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Abstract— LoopSplat provides dense 3D Gaussian Splatting
(3DGS) SLAM with loop closure but operates only offline
over pre-recorded sequences. ActiveSplat enables live active
exploration but lacks loop closure, leaving it vulnerable to
accumulated camera drift. We present ActiveLoopSplat, a
live system running entirely within the Habitat simulator [1]
that unifies these capabilities to allow an autonomous agent
to actively explore indoor environments while maintaining a
globally consistent map. Our architecture introduces three key
improvements: (1) an optimized LoopSplat backend featuring
linear-time loop closures and full SE(3) corrections to both
poses and Gaussian orientations; (2) a live integration where
a Voronoi-based active planner navigates directly using the
growing Gaussian map with closures triggered at submap
boundaries; and (3) a novel ”Backtrack Revisit” strategy
that detects camera drift via height shifts and autonomously
navigates the agent back to reliably mapped regions to force
loop closures. Evaluated on Matterport3D scenes, our system
achieves average PSNR gains of 3.2–7.5 dB and substantially
lower ATE RMSE compared to the baseline, demonstrating the
effectiveness of actively scheduled loop closures in online 3DGS
mapping. [Code] [Presentation]

I. INTRODUCTION

Simultaneous Localization and Mapping (SLAM) is a
foundational capability for autonomous mobile robots, allow-
ing them to navigate and understand unknown environments.
Classical SLAM systems typically rely on sparse feature
representations or basic occupancy grids. While effective for
navigation, these maps are insufficient for the rich, photo-
realistic reconstruction demanded by emerging downstream
applications, such as embodied AI, scene understanding, and
neural rendering. The introduction of 3D Gaussian Splat-
ting (3DGS) has revolutionized this domain, enabling high-
quality, real-time novel view synthesis via differentiable,
tile-based rasterization. However, deploying an autonomous
agent that can actively explore a scene while generating
a dense, globally consistent 3DGS map remains a highly
challenging open problem due to the compounded effects of
occlusion, incomplete coverage, and long-term camera drift.

Recent advancements in 3DGS SLAM have sought to
address the challenge of global consistency. LoopSplat [2]
integrates 3DGS into a robust SLAM front-end, maintaining
a sequence of local submaps that are stitched together via
loop closure and pose graph optimization. By identifying pre-
viously visited locations, LoopSplat successfully eliminates
accumulated drift and aligns the global map. However, this
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system is inherently passive and operates purely offline over
pre-recorded trajectory sequences. It lacks the intelligence
to make decisions about where a robot should move next to
optimally discover unmapped regions of an environment.

Conversely, ActiveSplat [3] tackles the problem of au-
tonomous exploration directly. It proposes an active explo-
ration strategy operating iteratively over a live, continuously
growing 3DGS map. By utilizing a Voronoi-based active
planner, ActiveSplat computes optimal navigation actions to
maximize geometric and visual scene coverage within a fixed
step budget. Yet, ActiveSplat is strictly an odometry-based
mapping system; it does not perform loop closure. Over
extended exploration trajectories, inevitable and accumulated
camera drift irreparably degrades the global consistency of
the map, limiting the system’s viability in expansive indoor
spaces.

Recognizing that these two paradigms are complementary,
we present ActiveLoopSplat, a unified live system that
bridges active coverage with globally consistent reconstruc-
tion. Operating entirely within a single interactive process
in the Habitat simulator, our system actively explores an
environment while aggressively managing drift. We intro-
duce three core contributions: (1) an optimized LoopSplat
backend featuring linear-time loop closures and full SE(3)
orientation corrections applied explicitly to the Gaussian
primitives; (2) a live integration where the Voronoi-based
planner navigates over the evolving map with loop closures
triggered strategically at submap boundaries; and (3) a novel
”Backtrack Revisit” exploration policy that autonomously
detects camera tracking drift and forces the agent to navigate
back to reliably mapped regions to close loops.

