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Abstract

Although Gaussian scene representation has achieved re-
markable success in tracking and mapping, most existing
methods are confined to single-agent systems. Current multi-
agent solutions typically rely on centralized architectures,
which struggle to account for communication bandwidth
constraints. Furthermore, the inherent depth ambiguity of
3D Gaussian splatting poses notable challenges in main-
taining geometric consistency. To address these challenges,
we introduce CoMA-SLAM, the first distributed multi-agent
Gaussian SLAM framework. By leveraging 2D Gaussian
surfels and robust initialization strategy, CoMA-SLAM en-
hances tracking accuracy and geometry consistency. It effi-
ciently manages communication bandwidth while dynami-
cally scaling with the number of agents. Through the inte-
gration of intra- and inter-loop closure, distributed keyframe
optimization and submap centric update, our framework en-
sures global consistency and robustly alignment. Synthetic
and real-world experiments demonstrate that CoOMA-SLAM
outperforms state-of-the-art methods in pose accuracy, ren-
dering fidelity, and geometric consistency while maintain-
ing competitive efficiency across distributed multi-agent sys-
tems. Notably, by avoiding data transmission to a central-
ized server, our method reduces communication bandwidth
by 99.8% compared to centralized approaches.

Code — https://github.com/npu-chenlin/CoMA-SLAM

1 Introduction

Visual Simultaneous Localization and Mapping (SLAM)
provides agents like robots and autonomous vehicles with
the ability to perceive and navigate their surroundings. Re-
cent advances have pushed SLAM towards denser represen-
tations capable of Novel View Synthesis (NVS) (Matsuki
et al. 2024; Keetha et al. 2024), opening up applications
in AR/VR, digital twins, and immersive telepresence. How-
ever, the pursuit of high-fidelity NVS introduces trade-offs:
while neural implicit representations (Mildenhall et al. 2020;
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Zhu et al. 2022) enable realistic view synthesis, their com-
putationally intensive optimization hinders real-time perfor-
mance; meanwhile, though 3D Gaussian Splatting (3DGS)
(Kerbl et al. 2023)-based methods (Keetha et al. 2024; Mat-
suki et al. 2024; Chen et al. 2025) improve rendering speed,
they often struggle with geometric distortions and inconsis-
tencies under novel viewpoints.

These limitations are amplified in multi-agent scenarios.
While distributing the mapping task across multiple agents
promises faster environment coverage (Tian et al. 2022) and
collaborative localization, maintaining global consistency
and merging maps accurately remain significant hurdles.
CP-SLAM (Hu et al. 2023) utilizes neural representations,
inheriting their drawbacks: slow speed, poor rendering of
real-world data, and limited scalability. MAGiC-SLAM (Yu-
gay, Gevers, and Oswald 2024) is a Gaussian-based multi-
agent system, but it is centralized and suffers from geomet-
ric distortions and inconsistencies. Moreover, both methods
face significant communication and hardware limitations:
centralized systems require high-bandwidth communication
and rely on powerful servers, limiting scalability and flexi-
bility in multi-agent deployments.

To address these intertwined challenges, we propose
CoMA-SLAM, a fully distributed multi-agent Gaussian
SLAM that combines the geometric strengths of 2D Gaus-
sian Surfels (Huang et al. 2024a) with a robust multi-agent
framework featuring global consistency mechanisms (see
Fig. 1). Our key insight is that improving the geometric
accuracy and view consistency within each agent’s local
SLAM process is fundamental to achieving accurate multi-
agent tracking and high-fidelity global map reconstruction.
By unifying distributed optimization, efficient geometry rep-
resentation, and adaptive memory management, CoMA-
SLAM sets a new benchmark for collaborative mapping.

* The first distributed multi-agent Gaussian SLAM system
is proposed, achieving geometric accuracy, tracking ro-
bustness, and minimal communication overhead.

