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Figure 1. We introduce the novel task of active mapping of moving objects, requiring agents to plan observation trajectories while com-
pensating for target motion. We also propose a method to solve this task and a benchmark for evaluation.

Abstract

Current 3D mapping pipelines generally assume static
environments, which limits their ability to accurately cap-
ture and reconstruct moving objects. To address this lim-
itation, we introduce the novel task of active mapping of
moving objects, in which a mapping agent must plan its tra-
jectory while compensating for the object’s motion. Our
approach, Paparazzo, provides a learning-free solution that
robustly predicts the target’s trajectory and identifies the
most informative viewpoints from which to observe it, to
plan its own path. We also contribute a comprehensive
benchmark designed for this new task. Through extensive
experiments, we show that Paparazzo significantly improves
3D reconstruction completeness and accuracy compared to
several strong baselines, marking an important step toward
dynamic scene understanding. Project page: https :
//davidea97.github.io/paparazzo-page/

1. Introduction

Scene exploration and mapping have been extensively stud-
ied in computer vision and robotics [1, 2, 31], with renewed
interest driven by autonomous systems like drones and po-
tential applications such as automated digital-twin genera-
tion. Existing exploration methods, however, rely on the
assumption that the scene is static. This assumption fails
in many real settings where moving objects constitute es-
sential components of the environment. For example, in a
construction site, trucks and mobile equipment are key ele-
ments of the scene that continuously reshape the workspace
and accurately modeling them is important for maintaining
up-to-date digital twins. However, the site cannot be halted
to capture them in static conditions.

This is why we introduce a new task: active mapping of
moving objects. An autonomous agent must reconstruct the
3D geometry of a non-cooperative object that moves inde-
pendently of the mapping activity. This task is challenging
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because the agent must gather views that reveal new parts

of the object while compensating for the object’s future mo-

tion during its own navigation. As a result, viewpoint qual-
ity depends jointly on geometric informativeness and the
feasibility of reaching that view at the right time.

To solve this new task, we propose ‘“Paparazzo”, a
learning-free framework for active 3D reconstruction of dy-
namic objects. Paparazzo considers a set of viewpoints dis-
tributed in a foveal configuration around the target object
and moving with it over time. To select the most informa-
tive viewpoints, we rely on Fisher Information computed
from a 3D Gaussian Splatting model [10], while, to predict
the object trajectory and the future positions of these view-
points, we leverage an Extended Kalman Filter [24]. Cru-
cially, the viewpoint with the highest expected information
gain is not always the optimal choice: because viewpoints
move with the target object, a view with slightly lower in-
formation gain but significantly shorter travel time may be
more beneficial and efficient. For this reason, we explore
multiple strategies that jointly account for information gain
and motion feasibility when selecting the next best view-
point. Since Paparazzo requires no training data, it general-
izes to new scenes and previously unseen objects.

A first advantage of the Extended Kalman Filter (EKF)
is that it can combine past observations of the object to ac-
curately predict its trajectory. We also use it to detect when
the trajectory prediction is not reliable, e.g. when the object
changes moving direction abruptly. When the EKF nov-
elty indicates unreliable prediction, Paparazzo switches to
a mode where it continuously adjusts the agent position to
keep the object centered in the camera’s field of view and
within an optimal range, prioritizing observations that en-
hance motion estimation.

For evaluation, we introduce a comprehensive bench-
mark and protocol for active mapping in dynamic environ-
ments, measuring reconstruction fidelity, spatial coverage,
and temporal consistency across several baselines. We as-
sume access to the target object’s mask whenever it is visi-
ble. In practice, this can be achieved by background sub-
traction when the static scene is known, or alternatively
by using a moving-object segmentation method when it is
not [23, 26]. For this benchmark, we developed a simula-
tor based on the Habitat simulator [22] generating complex
motions of target objects within different environments.

Our experiments show that Paparazzo significantly im-
proves 3D reconstruction fidelity and mapping efficiency
compared to several baselines, marking a key step toward
intelligent scene understanding in dynamic environments.

Our key contributions can be summarized as:

* We introduce the novel task of active mapping of moving
objects, where an agent must efficiently reconstruct the
3D geometry of non-cooperative, independently moving
targets.