II. RELATED WORK

A. 3D Gaussian Splatting SLAM

KinectFusion [4] demonstrated real-time dense reconstruc-
tion by fusing depth frames into a TSDF voxel grid with ICP-
based tracking, establishing the template for dense SLAM.
However, its fixed voxel volume, lack of photorealistic
color, and absence of loop closure cause inconsistency over
long trajectories. Neural implicit methods addressed some
of these gaps: iMAP [5] encoded full rooms in a single
MLP but suffered from catastrophic forgetting, while NICE-
SLAM [6] introduced hierarchical grid-based encoding for
scalable local updates. Both, however, rely on expensive
volumetric ray marching unsuitable for real-time robotic
planning. 3D Gaussian Splatting (3DGS) [7] replaced vol-
ume rendering with tile-based rasterization of anisotropic
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Gaussian primitives, enabling real-time photorealistic syn-
thesis. SplaTAM [8] first applied 3DGS to dense RGB-D
SLAM with silhouette-guided optimization; GS-SLAM [9]
added adaptive Gaussian expansion with coarse-to-fine pose
estimation; and MonoGS [10] extended the paradigm to
monocular inputs. RTG-SLAM [11] further improved ef-
ficiency through an opaque/transparent Gaussian decom-
position and a stable/unstable categorization that freezes
converged primitives, achieving 17.9 fps at half the memory
of prior methods. These systems collectively demonstrated
that explicit Gaussians offer faster convergence, superior
rendering, and—crucially—direct primitive manipulation for
downstream correction, but none incorporated loop closure
or active exploration.

LoopSplat [2] builds on this foundation by integrating
3DGS natively into a real-time RGB-D SLAM front-end.
Tracking and mapping operate concurrently: the tracker
continuously estimates incoming camera poses by perform-
ing differentiable rasterization against the existing map to
minimize photometric loss, while the mapper refines the
positions, colors, and opacities of the underlying Gaussian
primitives. To prevent catastrophic forgetting and boundless
memory scaling, LoopSplat dynamically divides the envi-
ronment into a sequence of independent, localized submaps.
When the system detects significant camera motion, the
active submap is frozen and a new one is initialized. While
this local strategy preserves high-frequency structural details
within active regions, the disconnected submap coordinate
frames inherently accumulate structural drift over time.
To restore global consistency, LoopSplat identifies visual
overlaps with historical submaps using NetVLAD [12],
registers the geometry, and executes Pose Graph Opti-
mization (PGO). However, the baseline implementation ex-
hibits significant scaling and fidelity bottlenecks. The place
recognition module scales quadratically as it continuously
queries redundant historical submaps. Furthermore, resulting
PGO corrections primarily execute spatial translations rather
than computing rigorous full SE(3) orientation corrections
(quaternions) for the Gaussians, nor do they uniformly align
every camera pose within a submap’s timeframe, occasion-
ally leaving artifacts during large drift corrections.

B. Active Exploration and Reconstruction

Frontier-based exploration [13] established the founda-
tional paradigm for autonomous coverage: the robot itera-
tively navigates toward boundaries between explored and un-
explored space. While simple and effective, classical frontier
methods rely on discrete occupancy grids and lack adaptive
granularity for geometrically complex environments. Recent
work integrated neural representations into the exploration
loop. ActiveNeRF [14] augmented a NeRF MLP with learned
variance to greedily select views that maximally reduce
rendering uncertainty, demonstrating that active learning over
neural scenes substantially outperforms passive sampling.
However, both operate in computationally expensive batch
settings—re-optimizing the neural field after each image
takes minutes—making them unsuitable for real-time robotic

