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Abstract

Effective robotic autonomy in unknown environments demands proactive explo-
ration and precise understanding of both geometry and semantics. In this paper, we
propose ActiveSGM, an active semantic mapping framework designed to predict
the informativeness of potential observations before execution. Built upon a 3D
Gaussian Splatting (3DGS) mapping backbone, our approach employs semantic
and geometric uncertainty quantification, coupled with a sparse semantic repre-
sentation, to guide exploration. By enabling robots to strategically select the most
beneficial viewpoints, ActiveSGM efficiently enhances mapping completeness,
accuracy, and robustness to noisy semantic data, ultimately supporting more adap-
tive scene exploration. Our experiments on the Replica and Matterport3D datasets
highlight the effectiveness of ActiveSGM in active semantic mapping tasks.

1 Introduction

Mobile robots are expected to play a significant role in human-centered environments, such as
warehouses, factories, hospitals, and homes, as well as in dangerous settings, such as mines and
nuclear facilities. Rich and accurate geometric and semantic representations are necessary in these
scenarios so that robots can understand, interpret, and interact meaningfully with their surroundings.
For instance, in automated warehouses, robots are required to recognize various items and place them
in the correct sorting zones accordingly. Scene understanding is enabled by a semantic map that is
linked to the geometric map [1], which represents the spatial layout of an environment, and enriches it
with high-level information such as object categories, surface labels, and functional affordances [2–5].
Such maps are critical for a range of tasks including navigation, inspection, object manipulation,
human-robot interaction, and long-term autonomy.

Despite substantial advances in semantic mapping, most current approaches are unable to determine
the most informative path for the robot. Instead, they passively rely on externally determined
trajectories or predefined exploration strategies [6–9], leading to incomplete or suboptimal scene
understanding. In this paper, we present an approach of active semantic mapping that seeks to close
the loop between perception and action. This allows agents to plan their next moves and observations
to improve the quality, completeness, and efficiency of the semantic map. Our approach, named
ActiveSGM (Active Semantic Gaussian Mapping), is the first active semantic mapping system based
on radiance fields, enabling rapid exploration, efficient environment understanding, and high-fidelity
real-time rendering, ultimately leading to more intelligent and efficient robotic behaviors. ActiveSGM
aims to infer the semantic labels of all visible surfaces, without favoring any particular label.

To select the most informative views for the robot, we seek to quantify both geometric and semantic
uncertainty. At the geometric level, uncertainty is typically measured by the expected error in the
estimated 3D coordinates [10–12]. At the semantic level, uncertainty estimation primarily captures
ambiguity among semantic classes. Recent surveys on semantic uncertainty quantification [13–15]
found that it is inherently dependent upon the choice of semantic representation.
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The choice of semantic representation plays a critical role in semantic mapping systems, which
commonly adopt two forms: probability distributions or embeddings. For distribution-based repre-
sentations, existing methods (e.g., [16–18]) employ either hard or soft assignment strategies. Hard
assignments, such as one-hot encoding, strictly assign a single label to each pixel. In contrast, soft
assignments allocate a complete categorical probability distribution to each 3D primitive, naturally
capturing uncertainty but also incurring higher memory requirements as the number of categories
grows. Alternatively, embedding-based representations can also be viewed as a form of soft as-
signment. Methods like [9, 19] utilize features, such as those from DINO [20] or CLIP [21], to
encode semantic embeddings. However, these embeddings are high-dimensional, posing challenges
for storage and real-time rendering in large scenes. Consequently, some approaches compress the
features into lower-dimensional spaces, such as the three-dimensional RGB color space. The dimen-
sion of the embedding feature space directly determines the effectiveness of class discrimination.
High-dimensional embeddings, like those from DINO or CLIP, provide a sufficiently expressive
feature space to effectively distinguish categories. However, as embeddings become compressed,
for instance into RGB space, color blending during multi-view reconstruction inevitably occurs,
producing blended colors that may correspond to unrelated categories instead of the original ones.