* A novel 2D Gaussian Surfels-based Tracking and Map-
ping framework is proposed. It introduces an adaptive
growth strategy and a surface-fitting initialization, ensur-
ing high-precision tracking and high-fidelity novel view
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Figure 1: CoMA-SLAM is the first distributed multi-agent Gaussian SLAM system. Our system takes RGB-D input streams
from multiple simultaneously operating agents, estimates their trajectories and reconstructs a 2D Surfel map that enables novel
view synthesis. We present the high-fidelity 2D Surfel map of a real-world environment alongside multiple agent trajectories
within it. Our method effectively utilizes information from multiple agents to achieve millimeters-level tracking accuracy. Our
method allows for realistic rendering of color and depth, significantly improving the state-of-the-art method. Unlike previous
methods, COMA-SLAM is flexible in the number of agents it can handle.

synthesis with reduced memory footprint.

e A Distributed Pose Graph Optimization (DPGO)
framework enabling online global consistency through
relative-to-global optimization, achieving efficient pose
optimization.

* Demonstrated state-of-the-art performance in tracking
accuracy, rendering quality, and geometric fidelity on
challenging multi-agent datasets compared to existing
single- and multi-agent methods.

2 Related Work
2.1 Gaussian SLAM

3DGS (Kerbl et al. 2023) provides an explicit representa-
tion enabling high-fidelity rendering and faster optimiza-
tion, which has inspired several 3DGS-based SLAM sys-
tems (Keetha et al. 2024; Matsuki et al. 2024; Yan et al.
2024; Peng et al. 2024; Huang et al. 2024b). Tracking is per-
formed by differentiating the rendering process w.r.t. camera
pose. However, despite their computational efficiency, such
methods often struggle with geometric consistency, leading
to tracking drift and rendering artifacts—particularly under
significant viewpoint changes. To address this, 2D Gaussian
Surfels (Huang et al. 2024a) improve geometry in single-
agent settings, while concurrent work like LoopSplat (Zhu
et al. 2024) extends 3DGS SLAM with loop closure. These
advancements highlight the growing need to enhance geo-
metric fidelity in Gaussian-based representations, especially
for multi-agent systems. In addition to 2DGS (Huang et al.
2024a), methods like GOF (Yu, Sattler, and Geiger 2024)
and RaDe-GS (Zhang et al. 2024) further tackle multiview
consistency through Gaussian flattening. Our work bridges
this gap by integrating the geometric strengths of 2D Gaus-
sian Surfels with novel rendering techniques into a multi-
agent framework, enabling robust loop closure.
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2.2 Multi-Agent SLAM

Multi-agent SLAM systems can be centralized (Schmuck
and Chli 2019; Lajoie and Beltrame 2023; Yugay, Gevers,
and Oswald 2024) or distributed (Tian et al. 2022; Lajoie
et al. 2020). Centralized systems typically aggregate data on
a server for global optimization, offering potentially higher
accuracy, while distributed systems offer robustness to com-
munication constraints. Most existing multi-agent systems
like CCM-SLAM (Schmuck and Chli 2019) and SWARM-
SLAM (Lajoie and Beltrame 2023) focus on sparse mapping
and do not support NVS. CP-SLAM (Hu et al. 2023) was the
first NVS-capable multi-agent system but suffers from the
limitations of its underlying neural representation and scal-
ability issues, as discussed earlier. MAGiC-SLAM (Yugay,
Gevers, and Oswald 2024) adopted a centralized 3D Gaus-
sian design with loop closure, but its architecture limits scal-
ability in practical multi-robot scenarios. Additionally its 3D
geometric consistency degrades under viewpoint changes,
causing depth artifacts that hurt tracking accuracy. Building
on this direction, we present a fully distributed collaboration
framework, leveraging the geometrically accurate 2D Gaus-
sian Surfels and our proposed rendering and mapping tech-
niques to achieve higher tracking robustness, improved re-
construction fidelity, and scalable multi-agent coordination.

