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Figure 1. We introduce GLEAM, a unified generalizable exploration policy for active mapping in complex 3D indoor scenes, trained and
evaluated on 1,152 diverse scenes from our benchmark GLEAM-Bench. Our cross-dataset generalization to an unseen real-scan scene
from Matterport3D [6] achieves 83.67% coverage using 40 keyframes, without any fine-tuning and prior knowledge.

Abstract

Generalizable active mapping in complex unknown en-
vironments remains a critical challenge for mobile robots.
Existing methods, constrained by insufficient training data
and conservative exploration strategies, exhibit limited gen-
eralizability across scenes with diverse layouts and com-
plex connectivity. To enable scalable training and reliable
evaluation, we introduce GLEAM-Bench, the first large-
scale benchmark designed for generalizable active map-
ping with 1,152 diverse 3D scenes from synthetic and real-
scan datasets. Building upon this foundation, we pro-
pose GLEAM, a unified generalizable exploration policy
for active mapping. Its superior generalizability comes
mainly from our semantic representations, long-term navi-
gable goals, and randomized strategies. It significantly out-

performs state-of-the-art methods, achieving 66.50% cover-
age (+9.49%) with efficient trajectories and improved map-
ping accuracy on 128 unseen complex scenes.

1. Introduction
While existing methods have enabled robots to repre-
sent [21, 30] and reconstruct [31, 45] 3D environments
through predefined trajectories or offline visual data, au-
tonomous exploration and mapping in unknown 3D envi-
ronments remain a cornerstone challenge for robots. In
unknown environments with complex connectivity, robots
must strategically prioritize unexplored areas while balanc-
ing exploration efficiency. Classic active SLAM [7, 8] and
active mapping [15, 35, 51] have been investigated in the
context of small-scale or simple scenarios, often assuming
in-distribution environments with few rooms.
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The generalization of existing active mapping methods
to unknown scenes remains inadequately studied. Three
primary challenges emerge across data, technical frame-
works, and training strategies. First, most existing meth-
ods [7, 8, 15, 35] are trained on fewer than 100 homoge-
neous scenarios, failing to leverage data diversity for robust
generalization, as shown in Tab. 1. Second, many existing
approaches rely on empirically defined heuristics to guide
the exploration, including information gain [51], gain or
layout anticipations [15, 27, 35], and structured map [5, 8].
The heuristic metrics hinder their generalization in hetero-
geneous environments with diverse obstacle layouts and
topological connectivity. Third, previous training settings
such as centralizing starting positions [7] simplify the ex-
ploration pattern, thus diminishing the policy’s capacity to
explore complex interconnected spaces.

Therefore, to build an active mapping system that can
generalize to different complex indoor scenes, we build
GLEAM-Bench, a new training dataset and evaluation
benchmark. It is the first large-scale exploration dataset en-
compassing over 1,000 complex 3D indoor scenes for train-
ing and more than 100 scenes for evaluation, with paral-
lel simulation support. To show the importance of using a
large-scale benchmark, we train the previous state-of-the-
art active mapping algorithms, ANS [7] and OccAnt [35],
on 32 scenes with 12 rooms. As shown in Fig. 2, the trained
models can perform well in scenes with 10 rooms, but
they fail in even simpler environments with only 5 rooms,
demonstrating their poor generalization. Therefore, in or-
der to ensure the generalization of new exploration poli-
cies, both the training and evaluation datasets contain in-
door scenes from different datasets, including both syn-
thetic ones (ProcTHOR [12], HSSD [22]) and real-scanned
ones (Gibson [49], Matterport3D [6]), with 1,152 scenes in
total, ensuring both diversity and complexity.

This new benchmark motivates a better active map-
ping algorithm that can generalize across diversified indoor
scenes. Therefore, we subsequently propose GLEAM, a
reinforcement learning (RL)-based exploration policy that
can be generalized to complex unseen indoor scenes with-
out any fine-tuning or prior knowledge. Our policy achieves
better generalization through the following three key de-
signs. First, it maintains a global probabilistic map that in-
tegrates historical observations and a semantic egocentric
map with four task-related states, enabling environment-
agnostic spatial reasoning—the lightweight LocoTrans-
former [52] distills these states into task-aware embeddings
without scene-specific architectural constraints. Second, we
replace classic motion primitives with long-horizon action
spaces validated by heuristic planners, enabling agents to
focus on high-level exploration while offloading low-level
path safety at the early training stage. Third, the train-
ing strategies include randomized initial poses to enhance
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Figure 2. Despite being trained on complex indoor scenes with
10 rooms, classic RL-based methods, ANS [8] and OccAnt [35]
exhibit limited generalizability when tested on simple but struc-
turally distinct scenes with 5 rooms.