* We propose Paparazzo, a learning-free dual-mode frame-
work combining 3D Gaussian Splatting-based informa-
tion gain with EKF-based motion prediction.

* We present the first benchmark for this task and demon-
strate large performance gains across multiple dynamic
scenarios.

2. Related Work
2.1. Active Mapping for Static Scenes

The goal of active mapping is usually to determine how an
agent should move to efficiently explore and reconstruct an
unknown 3D environment. Exploration must be exhaustive:
by the end of the task, the agent should have covered the
entire scene while keeping its trajectory as short as possible.

Works on active mapping can be broadly categorized
into traditional and learning-based approaches.  Tra-
ditional methods primarily rely on heuristic strategies,
such as frontier-based exploration [6, 31] and next-best-
view (NBV) selection [20, 21], or a combination of both [3,
5], to guide the robot’s exploration process. They often em-
ploy voxel grids or point clouds to represent the scene.

Learning-based approaches have recently emerged to
leverage deep neural networks and more expressive scene
representations. For example, MACARONS [8] uses neu-
ral networks to predict the coverage gain of candidate cam-
era poses, effectively guiding NBV selection. NextBest-
Path [17] learns to predict the piece of trajectories that max-
imizes the cumulative coverage gain along the path.

With the advent of NeRF [19] and 3D Gaussian repre-
sentations [15], recent works emerged, such as ANM [32],
NARUTO [7], and ActiveGS [11], that train such models as
the intermediate scene state, using measures such as con-
fidence or Fisher information to determine the next-best
pose. Combined with traditional path planning algorithms,
these methods achieve impressive performance in produc-
ing high-quality 3D reconstructions.

To the best of our knowledge, all active mapping works
consider a static scene. In this paper, we are interested in
mapping a non-cooperative mobile object, which is much
more challenging as we need to estimate the object motion
and compensate for it when planning the next move of our
agent.

2.2. Mobile Object Passive Reconstruction

Our work is related to the reconstruction of mobile objects,
such as in-hand scanning, where a target object is moved in
front of one or several cameras [9, 12, 25, 27-29]. Like us,
they aim to reconstruct an object while estimating its mo-
tion within a scene. In particular, [12] also uses Gaussian
primitives to represent the object as we do. The key differ-
ence is that in the case of in-hand scanning, a user moves the
object aiming to improve the reconstruction, which means
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the object motion is intended to support the task, so it is
“cooperative”. In our case, we need to plan how to move
the agent in the environment to capture new relative poses
between the object and the agent, in addition to track and re-
construct the object. In such a scenario, the object moves in
a “non-cooperative” manner, meaning that the object does
not move in a way that facilitates its reconstruction.

3. Paparazzo

As shown in Figure 2, our “Paparazzo” method alternates
between two operating phases depending on the confidence
of its estimate of the target object’s motion:

* Object Tracking Mode (Section 3.4): Paparazzo switches
to this mode when its estimate of the object’s motion is
uncertain. It then keeps the target object in its field of
view to improve this estimate.

* Object Mapping Mode (Section 3.5): Paparazzo switches
to this mode when it is confident enough of the object’s
motion. It then plans motions to informative viewpoints
for efficient reconstruction and executes them.

3.1. Problem Formulation

Let an agent equipped with a fixed, front-facing RGB-D
camera C' operate in a 3D world frame W containing a
dynamic object O. We denote T¥ € SE(3) as the rigid
transformation from frame A to frame B, represented as a
4 x 4 homogeneous matrix. At each discrete time step k, the
camera pose T(‘j"; is assumed to be known from the agent’s
localization system, while the object pose Tg; is unknown
and must be estimated. When the object is detected, its seg-
mentation mask M, allows extracting the corresponding
3D points Pg:_ = {pjck }j—1 in the camera frame. Each 3D
point pjc’“ € R3 is obtained by back-projecting the pixels
within M, using the available depth information and the
camera intrinsic parameters.

The objective is to determine informative viewpoints that
can be reached by the agent and enable it to efficiently
observe and reconstruct the complete surface of the mov-
ing object with minimal views, producing a consistent 3D
model in the object’s local reference frame while predicting
and adapting to its motion.