3 Method

We introduce CoMA-SLAM, the first distributed multi-
agent Gaussian SLAM system. It leverages 2D Gaussian
Surfel for scene representation (Sec. 3.1), enhancing render-
ing accuracy through precise ray intersection. As shown in
Fig. 2, our system ingests RGB-D streams and camera in-
trinsics {I;, Dy, K;}2Y_,, producing globally consistent tra-
jectories and a high-fidelity Gaussian map {traj,, G:} ;.
Each agent performs tracking and mapping independently
and the Gaussian Surfel is carefully initialized and added
(Sec. 3.2). The necessary information are periodically trans-
mitted to other agents and the intra-inter loop closure con-
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Figure 2: CoMA-SLAM Overview. It is the first distributed multi-agent collaborative Gaussian SLAM system. It leverages
Gaussian Surfel as the scene representation, and each agent performs individual tracking and mapping with intra-loop closure.
When communication is available, it performs inter loop closure and distributed PGO, and exchanges the image feature and
compressed depth information to achieve global consistency. After the PGO, the map is updated by Submap Centric Update.

straint is thoroughly checked to enhance overall localization
accuracy (Sec. 3.3). We detail the communication frame-
work and depth compression mechanism in Sec. 3.4.

3.1 Gaussian Scene Representation

The map is represented by 2D Gaussian Surfels G and a set
of cameras /C. Unlike 3D Gaussians, these primitives lie on
tangent planes to the scene surface, offering better surface
modeling and geometric accuracy (Huang et al. 2024a). The
surfel G; is defined by a center p1; € R3, a geometry covari-
ance 3; = R;S; € R3*3 the third dimension of S; is 0, an
opacity o0;, and a color ¢;. The camera KC; is defined by an
intrinsic matrix K; € R3*3 and a pose T; € SE(3).

G = {gz . (Eiauiaoivci)‘i = 1a e 7”}7
K ={K; : (K;,Tj)lj=1,---,m}

ey
(@)

Given a ray r and a surfel G; on the scene, the intersection
point is denoted as p; and the light absorption is denoted as
a; = 0;G;(p;). The rendering process sequentially blends
the surfels along the ray. This results in the rendered color
C, depth D, and accumulated opacity A:

n

(C,D,A) = (ci,di, )os T2} (1 — o))

i=1

3)

We use the accumulated opacity to normalize the adjusted
depth, resulting in the expected depth D, = %. It mitigates
the underestimation issue caused by small opacity, which is
common in the initial stages of mapping. D is used to repre-

sent D, in the following for simplicity.

3.2 Gaussian Surfel Tracking and Mapping

Frame-to-Frame and Frame-to-Model Tracking. Given
a colored point cloud P; lifted from a RGB-D frame I;,
we perform Frame-to-Frame and Frame-to-Model track-
ing. Frame-to-Frame tracking involves iterative multi-scale
dense registration, which includes minimizing geometric
and photometric errors. This provides an initial guess for the
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relative pose T;_1; € SE(3). Detailed information can be
found in (Park, Zhou, and Koltun 2017).

The initial pose 731 is further refined by Frame-to-
Model optimization, minimizing a rendering loss against the
current submap G°. The depth mask Myepn excludes pix-
els where the absolute depth difference exceeds the thresh-
old Tgepin, as such pixels typically correspond to occlusions
or dynamic objects. The opacity mask Mpaciry €xcludes
pixels with rendered opacity below the threshold Topacity.
thereby preventing unreliable contributions from unmodeled
regions. The tracking loss is formulated as:

arg min Maepn Mopacy | £1(1, 1) + M £1(D, Dy)|, - 4)

Ti—1,t

where (f , f)) denotes the color and depth rendered from the
submap transformed by T;_; ;, and (I;, D;) represents the
observation. Here, £;(-,) is the L1 loss, Ay weights the
depth term, Mgepm and Mopaciry indicate that the loss is only
computed for pixels where both masks are active.