Table 1. The data sources of existing exploration policies for active
mapping. †: The SUN-CG dataset is not available now. “*”: The
policies are based on neural representations and thus need per-
scene optimization on evaluation scenes.

Method Data Source Training Evaluation

ExploreNav [8] SUN-CG† [43] 20 20
ANS [7] SUN-CG† 20 20
OccAnt [35] Gibson [49], MP3D [6] 72 18
UPEN [15] MP3D 61 18
ANM* [51] Gibson, MP3D N/A 14
NARUTO* [14] Replica [44], MP3D N/A 13

GLEAM ProcTHOR [12], MP3D, 1,024 128
(Ours) HSSD [22], Gibson

generalization by exposing agents to broader environmental
variations, thereby mitigating scene-specific overfitting and
improving policy robustness.

At last, to validate the generalizability of GLEAM, we
conduct comprehensive evaluations on our benchmark com-
prising 128 challenging scenes from four distinct datasets.
Without any fine-tuning, GLEAM achieves 66.50% aver-
age coverage ratio across all scenes, surpassing the previous
state-of-the-art ANM [51] by 11.41% while concurrently
improving path efficiency (+9.49% AUC of coverage) and
reconstruction completeness (-0.22m nearest distance).

2. Related Work
Active Mapping. Active mapping is a promising field
yet to be thoroughly benchmarked. The active mapping
pipeline alternates between inferring the next optimal view-
points, capturing new data, and updating the built 3D
modeling. Classic active SLAM [7, 8, 28] and active
mapping [15, 35, 51] have been investigated in the con-
text of small-scale or simple scenarios, often assuming in-
distribution environments with few rooms. As one of the
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Dataset Type #Scenes NS(m2) FS(m2) NC SC
Replica [44] synthetic 18 0.56k 2.19k 5.99 3.40
HSSD [22] synthetic 211 53.21k - 13.7 5.90
ProcTHOR-10K [12] synthetic 10k 220k - - -
Gibson (4+ only) [49] real-scan 106 7.18k 17.74k 11.90 3.04
Matterport3D [6] real-scan 90 30.22k 101.82k 17.09 2.99
GLEAM-Bench mixed 1,152 91.16k 164.66k 11.35 3.44

Table 2. The description of the mentioned dataset in Table 1. Note that only a few high-quality
scenes from these datasets are used by previous active mapping algorithms. NS: navigable space,
FS: floor space, NC: navigation complexity, SC: scene clutter. “-”: challenging to access without
annotation or statistical documentation.

Figure 3. The distribution of 1,152
scenes by the number of rooms in
our benchmark GLEAM-Bench.

most representative heuristic policies, frontier-based explo-
ration (FBE) policy [2, 13, 50] recognizes the boundary
between explored areas and unknown areas and then nav-
igates agents to the frontier. However, these policies usu-
ally rely on impractical criteria such as always moving to
the closest frontier and don’t leverage the semantic priors
like diverse indoor layouts, thus cannot effectively general-
ize to the complex unseen scenes in the real world. Infor-
mation gain-based policies are also known as uncertainty-
driven or utility-driven policies. Classic works [3, 18] use
information theory to quantify the information gain for a
probabilistic volumetric representation. A recent group of
works [19, 25, 37, 51, 54] leverages neural implicit repre-
sentation, such as SDF [32] and NeRF [30], to model the
uncertainty fields of target scenes.
The Generalizability of Exploration Policies. The gen-
eralization of exploration policies for active mapping in
unknown environments remains underexplored, with three
key limitations in existing approaches. First, data scarcity
and homogeneity hinder robust generalization: most meth-
ods [7, 8, 15, 35] are trained on fewer than 100 scenes,
often with uniform room counts or layouts, leading to
overfitting specific or simple environmental patterns. Sec-
ond, classic technical frameworks rely on rigid heuristics,
such as handcrafted information gain [51], layout anticipa-
tions [27, 35], or structured map priors [5, 8], which strug-
gle to adapt to unseen obstacle configurations or topologi-
cal variations. For example, methods using motion prim-
itives or fixed action spaces [8, 35] fail to handle long-
horizon exploration in interconnected spaces. Third, sim-
plified training strategies—such as centralized agent start-
ing positions [8, 35]—reduce exposure to environmental
variability, weakening policies’ adaptability to complex ini-
tial conditions. These limitations collectively constrain the
deployment of exploration policies in real-world scenarios
with heterogeneous layouts and dynamic connectivity.