use.
FisherRF [15] addressed the speed gap by using Fisher In-

formation to quantify per-Gaussian observation uncertainty,
selecting next-best views at approximately 70 fps, though
it operates as a standalone view selector rather than a full
SLAM system. The computational bottleneck of NeRF-based
active methods is the central motivation for moving to
explicit Gaussian representations, where coverage and nov-
elty can be estimated geometrically in milliseconds without
neural inference.
ActiveSplat [3] extends 3DGS-based SLAM into the active
domain. Operating continuously within simulated environ-
ments like Habitat, the system queries the live, evolving
Gaussian map to dynamically plan navigation actions, aiming
to maximize geometric and visual scene coverage within a
strict exploration step budget. To bridge 3D photorealistic
mapping with 2D navigation, ActiveSplat projects the 3D
map into a 2D occupancy grid to extract safe traversal
paths. The core logic relies on classical frontier-based explo-
ration, detecting boundaries that separate safely mapped ter-
ritory from unknown space. The active planner scores these
frontier nodes by weighing the expected information gain
(novelty) against the physical traversal distance, utilizing
Dijkstra’s algorithm across a Voronoi graph to rapidly and
aggressively pursue unseen regions. However, prioritizing
maximum scene coverage introduces a severe exploration-
revisitation trade-off. By constantly directing the camera
toward unfamiliar frontiers, the SLAM tracker is regularly
starved of the established, dense geometric features required
for stable pose optimization. In differentiable rendering
frameworks, navigating into high-uncertainty regions induces
unrecoverable camera tracking drift, often presenting as un-
physical shifts in estimated camera height. Since ActiveSplat
lacks a loop closure backend, this drift irreparably warps the
global reconstruction over time, highlighting the need for a
paired system capable of intentionally sacrificing short-term
exploration to revisit known regions and anchor the map.

III. METHODOLOGY

Our system integrates two coordinated components run-
ning inside the Habitat simulator on Matterport3D scenes:
(1) a live LoopSplat tracker, mapper, and loop closer, and
(2) a Voronoi-based ActiveSplat frontier planner with a drift-
triggered revisit mode. See Fig. 1 for a high level system
overview.

A. Live Integration of LoopSplat and ActiveSplat

At each timestep t, the agent captures an RGB-D ob-
servation (It, Dt) from the Habitat simulator. The system
processes each frame through three tightly coupled stages:
Tracking. The LoopSplat tracker estimates the camera-to-
world pose Tt ∈ SE(3) by minimizing a weighted pho-
tometric and geometric loss against the current submap’s
Gaussians:

Ltrack = wc · Lcolor + (1− wc) · Ldepth (1)
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Fig. 1: ActiveLoopSplat System Architecture

where Lcolor = ∥Ît − It∥1 and Ldepth = ∥D̂t − Dt∥1 are
computed over valid pixels, with wc = 0.95. The camera
pose is parameterized as a rotation quaternion q ∈ R4

and translation t ∈ R3, optimized for 60 gradient descent
iterations per frame. Rather than relying on constant-speed
extrapolation for pose initialization, which fails when the
action type changes (e.g., turn → move forward), we exploit
the known discrete action at−1 to compute the predicted
pose T̂t analytically from the previous estimate Tt−1 and
the simulator’s exact kinematic parameters (step size, turn
angle). This action-predicted initialization is then added into
LoopSplat’s existing constant-speed extrapolation interface
by constructing a synthetic previous pose Tfake:

Tfake = Tt−1 · T̂−1
t ·Tt−1 (2)

such that the extrapolation Tt−1 · T−1
fake · Tt−1 = T̂t.

