideo generation using predicted camera trajectories. Each rowpairs a trajectory visualization (left) with
sampled generated frames (right); the content prompt controls appearance, while the predicted trajectory supplies camera
motion.

5.2 Quantitative Results
We report text-trajectory alignment, distributional quality, and
camera-bbox relation preservation.

Metrics. Following E.T. [8] and GenDoP [50], we use Caption
F1 and CLaTr for text–trajectory alignment, and Coverage and
𝐹𝐷CLaTr for trajectory support and distributional quality [36].

These borrowed metrics do not test camera–box relations di-
rectly. We therefore add In-Frame Ratio (IFR), the percentage of
frames with all eight projected box vertices inside the image, and
Look-at Error (LE), the mean angle between the optical axis and the
camera-to-target-center vector. A blinded user study reports Top-1
preference for text Alignment and target Framing. All metrics are
evaluated post hoc; IFR and LE summarize relation preservation
rather than duplicate the differentiable training losses.

Main Results. The same-data, native-interface block in Table 2
is the main end-to-end comparison. Training E.T. and GenDoP on
BlockCam improves their in-domain performance on most metrics,
but neither closes the IFR/LE gap. GenDoP’s strong CLaTr but
weaker IFR/LE is consistent with text alignment alone not ensuring
target retention or aiming. E.T.’s center path supplies target location
but omits extent and orientation, leaving extent-dependent framing
underconstrained as projected scale changes. Our full-box system
additionally conditions on these frame-wise geometric cues.

Under the reported protocol, our full system leads all four tra-
jectory metrics among the BlockCam-trained rows, improves IFR
from 68.7 to 89.4, and reduces LE from 15.2 to 9.7 over the strongest
baseline. Its larger preference gain on Framing than Alignment
agrees with the relation metrics.

5.3 Qualitative Results
Figure 6 illustrates downstream video generation from our trajecto-
ries. Figure 5 shows representative gaze and composition drift for

GenDoP and E.T., respectively; in these examples, ours preserves
visibility, framing, and viewing direction.

5.4 Ablation Studies
Table 3 compares progressively richer geometry-conditioned con-
figurations. Text supplies sequence-level camera intent; a point
trajectory adds the target-center path; and the full box additionally
supplies target extent and orientation. The point-to-full-box change
improves IFR and LE, while the text-alignment and distributional
metrics also improve. This pattern is consistent with full-box state
constraining frame-wise camera–target relation feasibility without
replacing the role of language.

Table 4 examines the geometric losses. Among single-term ab-
lations, removing framing supervision causes the larger IFR drop,
whereas removing look-at supervision more strongly degrades LE,
consistent with their screen-space and viewing-direction roles. Re-
moving the complete geometric configuration weakens IFR and LE
together and also worsens the CLaTr-based metrics. This is consis-
tent with the relation terms shaping the generated trajectory rather
than merely post-processing its projection.

6 Conclusion
We introduce object-grounded camera trajectory generation and
BlockCam. Camera Operator separates sequence-level linguistic in-
tent from frame-wise target geometry, while flowmatching exposes
a clean trajectory estimate for projection-space relation supervision.
Results show stronger camera–object relation preservation while
retaining text alignment and trajectory quality.

Limitations.We study offline, single-object shots with continu-
ous visibility, geometry-grounded captions, and paired coordinate
normalization to isolate camera–object planning from online per-
ception and target re-acquisition. Partial/noisy observations, multi-
target composition, shot transitions, broader language, camera-
independent normalization, and online planning remain open.
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