3. GLEAM-Bench
We introduce GLEAM-Bench, a benchmark for generaliz-
able exploration for active mapping in complex 3D indoor

scenes. The statistical metrics can be found in Table 2 and
Fig. 3, following [6, 36, 48]. These scene meshes are char-
acterized by watertight geometry, diverse floorplan (≥10
types), and complex interconnectivity. We unify and re-
fine multi-source datasets through manual filtering, geomet-
ric repair, and task-oriented preprocessing. To simulate the
exploration process, we connect our dataset with NVIDIA
Isaac Gym [29], enabling parallel sensory data simulation
and online policy training, achieving 150 FPS on an RTX
3090 GPU, even trained on 512 complex scenes. Additional
details about GLEAM-Bench are provided in Appendix A.

3.1. Datasets
Our benchmark features 1,152 diverse complex 3D scenes
from different indoor datasets, including realistic synthetic
datasets (ProcTHOR [12], HSSD [22]) and two real-scan
datasets (Gibson [49], Matterport3D [6]). It is built to
overcome the problem of data scarcity and homogeneity
faced by most existing methods, as shown in Table 1. Con-
cretely, we scale up, filter, and preprocess scenes using uni-
fied criteria to build our dataset. For example, we only se-
lect enclosed scene meshes with a nearly watertight exter-
nal surface and high-quality real-scan meshes with minimal
floaters and artifacts. However, unlike other datasets pro-
viding mesh files directly, we can only access the digital
assets of ProcTHOR through the Habitat platform [41] and
Unity Engine [20], as they are stored and organized in a
proprietary format. To address this and extend these valu-
able synthetic data usages, we developed an autonomous
script that can launch the generation given configuration,
i.e., number of rooms, and then batch export the generated
scenes from Unity Editor to mesh files. The resulting scene
meshes have multiple editable contents, including materi-
als, floorplans, object placement, and controllable connec-
tivity. We believe these large-scale synthetic datasets will
benefit many data-driven applications and will release both
the export script and the created assets.

3.2. Complex Scenes for Long-Horizon Exploration
Largely derived from 3D datasets tailored for perception or
short-range navigation, previous long-horizon exploration

5560



!"#$%&"'(")

!"#$%&'(

)*+,#-

&../

*%+$"$",-.()

!"#$%&'()&*+,-$%&'

.*/0%1(2$*&$(3%#"$"%/

!"#$%&'(#

! "

"#$

)*+$,-.&/,+" 01,2(1&'(#34,5"6$-*5&'(#

/&00(1)-234(%#+)$&" 5%&1(44-6$47+0-8"9&%'+)$&"

...

%"0-,1#"23"45-$#63"

78! 9#-:

!"#$%&'()*+",-*.('/01&0"#

."-012!!

!"#;3$<*#-4
&306

!"#$%&'$
!"#$%&

0-,768&9-7$%
%&'#()()*+,)-".

! "#$%&'(# ) ! "#$$ %

Figure 4. The overview of our framework. Trained on 1,024 diverse indoor scenes, GLEAM processes depth observations and agents’
poses to iteratively update a global map. An egocentric map is extracted and augmented with exploration frontiers to capture semantic
exploration cues. A lightweight Transformer encoder then analyzes the egocentric map and trajectory history to predict the long-term
goals. The reward function of coverage is computed by the global map and ground-truth occupancy map.

benchmarks [44, 49] exhibit limitations such as fragmented
surfaces and simple layouts, detailed in Section 2. As a
part of GLEAM-Bench, approximately 400 complex indoor
scenes aim to address these shortcomings. They are metic-
ulously curated to include large-scale, diverse but architec-
turally realistic layouts, such as 2-bed-2-bath and multi-
family apartments that mirror the complexity of real build-
ings. We incorporate high-density clutter (e.g., furniture,
appliances) and geometrically intricate surfaces to simulate
realistic obstacle distributions and contact dynamics.