Mapping. On every k-th frame (k=2 by default), the mapper
refines the current submap’s Gaussian primitives, positions
µi ∈ R3, colors (Spherical Harmonics coefficients), scales
si, opacities αi, and orientations qi, via differentiable raster-
ization. Each mapping step runs 300 optimization iterations
with periodic densification (splitting and cloning under-
reconstructed Gaussians based on accumulated view-space
gradients) and pruning of low-opacity primitives (α < 0.1).
Active Planning. Simultaneously, the Voronoi-based planner
reads the current Gaussian positions {µi} and projects them
onto a 2D top-down occupancy grid O ∈ {0, 1}G×G at 5 cm
resolution. A Voronoi graph is constructed from obstacle
contours, and frontier nodes—boundaries between mapped
and unknown space—are scored by a weighted combination
of flags:

S(n) = wU · ⊮unarr(n) + wH · ⊮horiz(n)

+ wC · C(n) + wF · ⊮fail(n) (3)

where wU=20, wH=10, wC=2, wF=−60 in explore
mode, and C(n) is a frontier density proxy for expected
information gain. The planner selects the highest-scoring

node, plans a collision-free path via Dijkstra’s algorithm
with fast-forward line-of-sight optimization, and converts
waypoints into discrete Habitat actions (move forward,
turn left, turn right, look up, look down).

B. Submap Management and Loop Closure
Submap Splitting. The system monitors the cumulative

camera motion since the last submap boundary. A new
submap is triggered when both a minimum frame count
(Nmin=50) and a motion threshold (rotation > 120◦ or
translation > 1.0m) are exceeded. We deliberately avoid
drift-based splitting (e.g., triggering on high tracking loss),
because active exploration naturally directs the camera to-
ward novel, poorly-mapped regions that cause temporarily
elevated loss without indicating real drift.
Loop Closure. At every submap boundary, the current
submap is frozen and loop closure is attempted. NetVLAD
descriptors are extracted for each keyframe in each submap.
Cross-submap similarity is computed as:

sim(i, j) = d⊤
i dj (4)

and a match is accepted when the cross-similarity exceeds the
minimum within-submap self-similarity. Matched submaps
undergo pairwise geometric registration via Gaussian-based
registration, and a Pose Graph Optimization (PGO) dis-
tributes the corrective transforms {Cs}Ss=0 across all S+1
submaps using Levenberg-Marquardt optimization [16].
Full SE(3) Gaussian Correction. Critically, we apply each
correction transform Cs ∈ SE(3) not only to the Gaussian
positions but also to their orientations. For each Gaussian i
in submap s, the corrected position and orientation are:

µ′
i = Cs

[
µi

1

]
, q′

i = qCs
⊗ qi (5)

where qCs
is the quaternion extracted from Cs[: 3, : 3]

and ⊗ denotes the Hamilton product. Additionally, every
estimated camera pose within the corrected submap’s frame
range [tsmin, t

s
max] is updated:

T′
t = Cs ·Tt, ∀ t ∈ [tsmin, t

s
max] (6)



C. Backtrack Revisit Mode

Pure frontier-driven exploration devoids the tracker of
familiar features, causing progressive drift. We detect this
via two complementary signals on the estimated pose Tt:

1) Vertical drift: The agent operates on flat ground
in Habitat, so the camera height yt should remain
approximately constant. A vertical shift |∆yt| = |yt −
yt−1| > 15 cm triggers a drift alert, this is a scene-
invariant, physics-grounded signal that is immune to
tracker overconfidence.

2) Pose convergence instability: If the tracker’s pose
standard deviation exceeds 1 cm in 2 out of 3 recent
frames, a secondary drift alert is activated.

When drift is detected, the planner switches from explore
mode to backtrack revisit mode. Rather than target a
submap centroid which may require navigating through
unverified geometry, we target the agent’s own pose from
N=40 frames earlier: Ttarget = Tt−N . This pose is by
construction reachable, since the agent was just there. The
planner routes toward it with the same Voronoi machinery
used in explore mode but with REVISIT WEIGHTS that
favour already-visited cells (wU = −20, wC = −2). Upon
arrival (within 1.0 m) the agent performs a narrow ±45◦

scan—wide enough to expose the old viewpoint to hloc for
place recognition, but short enough to avoid the parallax-
free rotation that destabilised the tracker in earlier ablations.
The next submap boundary then triggers loop closure with
the agent sitting on overlap with a prior submap, so PGO
produces a correction. If the target is not reached within
50 frames, or the scan completes without a new submap
boundary, the planner exits revisit with a cooldown period
so it does not immediately re-fire.