3.2. Initialization

At the first detection time ¢4, we initialize the object pose

from the 3D object points Pg:;‘ . The object translation
tgtd € R3 is defined as the centroid of these points. The
tq
object rotation Rgtd € SO(3) is constructed by aligning
td
its z-axis with the world vertical direction, while the x—y
axes are obtained by performing PCA on the points pro-
jected onto the ground plane. The initial object pose ex-

pressed in the world coordinate system therefore is:

Cy Ct
el . C R;¢ t, ¢

TY =TV T,“, with Ty = "0y 'Oy,
tq tq tg tq O 1

ey
We initialize Gaussian primitives Go from the object’s
segmented RGB-D observation, as in the SplaTAM back-
bone [14]. Although SplaTAM was originally designed for
static scenes, we expressed Go in the object reference frame
by means of the estimated object pose that remains consis-
tent across time as the object moves.

3.3. EKF-Based Motion Prediction

We rely on an Extended Kalman Filter (EKF) defined on
SE(3) to estimate the object state, composed of the object
pose ng and its linear and angular velocities, together with
its associated covariance matrix Pj.

We quantify our confidence in the estimated object state
with two complementary metrics. The first is Uy, = tr(Fy),
which provides a compact measure of the state uncertainty.
The second is the Normalized Innovation Squared (NIS),
which quantifies the consistency of a new measurement
TOWk % of the target object pose with the current predicted
object pose TOWle:

NIS, =y, S}, "k » )

where y = log((Tg‘;kil)_ngzmeas)V is the innovation
on SE(3) and Sy, = HPk|k_1HT + R is the corresponding
innovation covariance.

We consider the EKF estimate reliable when U, < 7,
and NIS; < 7, for N, consecutive steps. If this condi-
tion is met, Paparazzo switches to Object Mapping Mode
to perform information-driven active exploration and refine
the reconstruction. Otherwise, the system transitions to the
Object Tracking Mode to re-localize the object and stabilize
the EKF.

3.4. Object Tracking Mode

The goal of this mode is to prioritize frequent observations
of the target object in order to refine motion estimates. To
this end, the agent actively keeps the object within the cam-
era’s field of view while continuously updating its recon-
struction and motion estimate. At each time step, the agent
rotates to move the segmentation mask toward the image
center, and translates to adjust its distance to the object so
that the object’s apparent size remains approximately half
of the image.

We also estimate the object pose 7. ™"

o, - This is done
by aligning the segmented point cloud Pg © with the object
reconstruction accumulated up to time k— 1. To this end, we
first use KISS-Matcher [18] to obtain a coarse but globally
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Figure 2. Paparazzo alternates between Object Tracking Mode and Object Mapping Mode based on the confidence of the EKF motion
estimate. When the filter is uncertain, the agent prioritizes acquiring stabilizing observations; once confident, it predicts future object
motion, generates and propagates candidate viewpoints, and selects the optimal one (x*, ") that minimizes the final cost function.

consistent registration, robust to outliers and large displace-
ment, and then refining this transformation using Colored
ICP [16].

We then use to update the EKF and improve
the estimate of the object state, and to integrate the newly
observed object point cloud into the object reconstruction.
The Gaussian Splatting model Go is concurrently refined
using the SplaTAM optimization process, which incremen-
tally densifies and updates the dynamic object representa-
tion using the new RGB-D observation transformed into the
object frame.

Once the state uncertainty stabilizes, Paparazzo shifts
its focus from re-localization to information-driven explo-
ration, leveraging the learned object GS model to guide ac-
tive reconstruction.

TW meas

3.5. Object Mapping Mode

When the EKF stabilizes, Paparazzo transitions to the Ob-
Jject Mapping Mode. The goal of this mode is to move the
agent to poses that will significantly improve the object re-
construction, while taking into account the object motion
predicted by the EKF.

As shown in Figure 2, we sample candidate viewpoints
V relative to the object reference frame, so that they move
together with it. The camera centers corresponding to these
viewpoints are distributed around the object in a foveated
configuration, and the cameras point toward the object.