4. Methodology
4.1. Task Formulation
We formulate the active mapping problem as learning an op-
timal exploration policy π that controls an agent to capture
enough information of unseen target scenes for 3D recon-
struction, with limited decision-making budgets and safety
constraints. Following [8, 9, 35], we adopt a reinforce-
ment learning (RL)-based framework to model these long-
horizon exploration tasks for active mapping.

As shown in Fig. 4, our simulated agent is embodied as
CrazyFlie [16], a type of unmanned aerial vehicle equipped
with an onboard depth camera and an IMU, to execute data
collection for reconstruction. Our agent’s observation ot in-
cludes the depth map and its poses at each time step t. Af-
ter capturing novel observations, we update the maintained
egocentric map Mt (Sec. 4.2) as the agent’s current state
st. Based on the map, our RL-based policy predicts the ac-
tion at (Sec. 4.3) including movement and orientation to the
navigable long-term goal. To learn a generalizable unified
exploration policy, we propose effective training strategies
(Sec. 4.4) and optimization settings (Sec. 4.5).

4.2. Semantic Map Representations
As Fig. 4 shows, we maintain two maps during exploration:
1) an egocentric semantic map Mt as the agent’s state st,
and 2) a probabilistic global map Gt in the world coordi-
nate, designed to integrate historical observations. Each cell
of the semantic egocentric map Mt is categorized as task-
related states among occupied, free, unknown, frontier, en-
abling environment-agnostic spatial reasoning.

We begin by detailing how to construct and update Gt.
At the initial time step t = 0, the depth map D0 is back-
projected into a 3D point cloud in the world coordinate
using the camera’s intrinsic and extrinsic parameters. The
raw point cloud is filtered to retain only key points within
a predefined height range. These filtered points are then
projected into a temporary binary occupancy map via top-
down projection. Inspired by [9], we extend the binary oc-
cupancy map to the probabilistic occupancy map Gt that
distinguishes the unexplored area and free area to guide the
exploration process. To construct the probabilistic map, we
adopt Bresenham’s Line Algorithm [4] to cast the ray path
in this temporary binary map from the agent’s position to
the endpoints among occupied cells. Following the classi-
cal occupancy grid mapping algorithm [9, 46], we have the
log-odds formulation of occupancy probability:

log Odd(mi|zj) = log Odd(mi) + C, (1)

where mi is the occupancy probability of ith cell in the map
Mt, zj is the event that jth camera ray passes through this
cell, and C = log p(zj |mi=1)

p(zj |mi=0) can be regarded as an empiri-
cal constant. The derivation can be found in the Appendix.
At each step t + 1, we update the probabilistic global map
Gt+1 based on the preceding map Gt and newly observed



points. Each cell of the global map can be discretized into
three categories among {occupied, free, unknown}.

We proceed to elaborate on the construction of the ego-
centric semantic map Mt. At each time step t, we extract an
egocentric map centered at the agent’s current position from
the global map Gt. To enhance the exploration-oriented
semantics, we implement a frontier detection module in-
spired by [50] to extend the category of frontiers. Specif-
ically, we define a convolutional kernel to recognize bound-
aries between free and unknown areas. The resulting ego-
centric map Mt preserves geometric structures while en-
coding exploration progress, enabling effective decision-
making through differentiable spatial reasoning.

After each round of map updating, the global map Gt
is compared with the ground-truth occupancy map to com-
pute the coverage ratio reward introduced in Sec. 4.5. The
egocentric map Mt and historical poses are encoded by Lo-
coTransformer [52] and used as input to our policy network.

4.3. Long-term Action Space
Prior methods suffer from critical limitations in action space
design for long-horizon exploration tasks. First, motion
primitives (e.g., move forward 10cm) [7, 8, 35, 51] force
reliance on a two-stage global-local pipeline, which intro-
duces costly and redundant simulation trials, severely de-
grading training efficiency. Furthermore, such fragmented
trajectories inevitably compromise smoothness in real-
world deployments. Second, short-term action spaces [14,
15] constrained to immediate neighborhoods demand si-
multaneous learning of collision avoidance and exploration
under conservative behaviors, resulting in myopic policies
that fail to reason about long-term environmental structures.