In this paper, we address semantic representation under the closed-vocabulary assumption, adopting a
probability distribution approach that we argue offers better categorical discrimination. In Section 3,
we discuss how to store high-dimensional probability distributions within our proposed sparse
semantic representation.

To summarize, we propose the first dense active semantic mapping system built upon a 3D Gaussian
Splatting (3DGS) backbone, which integrates semantic-aware mapping and planning for active
reconstruction. This enables the robot to construct a more accurate geometric map and a richer
semantic map with fewer observations. Our method addresses several key challenges:

• Semantics-aware exploration: We design a novel semantic exploration criterion that enhances
semantic coverage and facilitates disambiguation across observations during exploration.

• High-dimensional semantic representations and memory footprint: We adopt a closed-
vocabulary setting and introduce a sparse semantic representation that retains the top-k most
probable categories, reducing memory overhead without sacrificing semantic richness.

• Robustness to noisy semantic observations: Unlike prior works that rely on ground-truth labels,
real-world deployment requires handling noisy semantic predictions. We use a pre-trained segmen-
tation model to generate these inputs and design our pipeline to tolerate and progressively refine
them, achieving high segmentation quality.

2 Related Work

In this section, we review prior work, starting from dense SLAM, active mapping, semantic mapping,
and concluding with active semantic mapping. We focus on methods utilizing either Neural Radiance
Fields (NeRF) [22–24] or Gaussian Splatting (GS) [25–27] as the representation.

Dense SLAM. Autonomous robotics relies on foundational capabilities such as localization, map-
ping, planning, and motion control [28]. The need to realize these capabilities has spurred advance-
ments in various areas, including visual odometry [29, 30], structure-from-motion (SfM) [31], and
Simultaneous Localization and Mapping (SLAM) [32–34, 10, 35]. For surveys of the impact of
radiance fields in SLAM and robotics in general, we refer readers to [36–38, 27]. Progress in radiance
fields has given rise to a multitude of dense SLAM methods, that estimate depth for almost every
pixel of the input images, using NeRF (or other implicit representations, such as TSDF) [39–48]
or GS [49–54] to represent scene geometry and appearance. We use SplaTAM [51] as the SLAM
backbone of our algorithm.

Active Mapping. The goal of SLAM is to estimate the camera/vehicle trajectory from sensor data.
Active mapping, or exploration, is a related problem in the domain of active perception [55, 56], where
the goal is guiding the sensor to acquire images beneficial to a downstream task. The most common
objectives are to reduce uncertainty, equivalently to increase information gain, [57] or to detect and
visit frontiers [58]. Prior approaches such as [58–60] adopt a long-term planning paradigm, in which
the information gain is estimated along multiple candidate trajectories before execution. Subsequent
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studies [61–63], on the other hand, reformulate the problem within a next-best-view framework,
where the exploration process is guided by sequential decisions that progressively construct the
overall trajectory. Early work demonstrated the effectiveness of active mapping [64–68], while
overviews of the state of the art can be found in [10–12].

Active Mapping using Radiance Fields. Recently, NeRF-based approaches have been applied to
path planning [69] and next-best-view selection [70–72], though they are often limited by their high
computational cost [73]. To overcome these limitations, hybrid models such as ActiveRMAP [74]
integrate implicit and explicit representations. NARUTO [61] introduces an active neural mapping
system with 6DoF movement in unrestricted spaces, while Kuang et al. [73] integrate Voronoi
planning to scale exploration to larger environments. 3DGS offers a faster alternative, making
real-time mapping and exploration more feasible. Recent works like ActiveSplat [75] utilize a hybrid
map with topological abstractions for ef�cient planning, ActiveGS [76] also uses a hybrid map and
associates a con�dence with each Gaussian to guide exploration, and AG-SLAM [77] incorporates
3DGS with Fisher Information to balance exploration and localization in complex environments.
ActiveGAMER [63] introduces a rendering-based information gain criterion that selects the next-best
view for enhancing geometric and photometric reconstruction accuracy in complex environments.
RT-GuIDE [78] uses a simple uncertainty measure to achieve real-time planning and exploration on a
robot. Recently, NextBestPath [79] considers longer horizons than just the single next view. Like all
the methods in this paragraph, however, it does not consider semantics.