If the object were static, we could simply select the most
informative viewpoints in V according to FisherRF [10] ap-

plied to the object GS model Go. However, since the object
is moving, we must trade off between (i) the informative-
ness of a viewpoint and (ii) the temporal synchronization
between the agent and the moving object. To quantify this
trade-off, we introduce the following criterion:

B(x,1) = —weigEIG(x) + WeyncCoync (X, 1) 3)
where EIG(x) is the FisherRF informativeness associated
with the candidate viewpoint x € V, and Ciync (%, i)is a
criterion we introduce to measure how well the agent can
synchronize with the motion predicted for the object when
attempting to observe the object from viewpoint x. Weights
Wsyne and weig balance the contribution of the two terms.

The FisherRF criterion quantifies how much a new view-
point contributes to refining the parameters @ of the current
Gaussian Splatting representation Go of the object. It can
be computed analytically and efficiently from Go. More
details can be found in [10].

The term Ciync (X, ¢) is defined as:

(i — k)| )

Csync(xyi) = ‘§agent(xai) -

Here, $agent(%,%) denotes the number of motion steps re-
quired for the agent to reach the camera pose Tg‘: -x, where
Tgf is the object pose predicted by the EKF for future time
step 7. We compute Sagen(X, %) using an A* motion plan-
ner [13]. The term ¢ — k denotes instead the number of
predicted time steps required for the object to evolve from
its current pose T{) to the predicted pose T¢) . Thus,
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Coync(x,7) measures the temporal mismatch between the
agent reaching the viewpoint associated with the object at
time step ¢ and the object itself reaching its predicted pose
at that same time. We finally select the viewpoint that yields
the best trade-off over a horizon of IV}, future time steps:

(x*,1") = B(x,1). 5)

arg min
xEV,(i—k)<Np

While moving the agent to pose 7). - x*, Paparazzo
continuously integrates new RGB-D observations into the
object point cloud P, updates Go, and monitors the EKF
consistency. If the NIS or state uncertainty exceeds their
confidence thresholds, mapping is halted, and the system re-
verts to Object Tracking Mode, maintaining a reactive loop
between mapping and tracking. This dynamic coupling
of information-driven mapping and motion-aware predic-
tion constitutes the core novelty of Paparazzo, enabling 3D
reconstruction of moving objects without assuming static
scenes. Notably, Paparazzo runs online at 8 FPS. Full run-
time and memory details are reported in the supplementary
material.

4. Experimental Results

To evaluate our Paparazzo method, we introduce a dedi-
cated benchmark and evaluation protocol designed to assess
both reconstruction fidelity and spatial coverage over time.
Experiments are conducted within Habitat 3.0 [22], a high-
performance 3D simulator that provides realistic indoor en-
vironments and robot displacements.

We selected six photorealistic indoor scenes—three from
the Matterport3D dataset (M) [4] and three from the Gib-
son dataset (G) [30]—commonly used for static active map-
ping [32]. To extend these static scenes to dynamic scenar-
ios, we introduce a synthetic moving target object into each
environment. We consider the four target objects shown in
Figure 3. Each object is evaluated independently across all
scenes in separate runs. This setup ensures statistical di-
versity across both objects and environments. The agent is
equipped with an RGB-D sensor and initialized in a navi-
gable pose, with the target object placed in front of it in a
random position and orientation.

Object Motion Protocol. To comprehensively assess re-
construction performance under diverse object motion dy-
namics, we consider four motion patterns for the target:

* Bouncing Ball: upon collision, the object randomly
changes orientation and continues in the new direction.

* Forward & Backward: the object moves along a straight
line without changing orientation, moving forward until
collision and then reversing direction.

e Stop & Go: similar to Bouncing Ball, but with intermit-
tent stops—pausing every S steps and resuming after G
steps—to simulate non-uniform velocity.

Object 1

Object 3

Object 4

Figure 3. The four target objects used in our experiments, featur-
ing different shapes and colors. Each object is evaluated indepen-
dently across all environments.

¢ Curved Bouncing Ball: the object follows curved tra-
jectories; upon collision, it randomly changes orientation
and speed, then restarts along a new curved direction.
Each motion pattern introduces distinct challenges related
to motion predictability, visibility continuity, and temporal
occlusions. Each translation of the object is 5 cm per step,
each rotation is 10° per frame.