To overcome these, we propose an action space us-
ing distant, reachable long-term goals as atomic actions
(! x, ! y, ! θ) in agent’s SE(2) frame. We adopt the
heuristic A* planner [17] to check the reachability of these
goals only at the long-term goals (i.e., keyframes), thereby
avoiding per-step simulation. Specifically, for each goal, a
lightweight A* verifier uses the global map Gt indicating
occupied/free/unknown to ensure collision-free path con-
nectivity to the agent’s current pose. Only navigable goals
are considered, maintaining reachability and exploration di-
versity. This design decouples high-level exploration from
local navigation and bridges reactive RL with planning, pro-
ducing globally coherent and locally smooth trajectories.

4.4. Training Strategy
To enhance generalizability, we propose the following train-
ing strategies to diversify the decision process during pol-
icy learning, inspired by classic RL-based implementa-
tion [10, 26, 47]. Also, we present additional termination
conditions in our framework to accelerate policy learning.
Scene Updating Strategy. We leverage diverse training
scenes from ProcTHOR dataset [12] and AI2-THOR [24]

platform. However, we cannot launch such large numbers
of parallel training environments in the simulator due to the
limitations of computational efficiency and memory. On the
other hand, Isaac Gym doesn’t support users in replacing
the loaded asset with a novel one. Thus, we cannot directly
update the loaded scene using its provided API. In practice,
we allocate N//32 distinct scenes per environment across
32 parallel Isaac Gym environments due to memory con-
straints, when training on N(≥ 512) scenes. During train-
ing, each environment may activate a scene from its inactive
area with probability p to replace the original one that would
be moved to the inactive area. This design preserves scene
diversity while maintaining memory efficiency.
Random Initialization Strategy. Previous work [7] initial-
izes the agent’s position in the center of the scene, which
implicitly introduces impractical prior to training, and thus
cannot well generalize to unknown environments in the real
world. To narrow this sim-to-real gap, we randomly set the
initial poses of our agent in any non-collision area during
training and evaluation. In particular, we extract the navi-
gatable maps from preprocessed point clouds of scenes, and
then slightly narrow the initial areas by max pooling to dis-
card easy-to-collide corners. It turns out that this strategy
significantly enriches the decision process during training
and enhances the generalizability during evaluation.
Termination Conditions. Classic termination criteria in-
clude the maximum episode lengths and success thresh-
olds. To enhance exploration safety and navigation reliabil-
ity in diverse environments, we propose three supplemen-
tary termination criteria: 1) Collision detection, triggering
immediate termination upon physical contact with obsta-
cles; 2) Progress stagnation, activated when the cumula-
tive coverage reward over last ten steps falls below 1%; and
3) Goal viability assessment, terminating episodes where
long-term objectives become unnavigable in the current
observation space or exceed predefined trajectory length.
These enhanced termination mechanisms collectively opti-
mize risk mitigation while maintaining navigation effective-
ness through adaptive response to the environment.

4.5. Reward Functions and Optimization
We highlight the optimization objective of our exploration
policy lies in the following key aspects: exploration com-
pleteness, path efficiency, safety, and navigability. We de-
sign the following optimization settings, such as collision
penalty, to encourage our exploration policy to predict re-
liable and safe target poses. The details of implementation
can be found in Appendix B.2 and C.1.
The Setup of Reinforcement Learning. Our end-to-end
exploration policy is optimized with proximal policy opti-
mization [42] (PPO) for parallelizing sampling. Hence we
design the following reward functions to reflect the task ob-
jective of exploration for active mapping.
Reward Functions. With the occupancy probability F G

t at



Table 3. The generalization results of exploration policies for active mapping on 128 unseen indoor scenes from our GLEAM-Bench,
including synthetic datasets (ProcTHOR, HSSD) and real-scan datasets (Gibson, Matterport3D). All learnable methods are trained on
1024 scenes. We evaluate 10 episodes per scene and report the average results. Different methods initialize with the shared random poses
of agents. “*”: ANM is based on per-scene optimized neural representation and thus is directly trained on each testing scene.