Semantic Mapping. The goal of semantic mapping is to infer scene descriptions that go beyond
geometry [1]. In general, methods in this category endow their 3D representation with semantic
labels, which are inferred via semantic segmentation of the input RGB or RGB-D images. Early work
includes approaches such SemanticFusion [80], Fusion++ [4], PanopticFusion [81] and Kimera [6],
which have adopted different representations exploring tradeoffs between precision and ef�ciency.
Radiance �eld-based methods are surveyed by Nguyen et al. [82]. Among them, GSNeRF [83]
introduces the Semantic Geo-Reasoning and Depth-Guided Visual modules to train a NeRF that
encodes semantics along with appearance. Wilson et al. [15] use the variance of the semantic
representation at each Gaussian as a proxy for semantic uncertainty. HUGS [84] jointly optimizes
geometry, appearance, semantics, and motion using a combination of static and dynamic 3D Gaussians.
Logits for all classes are stored with the Gaussians, but the number of classes is small. All of these
approaches operate on all frames in batch mode, however.

Semantic SLAM. Gaussian splats are well suited for semantic mapping because they can encode
additional attributes and are amenable to continual learning, unlike NeRF [85]. All methods below
operate on RGB-D video inputs. We point out the important representation choices made by their
authors. SGS-SLAM [7] augments a GS-based SLAM system with additional test-time supervision
via 2D semantic maps. The authors argue that any off-the-self semantic segmentation algorithm
can be integrated in SGS-SLAM and use ground truth labels to supervise the splats for simplicity.
High-dimensional semantic labels are converted to "semantic colors" to save space. NIDS-SLAM [86]
uses a 2D transformer [87] to estimate keyframe semantics, also converting the semantic labels into
"semantic colors". NEDS-SLAM [8] reduces the memory footprint of the high-dimensional semantic
features obtained by DINO [20] to three values per splat via a lightweight encoder. OpenGS-SLAM
[9] infers consistent labels via the consensus of 2D foundational models across multiple views. It can
handle an open vocabulary, but stores only one label per splat.

To overcome the limited dimensionality of colormaps, researchers have endowed the splats with
embeddings of the high-dimensional vectors of logits. SNI-SLAM [88] model the correlations among
appearance, geometry and semantic features through a cross-attention mechanism and use feature
planes [41] to save memory. DNS-SLAM [89] relies on a multi-resolution hash-based feature grid.
Optimization is performed in latent space, while ground truth 2D semantic maps are used as inputs.
SemGauss-SLAM [90] augments the splats with a 16-channel semantic embedding and presents
semantic-informed bundle adjustment. The paper includes results using ground truth 2D labels for
supervision, as well as labels inferred by a classi�er operating on DINOv2 [91] features. Hier-SLAM
[5] addresses the increased storage requirements via a hierarchical tree representation, generated by
a large language model. It can handle over 500 semantic classes, but it is also provided the ground
truth semantic maps of the images during optimization.
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Figure 1: Overview of the ActiveSGM System. Our framework integrates observation, mapping,
and planning into a uni�ed active semantic mapping system. At each time step, posed RGB-D
frames along with semantic predictions from OneFormer [17] are stored in a keyframe database.
Selected frames are used to update a Semantic Gaussian Map that encodes geometric, photometric,
and semantic properties and is optimized through differentiable rendering. An occupancy-based
Exploration Map is updated using the current view and used to sample candidate viewpoints in free
space. Next-best views are selected by jointly evaluating geometric and semantic exploration criteria
(E.C.), and a path planner navigates toward the selected pose. This closed-loop system enables
ef�cient, semantics-aware reconstruction and exploration in complex 3D environments.