Agent Motion Model. The agent navigates using a dis-
crete action space made of standard motion primitives:

* Forward: move ahead by 15 cm,

* Rotate Left / Right: yaw rotation by 10°.

These control primitives follow the canonical Habitat dis-
cretization for active perception tasks, allowing repro-
ducible and physically plausible exploration behavior.

4.1. Evaluation Protocol

We report both geometric accuracy and exploration effi-

ciency across all experiments. Metrics are computed by

comparing the reconstructed point cloud P against the

ground-truth object model Pgr at the final time step and

throughout exploration. We considered three metrics:

¢ 3D Coverage [ %]: the percentage of ground-truth points
that have at least one reconstructed point within a distance
threshold 7 = 1 cm (higher = more complete reconstruc-
tion);
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¢ Completeness [cm]: the mean distance from each
ground-truth point to its nearest reconstructed
point (lower = fewer missing regions).

* AUC: the area-under-curve of coverage with respect to
the agent steps, reflecting how efficiently coverage in-
creases during exploration (higher = faster coverage).

All metrics are tested across all the scenes, objects, and mo-

tion patterns detailed above.

Baselines. We compare Paparazzo against three baselines
designed to isolate the contributions of viewpoint selection,
motion prediction, and temporal feasibility:

* Random Walk (RW): a classical baseline in active map-
ping for static scenes. The agent moves randomly across
the environment, accumulating object point clouds when-
ever the object falls within its field of view, without con-
sidering the object motion.

¢ Random Informative Selection (RIS): an ablation of our
method that selects, at each mapping iteration, a random
feasible pose among the N, x |V| informative candidate
viewpoints, ignoring both the synchronization cost and
the predicted feasibility of observing the object from that
position.

» Tracking-Only (TO): we keep the agent in Object Track-
ing Mode, a purely passive strategy that continuously
tracks the object’s motion using the EKF but performs no
active viewpoint selection or mapping, serving as a lower
bound for reconstruction completeness.

These baselines allow us to disentangle the impact of Pa-

parazzo’s key components—motion-aware viewpoint selec-

tion and temporal feasibility reasoning—on overall recon-
struction quality and mapping efficiency.

4.2. Results

Table 1 gives the quantitative results across six different in-
door scenes for our four dynamic motion types. All reported
values are averaged over all test objects within each scene
and across five runs, with each run consisting of 500 agent
steps.  For all experiments, we configured Paparazzo to
predict up to N, = 60 future steps using the EKF.

Over all configurations, Paparazzo consistently outper-
forms the baselines in terms of coverage, completeness, and
AUC, demonstrating its superior efficiency in reconstruct-
ing dynamically moving objects. Its adaptive strategy, alter-
nating between object tracking and mapping modes, allows
it to handle different motion complexities more effectively
than static or passive baselines.

Bouncing Ball (BB) motion. Although this case might be
expected to be more challenging due to the object’s unpre-
dictable motion when bouncing, reconstruction is generally
easier. The object’s frequent bounces against walls allow it
to be seen from multiple viewpoints, benefiting all methods.

In this case, the Tracking-only (TO) baseline achieves rea-
sonably good results, reaching an average coverage of 75%.
However, Paparazzo consistently outperforms all baselines,
achieving higher coverage than TO and surpassing 80%.
The advantage is even more evident when considering the
AUC, where Paparazzo outperforms every baseline across
almost all scenes, confirming its efficiency in dynamic ob-
ject reconstruction.

In contrast, the Random Walk (RW) baseline performs
poorly, as it completely disregards the object’s position.
The Random Informative Selection (RIS) baseline achieves
slightly better results, but still underperforms compared to
TO and Paparazzo, since it lacks synchronization with the
object’s trajectory. Consequently, it frequently fails to reach
feasible observation points in time, leading to incomplete
reconstructions.

Curved Bouncing Ball (CBB) motion. This scenario re-
flects more real-world conditions, where the object follows
curved trajectories and varies its speed, introducing unpre-
dictability that makes trajectory estimation more challeng-
ing. As a result, Paparazzo’s performance drops signifi-
cantly across all metrics. Notably, in the Ribera scene, Pa-
parazzo achieves a coverage approximately 5% lower than
TO, likely due to the narrow environment, which limits the
agent’s ability to anticipate the motion and reposition effec-
tively before the next bounce, especially when the object
moves faster. However, when averaged across all scenes,
Paparazzo remains clearly superior for the CBB motion.