Exploration Policy
Overall ProcTHOR & HSSD Gibson & Matterport3D

Cov. ! AUC ! CD " Cov. ! AUC ! CD " Cov. ! AUC ! CD "

H
eu

ris
tic Random 31.41% 27.58% 2.15m 34.88% 30.85% 1.85m 20.89% 24.30% 2.76m

Vacuum [8] 42.96% 35.89% 1.67m 45.81% 37.56% 1.41m 37.13% 32.48% 2.20m
FBE [50] 56.80% 45.07% 0.94m 61.56% 50.99% 0.56m 46.17% 37.60% 1.72m

In
fo UPEN [15] 49.65% 42.98% 1.38m 54.84% 46.65% 1.01m 39.02% 35.47% 2.14m

ANM* [51] 57.01% 49.56% 1.02m 63.98% 56.37% 0.66m 42.73% 35.63% 1.77m

R
L-

ba
se

d ANS [7] 48.86% 41.98% 1.39m 54.31% 46.93% 1.01m 37.71% 31.86% 2.17m
OccAnt [35] 53.61% 46.03% 1.16m 60.30% 51.99% 0.82m 39.91% 33.84% 1.85m
GLEAM 66.50% 57.63% 0.80m 76.01% 66.13% 0.38m 47.04% 40.23% 1.67m

time step t, we can threshold each voxel with an empirical
bound to determine if it is occupied. This discrimination
process outputs a binary occupancy map with Ñt voxels be-
ing occupied, which is used to calculate the coverage ratio:

CRt =
Ñt

N ! · 100%, (2)

where N ! is the number of ground-truth occupied cells rep-
resenting the surface of scenes. To encourage our explo-
ration policy to cover as many unseen scene areas as possi-
ble, we use the difference of coverage ratio (CR) between
two consecutive steps as the main reward function rCR:

rCR
t+1 = CRt+1 − CRt. (3)

To mitigate hazardous exploration behaviors, a negative
reward is proposed to penalize collisions at long-term tar-
get viewpoints. When the predicted goal lies within the
observed area and would cause a collision, the agent will
remain stationary, re-plan its next goal, but still incur the
collision penalty. Re-planning avoids unnecessary risky be-
havior and improves sample efficiency during training. In
addition, the policy learning benefits from a termination re-
ward triggered at 90% coverage ratio, addressing the chal-
lenge of sparse successful samples in long-horizon explo-
ration tasks. In particular, our collision reward rCol

t = −1
if a collision occurs at step t, else 0. The termination re-
ward rTerm

t = +1 if the episode terminates with the final
coverage exceeding 75%, else 0.

5. Experiments
5.1. Experimental Setup
Dataset. We conduct comprehensive training and evalua-
tion of exploration policies on the proposed GLEAM-Bench
benchmark. Specifically, the policy is trained using 1,024
indoor scenes spanning three datasets: two synthetic envi-
ronments (ProcTHOR-10K [12], HSSD [22]) and one real-

scan dataset (Gibson [49]). To rigorously validate cross-
domain generalizability, we generalize the unified policy to
128 unseen scenes from the mentioned three datasets and
a challenging real-scan dataset, Matterport3D [6], for zero-
shot evaluation. The details of data sources, data prepro-
cessing, and dataset split can be found in Appendix A.
Simulation Environment. We conduct all experiments in
NVIDIA Isaac Gym [29], a GPU-accelerated physics simu-
lation platform designed for embodied AI.
Evaluation Metrics. We adopt the following metrics to
evaluate the exploration completion, trajectory efficiency,
and reconstruction accuracy for the active mapping task: (1)
Coverage (%) quantifies the percentage of the environment
successfully mapped by the end of the exploration process.
It is calculated as the ratio of the number of explored points
to the total number of ground-truth points. (2) AUC (%)
measures the cumulative coverage ratio over the entire ex-
ploration duration, providing insight into both the path effi-
ciency and thoroughness of exploration. (3) Chamfer Dis-
tance (CD, unit: meter) [45, 56] is the mono-directional
Chamfer distance between each ground-truth point and the
nearest captured points. The upward arrow symbol (↑) indi-
cates that higher values correspond to superior performance
in the evaluated metric, whereas the downward arrow (↓)
signifies scenarios where diminished magnitudes are prefer-
able for optimal outcomes.
Implementation Details. All experiments are conducted
based on legged gym [40] in NVIDIA Isaac Gym [29], us-
ing CrazyFlie [16] as our agent equipped with an onboard
depth camera. The depth maps are rendered at a resolution
of 256 × 256 with a 90°field of view (FOV). The resolution
of our egocentric semantic map Mt and probabilistic global
map Gt is both 128 × 128. The cell size of Mt is 10cm
× 10cm. The evaluation is under the keyframe budget of
T = 50. The ground-truth point clouds on the surfaces
are generated using the Poisson Disk sampling method [53]