Adaptive Gaussian Growing. Most Gaussian SLAM
methods, such as SplaTAM (2024) and GS-SLAM (2024),
generate Gaussian points at pixels with large depth differ-
ences. This easily leads to non-convergence and memory
overload when rendered depth is inaccurate. We propose an
efficient approach by directly integrating redundancy detec-
tion into the rendering pipeline. During alpha-blending, we
check for existing Gaussian points near the depth D(p). If
none exists, the pixel p is unprojected and added. Addition-
ally, pixels with opacity below Topaciry are also added. This
selective growing strategy ensures only necessary Gaussians
are incorporated into the map, significantly improving ren-
dering efficiency while maintaining geometric accuracy.

D(p) ¢ G® or A(p) < Topacity — add(p) 5)

Surface Fitting Initialization. Existing methods overlook
the importance of orientation when initializing Gaussian
points, which can lead to misaligned surfaces and degraded
depth rendering, ultimately harming tracking accuracy and



efficiency. In contrast, our proposed initialization strategy
explicitly determines the initial scale S and orientation R
from the depth map and the derived local surface normals n.

. D(p) D(p)

S = diag(—=X. ) g 6
Za ( fa: 9 fy 9 )7 ( )
V.D(p) x v, D(p)

— , 7

" = 9.D(p) x v, D)] @

R =(ej,ez,n),e; Ley ln ®)

This ensures that the Gaussian points are properly placed
and oriented to align with the underlying scene, improving
the accuracy of rendered depth and, in turn, tracking preci-
sion. Moreover, by eliminating the need for additional ori-
entation optimization, our approach achieves more efficient
tracking without compromising quality.

Keyframe and Mapping. As the number of Gaussian sur-
fels increases, the rendering efficiency exhibits a decline. To
maintain online performance, we employ a submap strategy
(Keetha et al. 2024) with adaptive keyframe selection. Each
agent maintains a local submap G*® with a maximum size
threshold 6g,,. When the submap size exceeds 6y, the cur-
rent frame is identified as a new keyframe, and the submap
is reset with initial Gaussian points from this frame.

The mapping optimization is performed every Ny = 5
frames to maintain map quality. The surfels within the active
submap are optimized using keyframes within the submap.

»Cmapping = ['c + )\d»cl(ba Dgt)v 9

where L. is the color loss combining £, photometric loss
with the SSIM term from (Kerbl et al. 2023).

3.3 Distributed Loop Closure

Recent methods such as CP-SLAM (2023) and MAGiC-
SLAM (2024) employ a centralized server to manage global
consistency and do not perform loop closure optimization
during each agent’s tracking process. This approach re-
sults in cumulative drift errors. In Fig. 3, we propose Dis-
tributed PGO to address this issue. By decomposing global
PGO into per-agent submaps, we solve pairwise relative
poses between agents, then lift to global poses via pose
graph—avoiding centralized batch optimization. Specifi-
cally, during runtime, each agent not only performs intra-
agent loop closure, but also relies on communication to ex-
change necessary information for inter-agent loop closure.

Intra-Agent Loop Closure. Leveraging the strong gen-
eralization ability of the foundation vision model for place
recognition, we employ DinoV2 (Oquab et al. 2023) as the
feature extractor and FAISS (Douze et al. 2024) for efficient
feature retrieval. The system computes cosine similarity be-
tween the current frame and all historical keyframes in the
database, identifying potential loop closures where the sim-
ilarity exceeds threshold f;,. To ensure robust loop detec-
tion, we apply a multi-stage filtering strategy that includes:
(1) temporal filtering |t; —t;| > Tiin to avoid detecting loops
between temporally adjacent frames; (2) multi-frame veri-
fication checks consistency across frame windows around
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Figure 3: Distributed PGO. The loop is carefully detected
to establish intra- and inter-agent constraints. The relative
phase optimizes transformations between agents, while the
global phase refines global poses of all keyframes using
these transformations as initial guesses. <» and () denote
fixed and free variables during optimization, respectively.