Forward & Backward (FB) motion. This condition is
more challenging because the object does not rotate, requir-
ing the agent to actively reason about the scene in order
to reposition and observe it from new viewpoints. Conse-
quently, performance metrics are generally lower. Never-
theless, Paparazzo achieves higher coverage than all base-
lines and a higher AUC across all scenes. TO performs
worse due to its passive policy, which limits its ability to
observe the object from diverse viewpoints. Finally, RW
and RIS perform poorly due to their lack of object aware-
ness and temporal anticipation.

Stop & Go (SG) motion. This represents the most chal-
lenging scenario, as the object intermittently pauses during
motion, introducing unpredictable interruptions that hinder
motion estimation. This motion pattern best reflects realis-
tic conditions, where objects may temporarily stop or slow
down. Consequently, all methods exhibit a general perfor-
mance drop compared to the BB motion.

For Paparazzo, difficulties arise when the agent has al-
ready planned to move toward an informative pose where
the object is expected to appear, but the object stops earlier
in a non-visible region. In such cases, the agent continues
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Table 1. Quantitative results across scenes for the four dynamic motion types (Bouncing Ball (BB), Curved Bouncing Ball (CBB), Forward
& Backward (FB), and Stop & Go (SG)). Reported values are averaged over all test objects and runs. Each entry shows Coverage (%),
Completeness (cm), and AUC.

Motion / Method ‘ Denmark (G) ‘ Ribera (G) ‘ Greigsville (G) ‘ PuKPg4mmafe (M) ‘ GdvgFV5R1Z5 (M) ‘ pLe4wQe7qrG (M) ‘ Average
‘ Cov  Comp AUC ‘ Cov  Comp AUC ‘ Cov  Comp AUC ‘ Cov  Comp AUC ‘ Cov  Comp AUC ‘ Cov  Comp AUC ‘ Cov  Comp AUC
RW 57.21 1.79 0.56 | 55.93 1.81 0.55 | 49.01 2.20 048 | 51.10 2.16 0.50 | 5146 2.02 0.50 | 44.31 2.49 044 | 51.50 2.08 0.51
m RIS 7432 0.80 0.65 | 64.37 1.27 0.58 | 65.60 1.13 0.61 | 63.73 1.24 0.59 | 70.83  0.96 0.61 | 63.55 1.32 0.57 | 67.07 1.12 0.60
2 10 83.08 0.66 0.77 | 76.10 087 0.69 | 71.20 106 066 | 7571 0.89 0.68 | 7585 090 0.71 | 73.41 1.03 0.69 | 75.89 090 0.70
Paparazzo 8693 0.61 0.81 | 80.28 081 073 | 77.13 0.88 0.72 | 79.30 0.83 0.73 | 83.10 0.76 0.77 | 8231 0.71 0.74 | 81.51 0.77 0.75
RW 49.32  2.19 0.49 | 58.17 1.76 0.57 | 4848 231 048 | 51.55 2.18 0.51 | 52.85 2.00 0.52 | 47.14 227 047 | 51.25 212 0.50
g RIS 67.69 1.00 0.63 | 6224 128 055 | 5640 152 054 | 6506 1.13 0.60 | 58.60 147 056 | 5334 172 051 | 60.56 135 0.56
O TO 70.46 1.01 0.67 | 70.84 1.05 0.62 | 68.88 1.05 0.66 | 68.62 1.19 0.64 | 68.76 1.04 0.65 | 61.33 1.32 0.59 | 68.15 1.11 0.64
Paparazzo 7499 096 071 | 6752 128 0.63 | 7230 1.01 0.70 | 72.39 1.08 0.68 | 71.48 105 0.68 | 65.66 128 0.62 | 70.73 111  0.67
RW 50.03 216 049 | 5321 191 053 | 4744 235 047 | 5325 198 052 | 5149 202 051 | 4601 235 046 | 5024 213 050
m RIS 48.06  2.17 0.46 | 54.61 1.70 0.49 | 59.65 1.51 0.53 | 58.49 1.56 0.53 | 52.07 1.80 0.49 | 54.85 1.73 0.51 | 54.62 1.75 0.50
= 1O 5334 193 052 | 6645 123 061 5944 149 056 | 6627 122 060 | 6436 135 059 | 6244 147 058 | 6205 145 058
Paparazzo 60.83 153 057 | 7113 111 0.63 | 7245 1.04 0.66 | 67.01 120 0.63 | 69.60 1.18 0.62 | 6534 135 0.61 | 67.73 123 0.62
RW 56.59 1.82 0.56 | 56.53 1.83 0.55 | 49.09 2.24 048 | 5242 213 0.51 | 51.90 1.98 0.51 | 4428 248 044 | 51.80 2.08 0.51
o RIS 5698 1.58 0.56 | 44.68 233 044 |49.78 216 049 | 4561 233 045 | 48.09 210 047 | 4631 233 046 | 4858 2.14 048
2 T0 68.94 1.05 0.67 | 58.16 1.54 0.56 | 60.90 1.42 0.60 | 55.47 1.71 0.54 | 63.97 1.25 0.62 | 57.29 1.51 0.56 | 60.79 1.41 0.59
Paparazzo 79.70  0.79 0.77 | 71.20 1.12 0.65 | 62.85 1.38 0.62 | 56.03 1.69 0.55 | 72.22  1.04 0.68 | 66.19 1.20 0.63 | 68.03 1.20 0.65