Table 4. Ablation studies of the diversity and complexity of train-
ing scenes. We train our exploration policies on different dataset
sources to show the advances of cross-dataset and complex train-
ing data. The bold lines indicate the optimal designs, which are
proposed by us and adopted in our framework.

# of Scenes Data Source Cov. ↑ AUC ↑ CD ↓
96 Gibson 50.32% 43.08% 1.09m
192 ProcTHOR (≥ 10 rooms) 63.23% 53.74% 0.90m
416 ProcTHOR (< 6 rooms) 61.66% 53.07% 0.91m
896 ProcTHOR 65.50% 55.46% 0.83m
928 ProcTHOR, HSSD 66.09% 57.00% 0.81m
1024 ProcTHOR, HSSD, Gibson 66.50% 57.63% 0.80m

Figure 5. Ablation studies of the number of training scenes. We
sample a proportionally reduced number of scenes from the com-
plete 1024 training scenes to demonstrate the significance of the
quantity and diversity of training scenes.

through the Open3D API [55]. The exploration policy is
optimized through 5k iterations and uses 96 hours for train-
ing on a single GeForce RTX 4090 GPU. All networks are
randomly initialized. All networks are frozen during evalu-
ation. Please refer to the Appendix B for further results.

5.2. Performance Comparison
To conduct a comprehensive evaluation of GLEAM’s effec-
tiveness and generalizability, we systematically assess its
performance across both synthetic and real-world test sce-
narios, as detailed in Table 3. We implement and evaluate
these works in our benchmark to demonstrate the superi-
ority of our proposed method. The key details include: 1)
UPEN [15] estimates the information gain of candidate tra-
jectories sampled by RRT [1], where the gain is estimated
by model ensembles. We reduce the number of ensembling
models and the number of layers due to the limited memory.
2) We replace ANM [51]’s learned RL-based local plan-
ner with our A-star planner. 3) ANS [7] and OccAnt [35]
are adapted to active mapping systems, given ground-truth
poses. More details can be found in Appendix B.

The experimental results in Table 3 reveal GLEAM’s
superior generalizability across all evaluation metrics (Ta-
ble 3). Our method achieves more than 9.49% overall cover-
age improvement over existing baselines. In particular, our
policy attains 76.01% coverage in unseen synthetic indoor

Table 5. Ablation studies of the scene representations and training
strategies. The bold lines indicate the optimal designs, which are
proposed by us and adopted in our framework.

Settings Cov. ↑ AUC ↑ CD ↓
Scene Representation

Binary Occupancy Map 62.92% 53.98% 0.96m
Probabilistic Occupancy Map 64.37% 55.37% 0.83m
Semantic Occupancy Map 66.50% 57.63% 0.80m

Feature Encoder
UNet [35, 38] 64.01% 54.77% 0.89m
LocoTransformer [52] 66.50% 57.63% 0.80m

Action Space
Short-term Goal 48.85% 40.24% 1.46m
Long-term Goal 66.50% 57.63% 0.80m

Initialization Strategy
Fixedly Initialize 56.05% 47.95% 0.92m
Randomly Initialize 66.50% 57.63% 0.80m

Scene Updating Strategy
Updating Probability p = 0.05 63.17% 53.90% 0.86m
Updating Probability p = 1 66.50% 57.63% 0.80m

scenes that have more than five rooms on average. Notably,
even for extremely challenging and cross-dataset real-scan
scenes, our policy maintains around 50% final coverage.