keyframes ¢ and j, accepting loops only if the average simi-
larity across all frame pairs exceeds threshold 6,,,;;. When a
loop is detected between frame 7 and frame j, the constraint
relative pose T;; € SE(3) is estimated. Instead of regis-
tering potentially inconsistent surfels means across agents/-
time, we register the input colored point clouds (F;, P;) as-
sociated with the first frame of each loop-candidate submap.
We use FPFH features with RANSAC for coarse alignment,
followed by geometry and photometric alignment (Park,
Zhou, and Koltun 2017). The intra-loop closure constraint is
optimized by minimizing the sum of squared Mahalanobis
distances of edge errors (Kiimmerle et al. 2011):

min
e} e
¢ij = log(Ty; (T 'Ty)) € se(3), (1n
where £ is the set of all constraints on loop closure and
odometry, T;; is the relative transformation measured, €2;; is
the information matrix and log(-) maps SE(3) to its se(3).
It yields corrected absolute poses T}, for each submap.

e;f';-Qijeij, (10)

Inter-Agent Loop Closure. In runtime, agents auto-
discover through the local network and continuously send
keyframe features to other agents. The depth map is com-
pressed and transferred only when a loop is confirmed.
Similar to intra-agent loop detection, temporal filtering and
multi-frame verification are also applied.

We propose a relative-to-global registration approach for
efficient inter-agent pose estimation. The relative phase fo-
cuses on the transformation between agents s and ¢. The
global phase takes the relative transformation as an initial
guess and estimates the global poses of all keyframes. Given
multiple pairwise relative pose measurements Tff between
the frame ¢ of agent s and the frame j of agent ¢, for agent
s with frame pose T} and agent ¢ with frame pose 77, the

constraint is established through transformation 7%;:

7, =

S

. sS, 2
arg min Z d(T; TZ-A’jtht,Tf) 5
(4,9)€Es ¢

12)

where & ; is the set of loop closure constraints between
agent s and agent ¢, and d(-, -) denotes a distance metric on



CP-SLAM MAGiC-SLAM

Apt-1

Apt-2

SE(3). The optimized Ts*t serves as the unified transforma-
tion between agent s and ¢ in the subsequent global PGO.

After the relative transformations 7%, are estimated in the
relative phase, we construct a global pose graph on each
agent. In this graph, nodes represent submaps, and edges
represent relative transformations: odometry edges 75 ;11
from per-agent tracking, and inter-agent loop closure edges
T, from the relative phase. The global PGO jointly opti-
mizes the global poses of all keyframes by minimizing the
sum of squared Mahalanobis distances of edge errors.

Submap Centric Update. Global PGO typically requires
dense point cloud adjustments for geometric consistency,
which is challenging with differentiable rendering due to
high computational cost. To address this, we propose a
submap centric update mechanism that directly applies pose
corrections to surfels, enabling efficient global refinement.
Specifically, after global optimization, the correction trans-
formation T¢°" = T7*(T;) ! is computed for each submap
i and applied to both camera poses and Gaussian Surfels G*.

T T'Ty,  pl < T ph, B« RS, (13)
where R$°" is the rotational component of 7;°°". This rigid
transformation ensures surfel geometry aligns with the opti-

mized pose while preserving computational efficiency.
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Figure 4: Rendering Comparision on ReplicaMultiagent. CoMA-SLAM achieves comparable rendering quality to the ground
truth, and the depth maps are also very close to the ground truth, indicating good geometric consistency.

3.4 Lightweight Communications

Centralized methods require transmitting raw data to a cen-
tral server, whereas our method only transmits necessary
poses and depth maps, resulting in minimal bandwidth us-
age. To further reduce bandwidth consumption, we also ap-
ply compression to the depth maps.

Depth Compression. It first quantizes the 16-bit depth
image to 12-bit precision. The quantized image is then di-
vided into 8 x 8 blocks, and for each block, the opti-
mal predictor is selected to minimize prediction residuals.
The residuals are processed using zigzag scanning and run-
length compression. All data streams, including residuals,
block predictor indices, and run-length data, are packed
and further compressed using Zstd entropy coding. For a
1200 x 680 depth map, the compressed size is about 100KB,
which is 16x smaller than the original 1.6MB.