Active Semantic Mapping. The above semantic mapping and SLAM approaches are "passive" in
the sense that the camera is not actively controlled but follows a predetermined trajectory. In contrast,
methods such as [60, 92] actively plan trajectories that maximize the mutual info rmation between past
and future semantic observations. Other relevant works have focused on object search using semantic
contextual priors—e.g., leveraging knowledge that cups are typically found in kitchens—without
explicitly predicting semantic labels for every point in the map [93–95]. Among these approaches,
more relevant to ours is the work of Zhang et al. [96] that relies on semantic mutual information
and properties of the SLAM pose graph for metric-semantic active mapping. An octree is used to
maintain the map, but the current implementation is limited to 2D motion and 8 classes, while ground
truth labels are used as semantic observations. Marza et al. [97] added a semantic head to Nerfacto
[98] and used it for active mapping of appearance, geometry and semantics. They compared using
ground truth semantic labels and Mask-R-CNN [99] to detect 15 object categories, and observed
large differences in the metrics. Exploration policies are trained using reinforcement learning and
consider the 15 object categories. Unlike our approach, the trajectory is restricted to the ground plane.
It is not clear how this approach would have to be modi�ed if all semantic classes in the scene would
have to be considered.

3 Method

In this section, we present Active Semantic Gaussian Mapping (ActiveSGM), a 3D Semantic Gaussian
Splatting framework for active reconstruction that tightly integrates semantic-aware mapping and
planning. Section 3.1 introduces Semantic Gaussian Mapping, an ef�cient representation that enables
high-�delity geometric, photometric, and semantic reconstruction. To reduce the computational and
memory overhead of semantic mapping, we propose a sparse semantic representation that supports
ef�cient storage and fast rendering. Building on this, Section 3.2 describes our exploration strategy
for next-best-view selection, which jointly leverages geometric and semantic cues to guide the
reconstruction of high-quality semantic maps. We outline the ActiveSGM framework in Figure 1.
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3.1 Semantic Gaussian Mapping

Gaussian Mapping. Gaussian Mapping leverages 3DGS to represent scenes as collections of 3D
Gaussians, encoding both appearance and geometry for real-time rendering of high-�delity color
and depth images. Building upon the work of Kerbl et al. [25], we adopt the streamlined approach
proposed in SplaTAM [51]. This method employs isotropic Gaussians with view-independent color,
optimizing parameters such as color (c), center position (�), radius (r), and opacity (o).

A notable advantage of 3DGS is its capability for real-time rendering, enabling the synthesis of
high-�delity color and depth images from arbitrary camera poses. This is achieved by transforming
3D Gaussians into camera space, sorting them front-to-back, projecting them onto the 2D image
plane, and employing alpha-blending for compositing. The color, depth, and silhouette at pixelp
are rendered from the Gaussian map, where the silhouette indicates whetherp receives a signi�cant
projection from any Gaussian. The general rendering process is formulated as

R(p) =
nX

i=1

zi f i (p)
i�1Y

j=1

(1 � f j (p)) ; (1)

wherezi 2 fc i ; di ; 1g andR(p) 2 fC(p); D(p); S(p)g depending on whether color, depth, or
silhouette is being rendered.f i (p) is derived from the Gaussian's position and size in 2D pixel
space. The differentiable nature of this rendering process allows for end-to-end optimization, where
gradients are computed based on discrepancies between rendered images and RGB-D inputs, and the
optimization objective is formulated as:

L =
X

p
(S(p) > 0:99) (L 1(D(p)) + 0:5L 1(C(p))) ; (2)

where only pixels inside the silhouette are considered.

Semantic Prediction. We incorporate semantics into the 3DGS map by using OneFormer [17], a
state-of-the-art model for uni�ed segmentation, to perform semantic segmentation. Its predictions
serve as our primary source of semantic observations.

Sparse Semantic Representation. Given the semantic predictions from OneFormer, represented
as a probability distributionP = (p 1; p2; :::; pM ) overM semantic categories, a straightforward
approach to constructing a Semantic Gaussian Map is to incorporateP as an additional attribute in
each 3D Gaussian. However, storing and optimizing such high-dimensional semantic properties can
lead to signi�cant memory overhead.

