MAGICIAN: Efficient Long-Term Planning with
Imagined Gaussians for Active Mapping

Supplementary Material

In Sec. A, we present the details of the occupancy mod-
ule, and the complete formulation of the coverage gain com-
putation along with the analytical derivation of the depth-
dependent weighting. In Sec. B, we provide additional im-
plementation details, detailed tables, additional quantitative
comparisons, and additional ablation studies. In Sec. C, we
discuss observed failure cases and provide an analysis.

A. Method

A.1. Neural Occupancy Prediction

Here, we provide additional architectural details of the vol-
ume occupancy module &(x | C;).

At each time step t, the occupancy module receives a
3D query point x, the reconstructed surface point cloud S,
and the previously visited camera poses Cy, and predicts an
occupancy value in [0, 1] for x.

To capture the local geometry around x, we compute its
k-nearest neighbors in .Sy and encode this neighborhood us-
ing a self-attention unit followed by pooling. To capture
larger-scale structure, we repeat this procedure on progres-
sively downsampled versions of S;: at each scale, we re-
compute the neighbors of x and process them with an addi-
tional self-attention—pooling block. Coarser scales naturally
expand the receptive field, allowing the model to integrate
fine-grained and global geometric information.

The multi-scale features are concatenated and fed into
an MLP to predict the occupancy value 6(x | C;). Because
the architecture operates solely on local neighborhoods at
each scale, it can be applied efficiently to large point clouds
while still preserving fine geometric details. In practice, we
set k = 16 and use three neighborhood scales.

We adopt this model architecture from [ 19] without mod-
ification. The diagram of this model architecture is pre-
sented in Figure 7 of that work.

A.2. Coverage Gain Computation

A.2.1. Coverage Gain Formulation

For each candidate camera pose c, we compute the cover-
age gain Giendered(€) by rendering depth and novelty maps
from the current Imagined Gaussian state using volumetric
rendering (Eq. (4) in the main paper):

Grendered(c) = Z Wdepth (P) Inovelty(p)a )

PEPhalid

where Pyyia = {p | D(p) > 0} denotes pixels with valid
depth D(p), Inoverry(P) is the rendered novelty value, and

Waepth (P) 1s a depth-dependent weighting factor:

Weptn (P) = min (17 (Dlgi)f) , (6)

where Dy, denotes a threshold and is set to half of the esti-
mated scene scale. This weighting term mitigates oversam-
pling at close range, where the pixel sampling density of
the depth sensor exceeds the resolution required for faithful
surface reconstruction.

A.2.2. Analytical Derivation of Depth Weighting

Target surface density. Surface coverage becomes well
defined only after specifying a target spatial resolution. For
large urban scenes, one point per square decimeter may
suffice, whereas tabletop objects typically require several
points per square centimeter. We denote this desired sam-
pling resolution as the target surface density Tiarge, TEpIE-
senting the minimum number of points per unit surface area
required for adequate reconstruction. This concept is com-
monly used in existing methods [18, 19].

Since the depth sensor always captures a fixed number of
samples N = H x W per frame, the local surface sampling
density depends solely on the distance between the camera
and the observed surface. By Thales’s theorem, this density
decays quadratically with depth. Consequently, when the
sensor is too close to a surface, the resulting sample density
exceeds Tiger and provides no additional benefit for cov-
erage. Thus, e naturally induces a threshold depth Dy,
below which moving the camera closer becomes inefficient.

Mathematical derivation. Consider a square patch of
the depth map with side length s centered at pixel p. This
patch contains

2
Ncaptured = S @)

captured depth samples. By Thales’s theorem, the corre-
sponding 3D surface region has area:

(e

where f is the focal length in pixel units. The resulting
surface sampling density is therefore:

( ) B ncaptured o f 2 (9)
A T bw))

confirming the inverse-square relationship with depth. The
depth at which r(p) equals the target density Ttarget 15 Ob-




Table 6. AUCs of full scenes on the Macarons++ dataset.