4 Experiments
4.1 Experimental Setup

Implementation Details. For tracking optimization, we
set the rotation and translation learning rates to 2e-4 and 2e-
3, respectively. The opacity mask threshold Tpacity i con-
figured to 0.98, while the depth threshold 7yepn is set to
50 times the median depth error. The depth loss weight Ay
is set to 0.01. During mapping, the submap is reset every
Osub = 20 frames to maintain computational efficiency. The
temporal adjacency threshold 7, for loop closure detection



Method Publication ReplicaMultiagent (Ag.1/ Ag.2 / Avg) AriaMultiagent (Ag.1/Ag.2/ Ag.3/ Avg)
Off-0 Apt-0 Apt-1 Room0 Rooml1

CCM-SLAM ICRA’17 9.84/0.76 /5.30 X 2.12/9.31/5.71 X X
Swarm-SLAM RAL24 1.07/1.79/142 1.61/1.98/1.80 4.62/6.50/556 6.11/843/4.82/645 4.29/495/5.12/4.78
CP-SLAM NIPS’23 0.50/0.79/0.65 0.62/128/095 1.11/1.72/142 0.68/539/ - /3.03 5.06/0.68/ - /2.87
MAGiC-SLAM  CVPR’25 0.31/0.24/0.27 0.13/0.21/0.16 0.21/0.30/0.26 0.67/1.13/1.67/1.15 0.96/0.53/0.46/0.65
Ours(w/o LC) - 0.15/0.23/0.19 0.19/0.31/0.25 0.38/043/041 0.69/0.61/0.59/0.63 0.99/0.91/0.58/0.83
Ours - 0.10/0.10/0.10 0.13/0.19/0.16 0.24/0.29/0.27 0.44/0.38/0.32/0.38 0.48/0.39/0.28/0.38

Table 1. Tracking performance evaluation on both AriaMultiagent and ReplicaMultiagent datasets. Results marked with X
indicate invalid outputs, while “-” denotes unsupported configurations in baseline methods. “Ag.1” and “Ag.2” denote the first

and second agents.(ATE RMSE [cm] |)

Method  Metric Off-0 Apt-0 Apt-1 Apt-2 Avg. Method Metric Room0 Rooml Avg.
CP-SLAM PSNR [dB] 1 28.56 26.12 12.16 23.98 22.71 MAGIC-SLAM PSNR [dB] 1 23.45 21.78  22.61
SSIM 0.87 0.79 031 0.81 0.69 SSIM 0.89 0.85 0.87
LPIPS | 029 041 097 039 051 LPIPS | 0.22 0.21 0.22
Depth L1 [cm] | 2.74 19.93 66.77 247 2298 Depth L1 [cm] | 1.33 4.96 3.15
MAGIC- PSNR [dB] 1 39.32 36.96 30.01 30.73 34.26 Ours PSNR [dB] 1 2541 21.80  23.60
SLAM SSIM 1t 0.99 098 095 096 097 SSIM 0.90 0.85 0.88
LPIPS | 0.05 0.09 0.18 0.17 0.12 LPIPS | 0.21 0.20 0.20
Depth L1 [cm] | 041 0.64 3.16 099 130 Depth L1 [cm] | 0.70 4.80 2.8
Ours PSNR [dB] 1 4277 42.28 33.86 34.59 38.38 )
SSIM 1 1.00 099 098 098 0.99 Table 3. Novel view synthesis performance on AriaMultia-
LPIPS | 0.02 0.03 0.08 0.08 0.05 gent dataset. The global map built by merging the maps from

Depth L1 [cm] | 0.22 0.27 093 048 048

Table 2. Training view performance on ReplicaMultiagent.
Our method consistently outperforms all the baselines.

is set to 20 frames. All experiments were conducted on a
workstation equipped with an NVIDIA RTX 4090 GPU, In-
tel Core 19-12900KF CPU.