5.3. Ablation Study
The Effect of Training Scenes. As shown in Table 4 and
Fig. 5, we demonstrate that scene quantity, diversity, and
complexity jointly enhance the generalization of the explo-
ration policy. The policy trained on 96 Gibson scenes un-
derperforms across all metrics, achieving only 50.32% cov-
erage. An inspiring result is that the policy trained on fewer
but more complex scenes (with ≥ 10 rooms) matches the
performance of those using twice as many simple scenes,
emphasizing the critical role of scene complexity. Com-
pared to the ProcTHOR-only baseline, our best policy in-
tegrating multi-domain datasets improves AUC and cover-
age by 2.17% and 1.00%, respectively, highlighting cross-
dataset heterogeneity as critical for generalizability.

Scaling training scenes from 32 to 1,024 monotonically
improves coverage (+8.6%), AUC (+9.5%), and comple-
tion (-0.25m). This trend reveals that larger datasets force
models to learn generalized exploration strategies by expos-
ing them to rare spatial patterns (e.g., narrow corridors and
multi-room connections). In summary, the shown results es-
tablish that sufficient, diverse, and complex training scenes
are essential for robust active mapping in unseen environ-
ments, offering practical guidelines for learning generaliz-
able robotic systems for active mapping.
The Effect of Scene Representations and Encoders. We
ablate the scene representations in Table 5. “Binary Oc-
cupancy Map” (occupied, others) and “Probabilistic Oc-
cupancy Map” (occupied, free, unknown) denote the ego-
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Figure 6. The visualization results of ANM, OccAnt, and GLEAM on three unseen complex indoor scenes from the test set of GLEAM-
Bench. The methods share the same random initial poses for each scene.

centric maps extracted from the corresponding intermediate
representations introduced in Sec. 4.2. Our semantic occu-
pancy map that extends binary occupancy with navigabil-
ity and frontier outperforms classic binary occupancy maps
by 3.65% AUC and 3.58% coverage. This demonstrates
that incorporating semantic task-specific information (e.g.,
frontier categories) enables more informed exploration de-
cisions compared to geometric-only representations. Also,
our lightweight LocoTransformer encoder surpasses con-
ventional UNet architectures, leveraging cross-layer atten-
tion to capture long-range spatial dependencies.
The Effect of Long-Term Action Space. Our experi-
ments confirm that long-term goal planning achieves supe-
rior performance over short-horizon counterparts (see Ta-
ble 5). This validates two critical advantages of our de-
sign: 1) The integration of A*-verified path connectivity
inherently resolves the safety-reachability dilemma faced
by traditional two-stage planners, with effective exploration
(+17.39% AUC); 2) Decoupling global exploration deci-
sions from local obstacle avoidance preserves action space
diversity, enabling the policy to discover non-myopic tra-
jectories that cover more unknown regions (+17.65%). Cru-
cially, these gains do not sacrifice training efficiency.
The Effect of Training Strategies. We ablate the key train-
ing strategies, including random initialization and scene up-
dating, in Table 5. Strategic training configurations prove
vital for balancing exploration efficiency and robustness.
Notably, the random initialization strategy yields a 9.68%
AUC and 10.45% coverage improvement over fixed initial-

ization, highlighting that diverse starting conditions prevent
overfitting to specific layouts. We define p as the proba-
bility of replacing the original active training scenes with
another training scene after each episode. The frequent up-
date of the scene (p = 1) surpasses the occasional update
(p = 0.05) with coverage of 3.33% and AUC of 3.73%.
These results collectively establish that goal horizon, ini-
tialization diversity, and update frequency must be jointly
optimized to achieve robust generalization.

5.4. Qualitative Results
We visualize the mapping results and the predicted scan-
ning trajectories of ANM, OccAnt, and GLEAM within a
single episode in Fig. 6. It demonstrates that our GLEAM
generalizes well, even in complex indoor scenes with ≥ 10
rooms and a large number of obstacles. More visualization
results can be found on our project website.

6. Conclusion
We presents GLEAM-Bench, the first large-scale bench-
mark with 1,152 diverse 3D scenes to enable scalable
training and reliable evaluation. Furthermore, we propose
GLEAM, an RL-based generalizable exploration policy for
active mapping in complex unknown environments. It sig-
nificantly outperforms previous methods, achieving 66.50%
coverage (+9.49%) with excellent trajectory efficiency and
mapping accuracy on unseen complex scenes. We show the
effectiveness of our proposed modules, including semantic
map representations and the randomization strategy.
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