Table 2. Quantitative comparison of different motion types averaged across all scenes. We evaluate four dynamic behaviors (Bouncing
Ball (BB), Curved Bouncing Ball (CBB), Forward & Backward (FB), and Stop & Go (SG)) and report results for all test objects. Each cell
shows Coverage (%), Completeness (cm), and AUC.

Motion / Method | Object 1 | Object 2 | Object 3 | Object 4 | Average

‘ Cov  Comp AUC ‘ Cov  Comp AUC ‘ Cov  Comp AUC ‘ Cov  Comp AUC ‘ Cov  Comp AUC

RW 5730 1.84 056 | 6419 124  0.64 | 4399 2.64 043 | 4054 259 040 | 51.50 2.08 0.51

m RIS 7584 078 068 | 63.74 1.14 060 | 6824 1.10 059 | 6045 145 053 | 6707 112  0.60
il \¢) 8694 060 0.80 | 71.89 095 069 | 7825 0.8 0.71 | 6649 1.19 059 | 75.89 090 0.70
Paparazzo 90.64 055 083 |7919 078 0.75 | 82.60 0.73 0.75 | 73.60 1.00 0.67 | 81.51 0.77 0.75

RW 56.04 207 055 | 6273 133  0.62 | 43.68 259 043 | 4255 249 042 | 5125 212 050

% RIS 6690 1.07 062 | 6287 1.18 0.61 | 5826 1.61 053 | 5420 155 051 | 6056 135 0.56
O TO 76.13 0.87 0.71 | 6798 1.09 0.66 | 67.36 113 061 | 61.12 134 057 | 6815 111 0.64
Paparazzo 7913 083 074 | 71.39 1.04 0.69 | 68.70 124 0.64 | 63.68 133 0.60 | 70.72 111  0.67

RW 53.81 1.87 053 | 65.02 122 064 | 41.28 284 041 | 4084 258 041 | 5024 2.13  0.50

n RIS 57.10 1.64 051 | 59.85 131 057 | 5055 209 045 | 5098 196 047 | 5462 175 050
il \¢) 6343 145 058 | 6730 1.10 0.66 | 57.27 1.77 053 | 60.19 147 055 | 62.05 145 058
Paparazzo 7340 1.03 065 | 7324 097 0.70 | 62.14 153 057 | 62.13 141 0.56 | 67.73 1.23  0.62