Scene Rand. Walk SCONE [18] MACARONS[19] FisherRF [26] MAGICIAN (Ours)
Dunnottar Castle 0.149 0.366 0.618 0.500 0.745
Colosseum 0.219 0.589 0.656 0.551 0.704
Bannerman Castle 0.192 0.559 0.575 0.595 0.761
Pantheon 0.198 0.465 0.601 0.270 0.644
Christ the Redeemer 0.439 0.772 0.859 0.727 0.793
Statue of Liberty 0.323 0.632 0.711 0.553 0.797
Pisa Cathedral 0.290 0.486 0.678 0.486 0.723
Fushimi Castle 0.279 0.689 0.718 0.565 0.766
Alhambra Palace 0.126 0.369 0.567 0.462 0.631
Neuschwanstein Castle 0.184 0.325 0.452 0.375 0.608
Eiffel Tower 0.333 0.683 0.709 0.616 0.754
Manhattan Bridge 0.258 0.632 0.750 0.637 0.705
St. Sofia Church 0.280 0.532 0.621 0.608 0.710
Barts 0214 0.551 0.660 0.673 0.831
Sestino Museum 0.132 0.367 0.537 0.571 0.637
Average 0.241 0.534 0.647 0.546 0.721
Table 7. Final Coverages of full scenes on the Macarons++ dataset.
Scene Rand. Walk SCONE [18] MACARONS [19] FisherRF [26] MAGICIAN (Ours)
Dunnottar Castle 0.225 0.527 0.820 0.809 0.975
Colosseum 0.272 0.755 0.794 0.757 0.872
Bannerman Castle 0.240 0.722 0.834 0.801 0.917
Pantheon 0.309 0.610 0.796 0.444 0.842
Christ the Redeemer 0.581 0.924 0.967 0.876 0.973
Statue of Liberty 0.443 0.819 0.909 0.819 0.947
Pisa Cathedral 0.353 0.566 0.865 0.776 0.941
Fushimi Castle 0.449 0.844 0.853 0.814 0.931
Alhambra Palace 0.162 0.473 0.775 0.615 0.852
Neuschwanstein Castle 0.223 0.444 0.551 0.582 0.848
Eiffel Tower 0.541 0.856 0.915 0.827 0.923
Manhattan Bridge 0.356 0.781 0.924 0.877 0.955
St. Sofia Church 0.331 0.619 0.795 0.865 0.891
Barts 0.240 0.677 0.768 0.878 0.996
Sestino Museum 0.141 0.430 0.713 0.842 0.924
Average 0.324 0.670 0.819 0.786 0.919
tained by solving 7(p) = Target: Conversely, when D(p) > Dy, the sampling density
¥ satisfies 7(p) < Ttarget> Meaning that all captured samples
Dy, = . (10) are necessary and should contribute fully. Combining both
v/ Ttarget regimes yields the depth-dependent weighting function:

For depths D(p) < Dy, the captured sample density
is unnecessarily high. In this regime, although the patch
CoNtains Neaptured = 52 samples, only A Tiarger Samples are
needed to meet the target surface density. The fraction of
samples that meaningfully contribute to coverage is thus:

A T'target T'target ( D (p) ) ?
b (p) Ncaptured r (p) Dy,

Pixels observed at depths smaller than Dy, should there-
fore contribute only proportionally to p(p), reflecting the
redundancy introduced by oversampling in this regime.

2
Weepth (P) = min (1’ (D(P)) ) . (12)
Dy,

This weighting strategy, used in Eq. (5), prevents the
planner from favoring near-surface viewpoints that artifi-
cially inflate point counts without improving effective sur-
face coverage. As a result, the exploration process is guided
toward trajectories that yield more efficient and informative
observations.



B. Experiments

B.1. Implementation Details

Our simulation is built on PyTorch3D [39], which supports
differentiable rendering and ray casting to generate RGB-D
data from arbitrary camera viewpoints. The pretrained oc-
cupancy model was trained using four NVIDIA Tesla V100
SXM2 32 GB GPUs, while inference was performed on a
single V100 GPU.

In our experiments on the Macarons++ dataset, we eval-
uated Final Coverage and AUC scores using ground-truth
point clouds. However, unlike prior work [19, 32] that di-
rectly samples point clouds from the ground-truth mesh,
which may include invisible points (e.g., points inside Pisa
Cathedral), we generated the ground-truth point cloud by
rendering depth maps from all accessible viewpoints and
projecting them into a 3D point cloud.

For each scene, we evaluate 15 novel views. To obtain a
set of novel views that cover the entire ground-truth mesh,
we use a submodular optimization—based selection proce-
dure. At each iteration, we randomly sample 100 candi-
date 6D poses within the scene’s bounding box and, for
each pose, count how many ground-truth points are visible
from that viewpoint. We then select the pose that observes
the largest number of previously unseen ground-truth points
and mask out those newly observed points from the ground-
truth point cloud. We repeat this process by sampling a
new batch of 100 candidate poses and again selecting the
pose that reveals the most remaining unseen points, until 15
novel views are selected.

B.2. Comparison with State-of-the-Art Methods

In this section, we provide detailed evaluation results on the
Macarons++ dataset, along with additional qualitative com-
parisons and analyses.

From Tab. 6 and Tab. 7, we observe that the state-of-the-
art NBV-based method MACARONS [19] remains a very
strong baseline in relatively simple scenes such as Manhat-
tan Bridge and Christ the Redeemer. However, due to its
lack of long-term planning, it struggles to escape already
fully explored local regions, which leads to poor perfor-
mance in indoor environments. FisherRF [26], which re-
lies on frontier detection and Fisher information, performs
reasonably better in indoor environments due to its frontier-
based exploration. However, the frontier mechanism also
introduces unnecessary movements, leading to inefficient
trajectories, particularly in outdoor scenes. In contrast, our
method is neither restricted by frontier heuristics nor ham-
pered by short-sighted planning. By performing the tree
search to identify full trajectories that maximize coverage
gain, our method achieves state-of-the-art performance in
both indoor and outdoor scenes.