D. Tracker Robustness

To prevent the tracker from diverging when physically
stuck against walls, we add two depth-based safety mech-
anisms:

1) Collision guard: Before executing a move forward
command, the planner checks the center-patch depth.
If the minimum depth in the center 10×10 pixel patch
satisfies dmin < dstep+5 cm, the action is replaced with
a random turn.

2) Stuck-on-wall detector: If the previous action was
move forward but the center depth did not decrease
by at least half the expected step distance, the agent is
physically stuck and a turn is forced, regardless of what
the (potentially drifted) estimated position suggests.

IV. EXPERIMENTS

We evaluate ActiveLoopSplat across two experimental
setups : (1) a random walk baseline comparison against
vanilla LoopSplat, and (2) an ablation study of the full
Voronoi-based active exploration pipeline with and without
loop closure and backtrack revisit.

A. Experimental Setup

Datasets. All experiments are conducted on four scenes
from the Matterport3D (MP3D) dataset [17], rendered in
real time using the Habitat simulator: gZ6f7yhEvPG,
pLe4wQe7qrG, YmJkqBEsHnH, and GdvgFV5R1Z5.
Refer Fig 2. MP3D provides photorealistic, large-scale
indoor environments captured from real-world building
scans, making them well-suited for evaluating SLAM
systems under realistic visual conditions.

Simulator Configuration. The agent collects posed RGB-
D data at a resolution of 512×512 with a horizontal field of
view of 90◦. The agent height is set to 1.25 m. The discrete
action space consists of five actions: move forward by
6.5 cm (10 cm for the random walk protocol), turn left
and turn right by 10◦, and look up and look down
by 10◦. Ground-truth camera poses from the simulator are
recorded for evaluation but are not used by the SLAM system
during tracking.
Configurations. We evaluate three system configurations in
the ablation study:

• Without LC: Voronoi-based active planner with Loop-
Splat mapping and tracking, but loop closure disabled
(--no-lc).

• LC: Full system with loop closure enabled at every
submap boundary.

• LC + Backtrack: Full system with both loop closure
and the backtrack revisit mode enabled (--revisit).

B. Evaluation Metrics

We adopt two standard metrics to evaluate trajectory
accuracy and reconstruction quality:
ATE RMSE. The Absolute Trajectory Error (ATE) root-
mean-square error measures the global consistency of the
estimated camera trajectory against the ground-truth trajec-
tory. For each frame t, the translational error is computed
as:

ATEt = ∥pest
t − pgt

t ∥2 (7)

and the overall ATE RMSE is:

ATE RMSE =

√√√√ 1

N

N∑
t=1

∥pest
t − pgt

t ∥22 (8)

Lower values indicate better global pose accuracy.
Average PSNR. Peak Signal-to-Noise Ratio (PSNR) mea-
sures the photometric fidelity of the rendered Gaussian map
against the ground-truth RGB observations at each mapping
keyframe:

PSNR = 10 · log10
(

1

MSE

)
(9)

where MSE = 1
|P|

∑
p∈P ∥Î(p) − I(p)∥2 over all pixels P .

Higher values indicate better reconstruction quality.



Fig. 2: Indoor scenes from Matterport3D dataset rendered in Habitat simulator

TABLE I: Random walk evaluation on 4 MP3D scenes (300
steps). Our improved LoopSplat backend achieves substantial
PSNR gains and lower ATE RMSE across all scenes.