Datasets. We evaluate our system on two established
multi-agent benchmarks: ReplicaMultiagent (Hu et al. 2023)
and AriaMultiagent (Yugay, Gevers, and Oswald 2024).
ReplicaMultiagent comprises synthetic sequences with four
distinct scenarios (Office-0, Apt-0, Apt-1, Apt-2) featuring
two agents operating in Replica (Straub et al. 2019) environ-
ments. AriaMultiagent is derived from real-world egocen-
tric Aria (Pan et al. 2023) recordings in two indoor environ-
ments, with sequences simulating three concurrent agents.

Evaluation Metrics. Tracking accuracy is quantified by
Root Mean Square Absolute Trajectory Error (ATE RMSE)
(Hu et al. 2023). For rendering quality assessment, we per-
form scene merging followed by 3000 iterations of fine-
tuning, then evaluate using PSNR, SSIM (Wang et al. 2004),
and LPIPS (Zhang et al. 2018) metrics by comparing full-
resolution rendered images against input training views.
Depth accuracy is measured using the L1 error between ren-
dered and ground truth depth maps.

4.2 Tracking Performance

Extensive experiments were conducted on two multi-agent
benchmark datasets. As demonstrated in Table 1, CoMA-
SLAM consistently achieves the lowest tracking errors
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three agents is evaluated by synthesizing novel views.

across nearly all sequences and agents, demonstrating sub-
stantial performance advantages over state-of-the-art multi-
agent SLAM methods. The surfel ray intersection mecha-
nism substantially enhances tracking robustness for each in-
dividual agent. Furthermore, the incorporation of loop clo-
sure optimization effectively reduces trajectory drift, en-
abling millimeter-level positioning accuracy on average.
Notably, while conventional methods such as CCM-SLAM
(Schmuck and Chli 2019) frequently fail in challenging sce-
narios, neural-based approaches (Hu et al. 2023) and 3DGS-
based methods (Yugay, Gevers, and Oswald 2024) exhibit
considerably larger tracking errors compared to our 2D sur-
fel representation approach.

To further substantiate these findings, we provide single-
agent tracking results in the appendix, systematically com-
paring our method against feature-based, neural-based, and
Gaussian-based approaches. These supplementary experi-
ments demonstrate the robustness of our surfel-based rep-
resentation in multi-agent environments.

4.3 Rendering Performance

As shown in Tables 2 and 3, CoMA-SLAM achieves ren-
dering improvements over NeRF-based method CP-SLAM
(Hu et al. 2023) and the previous state-of-the-art Gaussian
method MAGIC-SLAM (Yugay, Gevers, and Oswald 2024),
attaining higher PSNR/SSIM and lower LPIPS/Depth L1
metrics. These results demonstrate the superiority of our
geometrically precise surfel representation, particularly in
Depth L1 metrics where geometric accuracy is critical. As
shown in Fig. 4, while MAGiC-SLAM (Yugay, Gevers, and



Method Map/Fr. Track/Fr. Memory Comm./Fr.
MAGIC-SLAM  0.31s 0.10s 54.6MB 1.7MB
Ours 0.36s 0.16s 474MB  2.2KB

Table 4. Performance comparison of runtime, memory, and
communication data size. The reported memory consump-
tion refers to the scene representation storage size. Commu-
nication indicates the bandwidth required for data exchange.

ATE PSNR Depth L1
Method [eml,  [dB]t [em]}
w/o 2DGS 0.24 42.21 0.31
w/o Surfel Initialization 0.18 41.40 0.37
w/o Loop Closure 0.21* 42.73% 0.23*
Ours (Full) 0.10 42.77 0.22

Table 5. Ablation Study on Key Components. The * indi-
cates the metrics are computed by independently evaluating
the method on each agent and then averaging the results.

Oswald 2024) struggles with real-world data, our method
shows clear qualitative advantages in preserving fine details
and structural fidelity. These benefits arise from our surfel-
based framework that enables accurate sub-map rendering
through explicit surface modeling, loop-closure optimized
pose correction, and an effective map-merging strategy, col-
lectively ensuring superior performance.