To mitigate this issue, we introduce a sparse semantic representation, where only the top-k categories
with the highest probabilities from the initial observation are retained per Gaussian. Speci�cally, for
each GaussianG i , we de�ne the sparse semantic vector as~Pi = (p i 1 ; pi 2 ; :::; pi k ). This compact
form preserves most of the semantic information while signi�cantly reducing storage and computation
costs. As new observations arrive, the probabilities are updated while keeping the original top-k
indices �xed, allowing semantic re�nement over time without restoring the full distribution.

Semantic Rendering. Similar to color and depth, semantic rendering projects 3D Gaussians into
2D and composites their semantic properties at each pixel. To preserve ef�ciency, we render only
using Gaussians within the current view and aggregate their sparse top-k semantic distributions into
a full semantic probability map. Given each Gaussian's sparse vector~Pi , we compute the class-m
probability at pixel p as:

Pm (p) =
nX

i=1

pi;m f i (p)
i�1Y

j=1

(1 � f j (p)) ; (3)

wherepi;m is the probability of classm for GaussianG i , andf i (p) denotes its projected in�uence at
pixel p. This approach enables smooth, class-wise semantic rendering while avoiding the overhead
of fully dense representations, striking a balance between accuracy and memory ef�ciency.
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Semantic Loss. To optimize the semantic 3DGS, we employ a combination of the Hellinger
distance and cosine similarity losses. Predictions from OneFormer serve as the pseudo-ground truth
PGT, while the rendered semantic outputs are treated as predictionsPpred. To �lter out uncertain
supervision, we apply an entropy-based maskM H = I(H(p) < � ) on PGT, whereI(�) is the
indicator function and� is the entropy of a uniform distribution overk categories, i.e.� = log(k) .
The entropy at each pixel is computed as:

H(p) = �
MX

m=1

Pm (p) � log P m (p): (4)

The Hellinger distance encourages the predicted semantic distribution to closely match the pseudo
ground truth while providing smooth and bounded gradients. To further regularize the optimization,
we incorporate the cosine similarity loss, which promotes angular alignment between the predicted and
target distributions. This combination ensures both probabilistic accuracy and structural consistency,
leading to more stable and robust training for semantic 3DGS. The �nal semantic loss is de�ned as:

L seman= M H � (� HDDHD(PGT k Ppred) + � cos (1 � cos(P GT; Ppred))) ; (5)

whereDHD(� k �) denotes the Hellinger distance andcos(�; �) is the cosine similarity. We set� HD = 0:8
and � cos = 0:2 to balance their contributions.

To prevent noisy semantic predictions from affecting the entire 3DGS representation, we restrict
backpropagation of this loss to only the semantic attributes of each Gaussian, leaving geometric and
photometric components untouched.

Keyframe Selection Strategy. Following SplaTAM [51], our Gaussian Mapping backbone opti-
mizes the map using a subset of keyframes instead of all input frames. Every �fth frame is considered
a keyframe candidate, and the map is updated using local keyframes with the highest 3D overlap,
computed by backprojecting depth maps and evaluating visibility within keyframe frustums. This
provides ef�cient multiview supervision but may over�t occluded regions, reducing opacity for valid
Gaussians behind surfaces.

To address this, we introduce a global-local keyframe strategy. In addition to local keyframes, we
select global keyframes based on: (1) low rendering quality, and (2) low semantic entropy and fewer
unknown labels to ensure con�dent supervision. These global keyframes help cover under-observed
and ambiguous regions. In practice, we maintain a 50-50 mix of local and global keyframes to
balance local detail with global coverage.

3.2 Exploration Planning

To enable ef�cient semantic reconstruction, we design an exploration planning module that actively
selects informative viewpoints. Each candidate pose is evaluated using two criteria: geometric
coverage, measured by silhouette completeness, and semantic uncertainty, quanti�ed by entropy.
These criteria approximate information gain [10, 12], which measures the expected reduction in
uncertainty from new observations. While computing true information gain is intractable in high-
dimensional semantic maps [100], our entropy- and coverage-based approximations allow ef�cient
real-time scoring of candidate viewpoints. To keep computation ef�cient, we maintain a dynamic
candidate pool and adopt a coarse-to-�ne sampling strategy that �rst explores broadly, then re�nes
with denser sampling. We now detail the geometric and semantic exploration criteria, the overall
scoring formulation, and the implementation of candidate management.