As we mentioned in the main paper, during the evalu-
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Figure 9. Standard deviation of the final coverage across differ-
ent methods and scenes. Our method achieves consistently low
values for this metric, indicating strong robustness to random start-
ing poses, whereas other methods exhibit much larger variability.

Table 8. Ablation study on look-ahead steps V.

Ny 10 15 20 25 30 50

AUC  0.652 0.673 0.664 0.662 0.658  0.652
Cov. 0.888 0.887 0.892 0.879 0.881 0.878

ation stage, the five starting poses in each scene are ran-
domly sampled. To more rigorously evaluate the stability of
each method under this randomness, we compute the stan-
dard deviation of the final coverage for each method in each
scene, and further compute their average across all scenes
to summarize the overall variability. The results shown in
Fig. 9 demonstrate that our method exhibits consistently
low values in this metric, indicating that its performance is
highly robust: despite different random initial poses, it re-
liably achieves high final coverage. In contrast, the other
methods exhibit substantially larger variance, suggesting
that their performance is highly sensitive to the initial pose
and the corresponding early observations.

In Fig. 10 and Fig. 11, we present visualizations of
the exploration trajectories generated by different methods,
where for each scene all methods start from the same ini-
tial pose, along with qualitative comparisons of novel view
synthesis and mesh-based normal maps. Under an identi-
cal movement budget, our method achieves thorough ex-
ploration in both indoor and outdoor environments, result-
ing in high-quality reconstructions, whereas incomplete ex-
ploration by the other methods leads to noticeably inferior
reconstruction quality.

B.3. Additional Ablation Study

Impact of longer-range look-ahead steps N,;. Table 8
presents the results for increased look-ahead steps Nz > 10.
Performance peaks when Ny = 15-20; while it slightly de-
clines for larger values, it remains superior to shorter look-
ahead steps, as shown in Figure 7.

Robustness under pose uncertainty. We corrupt cam-



s ’A )
A N

MACARONS [19]

FisherRF [26]

Figure 10. Visualization of exploration trajectories and qualitative comparisons of novel view synthesis and surface reconstruction
in outdoor scenes. From top to bottom, the scenes are Pisa Cathedral and Neuschwanstein Castle. In the same scene, all methods
start from the same initial camera pose, and for each trajectory visualization, we additionally show the final camera pose at the end of the
trajectory. Our trajectory planning method yields more accurate and complete reconstructions, resulting in higher-quality renderings and
effectively preventing holes or noise in the reconstructed surfaces.
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Figure 11. Visualization of exploration trajectories and qualitative comparisons of novel view synthesis and surface reconstruction
in indoor scenes. From top to bottom, the scenes are St. Sofia Church and Barts. In the same scene, all methods start from the
same initial camera pose, and for each trajectory visualization, we additionally show the final camera pose at the end of the trajectory.
Our trajectory planning method yields more accurate and complete reconstructions, resulting in higher-quality renderings and effectively
preventing holes or noise in the reconstructed surfaces.



Table 9. Ablation study on proxy point sampling density (1X in-
dicates the original density).

Density 0.5x 1x 2x 4x
AUC 0.640 0.652 0.672 0.685
Cov. 0.848 0.338 0.895 0.905

era poses with Gaussian noise (o = 0.5m translation, 3°
rotation) during planning. These are deliberately larger
than typical localization errors to rigorously stress-test the
method. Under this setting, performance decreases only
marginally, with AUC dropping from 0.652 to 0.649 (-0.28
pp) and Cov. decreasing from 0.888 to 0.877 (-1.12 pp),
demonstrating strong robustness to substantial pose uncer-
tainty.

Effect of proxy point sampling density. Table 9 shows
that while increasing proxy point density leads to steady
improvements in AUC and Cov. by refining coverage gain
estimates, the performance remains relatively stable across
a broad range of densities. This suggests that our method is
robust to sampling density, with a 1x density already pro-
viding a strong balance between estimation accuracy and
computational overhead.

C. Failure Case and Analysis

In a few scenes, we observe that the occupancy model ex-
hibits reduced accuracy during the early stages of explo-
ration, which leads to lower initial exploration efficiency.
This limitation arises because the occupancy model is fun-
damentally geometric, relying on features extracted from
local 3D neighborhoods. While such local geometric pri-
ors are effective at capturing generalizable primitives across
scales and domains, they may be insufficient to provide a
reliable global understanding when observations are sparse.
As aresult, the planner may not accurately identify the most
informative regions at the beginning, leading to subopti-
mal estimation of coverage gain. However, as more ob-
servations are accumulated, the environment representation
is progressively refined, and the system mitigates this is-
sue through frequent closed-loop replanning, ultimately im-
proving exploration performance over time.
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