Although the Surfel representation inherently faces chal-
lenges in rendering (Huang et al. 2024a), our method
achieves superior quality in both training and novel view
synthesis compared to state-of-the-art methods MAGiC-
SLAM (Yugay, Gevers, and Oswald 2024). This is attributed
to our initialization strategy, which positions Surfel closely
to the object surface, allowing for efficient mapping that can
effectively produce high-quality renderings.

4.4 Runtime, Memory and Bandwidth Analysis

As shown in Table 4, CoMA-SLAM demonstrates compet-
itive runtime performance compared to MAGiC-SLAM on
the ReplicaMultiagent Office-0 dataset. Although our per-
frame mapping speed is marginally slower, we achieve a
15.4% reduction in memory footprint through the adaptive
growth strategy. More importantly, our distributed design re-
quires only 2.2KB per frame on average for inter-agent com-
munication, showcasing superior scalability in multi-agent
scenarios—a critical advantage over centralized approaches
that are constrained by the computational and memory limits
of a single platform. By leveraging local processing, CoOMA-
SLAM seamlessly scales with the number of agents without
relying on a centralized bottleneck.

4.5 Ablation Studies

Ablation studies are conducted to evaluate the contribution
of key components in our system. All experiments are con-
ducted on the ReplicaMultiagent Office-0 dataset.

2D Gaussian Surfels vs 3D Gaussians. We compare our
2D Gaussian Surfel representation against 3D Gaussians in
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Method ATE [em] | PSNR [dB] + Gcf)‘f;:af
w/o Adaptive Growth 0.10 42.60 1.05M
Ours (Full) 0.10 42.77 0.71M

Table 6. Ablation Study on Adaptive Growth. The Gaussian
Count is evaluated after merging the submaps.

Table 5. While maintaining comparable rendering quality,
the 2D representation achieves superior tracking accuracy.
This is because 2D Gaussian Surfel enhances surface mod-
eling and geometric consistency through accurate intersec-
tion computation. Although 2D Gaussian Surfel lacks one
dimension compared to 3D Gaussian, which slightly hurts
the rendering efficiency (Huang et al. 2024a), our method
still achieves comparable rendering quality to 3D Gaussian.

Surface Fitting Initialization. We compare our initializa-
tion strategy with random initialization of the scale and ori-
entation of Gaussian surfels. The results show that random
initialization leads to notably worse tracking and rendering
performance. This is because random initialization produces
degraded rendering quality, which in turn requires more op-
timization iterations to achieve similar results as our method.

Adaptive Gaussian Growth. We evaluate our adaptive
growth strategy against MAGiC-SLAM’s default Gaussian
spawning method in Table 6. Quantitative results demon-
strate our approach maintains superior rendering quality
while reducing Gaussian primitives by 32%. This efficiency
gain compensates for the 2D Surfel’s inherent renderer over-
head, as described in Sec. 4.4.

Loop Closure. Loop closure can reduce tracking drift and
improve overall localization accuracy. Here we only com-
pare the localization accuracy of within single agent, be-
cause without loop closure, we cannot recover the global
consistent pose. As shown in Table 5, the performance drops
by 0.11cm without Loop Closure.

4.6 Limitations and Future Work

Although 2D Gaussian Surfels offer advantages in geomet-
ric consistency, their rendering efficiency lags behind that of
3D Gaussian renderers. This fundamental limitation persists
even after reducing Gaussian primitive counts. Future work
could explore faster convergence methods to improve frame
rate while maintaining robustness and accuracy.

5 Conclusion

We presented CoMA-SLAM, the first distributed multi-
agent Gaussian SLAM system that achieves state-of-the-
art performance by integrating the geometric advantages of
2D Gaussian Surfels into a globally consistent multi-agent
framework. By enhancing the accuracy and robustness of
each agent’s local SLAM process and combining it with ef-
fective loop closure and map merging strategies, our system
delivers superior tracking accuracy, high-fidelity reconstruc-
tions, and realistic novel view synthesis capabilities.
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