Geometric Exploration Criterion. We adopt ActiveGAMER's [63] exploration criterion formu-
lation to evaluate the geometric coverage of candidate viewpoints. Given a candidate viewpointv,
we compute its exploration criterionI v

geo based on the rendered silhouetteSv with respect to the
up-to-date Semantic Gaussian Map. The number of missing pixels in the rendered silhouette, denoted
as NSv , quanti�es the exploration criterion for the candidate viewpoint, which is formulated as:

I v
geo = �(log(N Sv )); N Sv =

X

p
I(S v (p) = 0) (6)

where�(�) is the softmax function, which normalizes the scores across all candidate viewpoints, and
I(�) is the indicator function, counting pixels with zero values in the silhouette.
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Figure 2: Qualitative Results for Replica. Our method generates denser and more accurate semantic
maps than SGS-SLAM, with fewer exploration steps. Yellow boxes highlight improved boundaries
and semantic consistency. Black regions denote unknown labels.

Semantic Exploration Criterion. In addition to geometric coverage, we assess semantic uncer-
tainty by rendering the semantic probability map of each candidate viewpoint from the current
Semantic Gaussian Map. To ensure numerical stability, we clip the probabilities to[0:001; 1]and
normalize them to form valid probability distributions. Given a candidate posev, the semantic
exploration score is de�ned as:

I v
seman= �

� X

p
H v (p)

�
; (7)

whereH v (p) is the entropy at pixelp, computed as in Eqn. 4. This encourages selecting views that
reduce semantic uncertainty and improve coverage in ambiguous regions.

Overall Exploration Criterion. To guide ef�cient scene coverage and reduce redundant motion,
we de�ne the overall exploration criterion by combining geometric and semantic objectives with a
motion cost that penalizes distant candidate viewpoints. This encourages the system to prioritize
informative poses that are also close to the current camera location.

Given a candidate camera posev, we �rst compute the exploration criteriaI v
geoandI v

semanas described
above. To encourage travel ef�ciency, we de�ne a motion cost based on theL 2 distance between the
candidate pose locationT v

x and the current camera locationT t
x , denoted aslv = kT v

x � T t
x k2. We

apply a softmax function to the motion cost to normalize the cost across all candidates. The �nal
distance-aware exploration criterion is de�ned as:

I v = (1 � �(l v )) �
�
I v

geo � I v
seman

�
: (8)

This formulation balances information gain and travel ef�ciency, favoring views that improve map
quality while minimizing unnecessary motion.

Exploration Strategy. To ef�ciently evaluate candidate viewpoints, we maintain an Exploration
Map, a voxel-based occupancy grid that tracks free space. Newly observed voxels are identi�ed by
comparing the updated grid to its previous state, and candidate viewpoints are sampled from these
new voxels. Candidate positions are spaced everyv1 units of length, withv2 viewing directions
uniformly distributed using the Fibonacci lattice. Each poseT v is scored using the overall exploration
criterion (Eqn. 8), and low-value candidates (NSi < 0:5% of image pixels) are pruned from the pool.

To balance speed and coverage, we use a coarse-to-�ne strategy: the coarse stage samples on a single
height plane with larger steps (v1 = 1 ) and fewer directions (v2 = 5 ); the �ne stage increases density
with smaller steps (v1 = 0:5), multiple heights, and more directions (v2 = 15), removing redundant
views to maintain exploration ef�ciency and completeness.

4 Experiments and Results

4.1 Experimental Setup

In this paper, we focus on evaluating the semantic segmentation accuracy of the proposed pipeline,
particularly under noisy observation settings, which better re�ect real-world conditions. Deploying
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and evaluating on physical robots is challenging due to the lack of well-annotated data—especially
ground-truth semantic labels- for reliable evaluation. Consequently, prior methods are typically
evaluated in simulation, making photorealistic environments the most practical and fair testbed for
benchmarking. Following the common evaluation protocol, all of the following experiments are
conducted in a simulated environment.