Scene LoopSplat Ours
Avg PSNR ATE RMSE Avg PSNR ATE RMSE

gZ6f7 17.24 dB 4.41 m 24.71 dB 0.33 m
pLe4w 22.35 dB 3.29 m 28.07 dB 1.01 m
YmJkq 23.28 dB 0.61 m 28.48 dB 0.68 m
GdvgF 21.21 dB 1.42 m 26.28 dB 0.75 m

C. Baseline Comparison: Random Walk

To isolate the effect of our improved LoopSplat backend
from the active planning, we first evaluate under a random
walk policy where both systems receive identical, random-
ized trajectories. The agent executes 300 steps, randomly se-
lecting from move forward, turn left, turn right,
look up, look down at each step. As shown in Table I,
our improved backend achieves consistent PSNR gains of
5.1–7.5 dB across all four scenes, demonstrating that the
enhanced mapping pipeline (densification, scale tuning, and
trainable color features) produces substantially higher-fidelity
Gaussian maps. Trajectory accuracy also improves dramati-
cally: ATE RMSE drops from 4.41 m to 0.33 m on gZ6f7
(a 92% reduction) and from 3.29 m to 1.01 m on pLe4w.
On YmJkq, the ATE RMSE increases slightly (0.61 m →
0.68 m), which we attribute to the aggressive densification
introducing more Gaussians in poorly-textured regions that
momentarily confuse the tracker. Overall, the random walk
results confirm that the backend improvements alone, in-
dependent of the active planner, yield major gains in both
metrics.

D. Ablation: Active Exploration with Loop Closure

We next evaluate the full active exploration system us-
ing the Voronoi-based planner over 700 steps, ablating the
contributions of loop closure and backtrack revisit. Table II
reports several important findings:
Loop Closure Impact. Enabling loop closure produces
dramatic improvements on gZ6f7 and GdvgF: ATE RMSE
drops from 1.52 m to 0.05 m on gZ6f7 (a 97% reduction)
and from 0.78 m to 0.03 m on GdvgF (a 96% reduction),
accompanied by PSNR gains of 8.6 dB and 1.8 dB respec-
tively.

Loop Closure Failure Cases. On pLe4w and YmJkq, en-
abling loop closure increases ATE RMSE (0.31 m → 0.92 m
on pLe4w; 0.02 m → 0.78 m on YmJkq). This occurs when
the PGO applies an incorrect correction due to ambiguous
place recognition matches, a known challenge in repetitive
indoor environments with visually similar corridors. In these
cases, the Without LC configuration benefits from naturally
low drift and avoids the erroneous corrections entirely.
Backtrack Revisit. The LC + Backtrack configuration re-
solves the failure case on pLe4w, reducing ATE RMSE from
0.92 m (LC only) to 0.09 m while simultaneously achieving
the highest PSNR of 36.1 dB. The backtrack revisit mode
forces the agent to return to a well-mapped region before the
next submap boundary, ensuring the loop closure receives a
high-quality visual match rather than an ambiguous one. On
gZ6f7, YmJkq, and GdvgF, the backtrack revisit did not
trigger (marked with ∗), as the vertical drift threshold was
not exceeded during those runs.

E. Discussion

Across both experimental protocols, the results demon-
strate two clear trends. First, the improved mapping backend
(densification, extended optimization, trainable SH colors)
consistently improves PSNR by 3–9 dB over the vanilla
LoopSplat baseline, regardless of the exploration policy. Fig
3 compares one of the rendered 3DGS image with the ground
truth image in Habitat simulator. Second, loop closure is
highly effective when the agent’s trajectory naturally revisits
mapped regions (gZ6f7 and GdvgF), but can degrade per-
formance when place recognition produces false matches in
visually ambiguous environments (pLe4w and YmJkq). The
backtrack revisit mode mitigates these failures by ensuring
high-quality visual overlap before triggering loop closure,
as demonstrated by the substantial recovery on pLe4w.
These findings highlight the fundamental tension in active
exploration with loop closure: aggressive frontier-seeking
improves coverage but reduces the natural revisitation that
loop closure depends on. Our backtrack revisit strategy offers
a principled resolution by monitoring physical drift signals
and autonomously scheduling revisits when needed, without
sacrificing overall exploration efficiency.
Our presentation is available at [Link]

https://www.youtube.com/watch?v=nvBp1SRO1cQ


TABLE II: Indoor exploration with Voronoi-based planner (4 MP3D scenes, 700 steps). LC = Loop Closure. ∗Backtrack
revisit did not trigger in this run.