RW 58.19 1.80 057 | 6635 1.17 0.66 | 42.86 2.71 042 | 39.82 2.64 040 | 51.80 2.08 0.51

o RIS 5149 209 050 | 5723 1.40 057 | 4436 271 043 | 4123 234 041 | 4858 214 048
“ TO 6542 131 0.63 | 67.27 1.09 0.66 | 57.66 1.65 0.56 | 52.82  1.60 0.52 | 60.79 1.41 0.59
Paparazzo 7327 1.04 0.69 | 7297 097 0.71 | 64.07 141 061 | 61.82 138 0.59 | 68.03 120 0.65
its motion without visual confirmation, making subsequent Overall, these results highlight that Paparazzo’s adap-
re-localization significantly more challenging. Neverthe- tive alternation between Object Tracking Mode and Object
less, Paparazzo still achieves substantially higher coverage Mapping Mode enables it to robustly handle diverse dy-
and completeness than all baselines. namic scenarios and motion complexities. By effectively
Paparazzo’s behavior allows it to effectively exploit stop- balancing tracking accuracy with active exploration, Pa-
ping phases when the object remains visible, continuing parazzo consistently outperforms all baselines across mo-
the mapping and refining the reconstruction from different tion types, leveraging motion variations and stop phases to

viewpoints utilizing the available observation time. This ad- achieve superior reconstruction performance.

vantage is reflected in the AUC, which increases by at least To further assess the robustness and generality of the pro-
10% in almost all scenes compared to the best-performing posed method with respect to object variability, we report
baseline. In contrast, the Tracking-only (TO) mode remains in Table 2 the quantitative results obtained by Paparazzo
idle, waiting for motion to resume, highlighting the limita- and the baseline methods for each target object. This anal-
tions of a purely passive strategy, while RIS again performs ysis is crucial to demonstrate that our approach generalizes
poorly due to its lack of temporal synchronization. well across diverse objects, especially since Paparazzo does
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Figure 4. Visualization of the 3D reconstruction of Object 3 and Object 4 under Stop & Go motion. We compare the RW, RIS, and TO
baselines against our Paparazzo method. Paparazzo produces significantly more complete and geometrically consistent reconstructions.

not rely on object-specific training or fine-tuning. On aver-
age, Paparazzo improves coverage by nearly 10% for Ob-
jects 1, 2, and 4. A smaller gain is observed for Object 3,
where the improvement over the best-performing baseline
(TO) is about 6.5% on average. In particular, under the
Curved Bouncing Ball (CBB) motion, TO slightly outper-
forms Paparazzo in completeness while achieving compara-
ble coverage of Object 3. This behavior is likely due to the
object’s front-facing high-frequency texture, which biases
the informative viewpoint selection toward similar orienta-
tions, reducing the effective diversity of the captured views.
Nevertheless, Paparazzo still maintains the best overall av-
erage performance across all objects and metrics. The im-
provement is particularly significant in the Stop & Go (SG)
motion, where Paparazzo achieves more than 10% higher
coverage and AUC than the best-performing baseline. This
result highlights its ability to dynamically balance explo-
ration and reconstruction under less predictable or partially
observable object trajectories (see Fig. 4).

All these findings confirm that Paparazzo’s policy, alter-
nating between object tracking and active mapping, gener-
alizes effectively across both shape and appearance varia-
tions. Its design allows robust handling of heterogeneous
objects and motion behaviors without any task-specific
training, demonstrating strong potential for deployment in
real-world dynamic reconstruction scenarios.

5. Conclusion

In this work, we introduced the new task of active map-
ping of a rigid moving object, a setting that departs from
the long-standing assumption of static scenes in exploration
and reconstruction.

We proposed Paparazzo, a learning-free framework that
integrates motion prediction, information-driven viewpoint
selection, and behavioral adaptation to the target object’s
dynamics. Our experiments show that Paparazzo substan-
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tially surpasses existing baselines, demonstrating that ex-
plicitly reasoning about where to look, when to look, and
how to adapt the agent’s behavior to the object’s motion is
crucial for efficient and accurate reconstruction of moving
objects. By continuously balancing viewpoint informative-
ness, motion feasibility, and field-of-view maintenance, Pa-
parazzo enables a form of dynamic scene understanding that
was previously unexplored.

We believe our work establishes an important founda-
tion: active viewpoint planning coupled with motion-aware
behavior is key for bringing 3D reconstruction beyond static
scenes and toward real dynamic environments.
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