Simulator and Datasets. We use Habitat [101] to generate RGB-D frames and OneFormer [17]
for semantic segmentation. Frames are captured at680 � 1200 resolution with60� vertical and90�

horizontal FOV. The Exploration Map uses a voxel size of 5 cm.

We evaluate on three photorealistic datasets: Replica [102], ReplicaSLAM, and MP3D [103].
Replica includes high-�delity meshes and 101 semantic classes; we use 8 scenes from [44]. Repli-
caSLAM provides prede�ned camera trajectories for the same 8 scenes. MP3D includes 40 semantic
classes; we use 5 scenes for evaluation. Each experiment runs for 2,000 steps on Replica and 5,000
on MP3D, with early termination if the exploration candidate pool is exhausted.

Semantic Model Fine-tuning. To improve semantic prediction accuracy, we collect 500 RGB-
Semantic frames from each scene and �ne-tune OneFormer separately on Replica and MP3D. The
�ne-tuned models are used to generate per-pixel semantic class probability maps, which are then
converted into sparse semantic representations for each 3D Gaussian.

Semantic Evaluation Metrics. We follow SGS-SLAM's [7] evaluation protocol and compute the
Average Mean Intersection over Union (mIoU) by mapping the rendered semantic predictions to
ground-truth categories within each test view. In addition, we evaluate per-pixel semantic classi�cation
using Top-1 and Top-3 Accuracy, and assess the complete category distribution (not limited to the
categories present in a given image) using Mean Average Precision (mAP) and F1-score. Owing to
space constraints, we report only a subset of the results in Table 1; please refer to Section S.2 of the
supplementary material for the full results.

Geometric and Photometric Metrics. We evaluate geometric reconstruction using three metrics:
Accuracy (cm), Completeness (cm), and Completeness ratio (%) with a 5 cm threshold. These are
computed by uniformly sampling 3D points from both the ground-truth mesh and the reconstructed
Gaussian Map. For measuring rendering quality, we use PSNR, SSIM, LPIPS and Depth L1 (D-L1).

Baselines. To the best of our knowledge, this is the �rst work to tackle dense active semantic mapping
with 3D Gaussian Splatting (3DGS); direct, one-to-one baselines are therefore dif�cult to establish.
We evaluate our system against three categories of baselines: (1) semantic SLAM methods based on
NeRF or 3DGS, which primarily target segmentation and rendering quality; (2) a passive semantic
mapping pipeline recon�gured from the strongest representative in (1), to highlight the bene�ts of
our semantic representation and active exploration policy; and (3) geometry-based active mapping
methods, which focus on maximizing 3D reconstruction accuracy.

All experiments were conducted on two NVIDIA RTX A6000 GPUs. Additional implementation
details and extended results are provided in the supplementary material.

4.2 Semantic Segmentation Evaluation

Comparison with NeRF/GS-based Semantic SLAM on ReplicaSLAM. Most existing
NeRF/3DGS-based semantic mapping approaches—such as NIDS-SLAM[86], DNS-SLAM[89],
SNI-SLAM[88], and SGS-SLAM[7]—are formulated as semantic SLAM systems, i.e., they jointly
solve for localization and semantic mapping. We report results from SGS-SLAM [7] only for refer-
ence and completeness since we assume perfect localization. We follow the SGS-SLAM evaluation
protocol, which measures the agreement between rendered semantic masks and ground-truth labels
visible in each view (Table 1yellow ). Our setup differs from prior baselines in three key aspects: (1)
we use pseudo labels generated by OneFormer [17] instead of ground truth; (2) we evaluate on views
not seen during training; and (3) we train with only one-third of the available images. Despite these
constraints, our method achieves performance comparable to fully supervised baselines by effectively
fusing noisy predictions across views into a coherent semantic map.
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