Scene Without LC LC LC + Backtrack
Avg PSNR ATE RMSE Avg PSNR ATE RMSE Avg PSNR ATE RMSE

gZ6f7 25.3 dB 1.52 m 33.9 dB 0.05 m 33.9 dB 0.05 m∗

pLe4w 35.4 dB 0.31 m 34.2 dB 0.92 m 36.1 dB 0.09 m
YmJkq 34.3 dB 0.02 m 33.3 dB 0.78 m 33.3 dB 0.78 m∗

GdvgF 32.9 dB 0.78 m 34.7 dB 0.03 m 34.7 dB 0.03 m∗

Fig. 3: Rendered 3DGS scene (left) vs Ground Truth scene
(right)

V. CONCLUSION AND FUTURE WORK

We presented ActiveLoopSplat, a unified system that com-
bines active frontier-based exploration with globally consis-
tent 3D Gaussian Splatting SLAM via online loop closure.
By tightly integrating LoopSplat’s submap-based mapping
and tracking with ActiveSplat’s Voronoi-based planner inside
the Habitat simulator, our system enables an autonomous
agent to explore unknown indoor environments while con-
tinuously correcting accumulated drift. We introduced three
key contributions: (1) an improved LoopSplat backend with
full SE(3) Gaussian corrections that jointly transforms both
positions and orientations; (2) a live integration where loop
closure is triggered at every submap boundary during active
exploration; and (3) a backtrack revisit strategy that detects
camera drift via physically grounded signals, such as unphys-
ical vertical motion, and autonomously navigates the agent
to well-mapped regions to force high-quality loop closures.

Evaluated on four Matterport3D scenes, ActiveLoopSplat
achieves PSNR gains of 5–9 dB over vanilla LoopSplat
under random walk and reduces ATE RMSE by up to
97% when loop closure fires correctly. Our ablation study
further demonstrates that the backtrack revisit mode recovers
from erroneous loop closures caused by ambiguous place
recognition, reducing ATE RMSE from 0.92 m to 0.09 m on
pLe4w while simultaneously achieving the highest PSNR of
36.1 dB.

Limitations and Future Work. Several directions remain
open for future investigation. First, we conducted test runs
only once for each of the four scenes, since each one of
them took five to six hours on compute available to us. This
means we do not account for stochasticity in the results
due to trajectory initialization and executed plans. More
exhaustive evaluations with higher number of runs for each

scene can help us get more statistically rigorous results.
Second, our system currently operates on static Matterport3D
scenes. Extending the pipeline to dynamic environments,
for instance, by incorporating a YOLO-based object detec-
tor [18] coupled with FastSAM [19] for semantic segmenta-
tion and optical flow for motion confirmation, would enable
robust dynamic region suppression and broaden applicability
to real-world settings with moving occupants. Third, the
NetVLAD-based place recognition occasionally produces
false positive matches in visually repetitive environments, as
observed on pLe4w and YmJkq. Replacing or augmenting
it with learned visual place recognition methods such as
MixVPR [20] could improve loop closure reliability. Fourth,
deploying ActiveLoopSplat on a physical robot platform with
noisy sensor inputs and real-time computational constraints
remains an important step toward practical embodied map-
ping. Finally, the current backtrack revisit trigger relies on a
fixed vertical drift threshold; an adaptive, learned threshold
that accounts for scene geometry and tracker confidence
could further improve the exploration-revisitation balance.
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