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Abstract

3D Gaussian Splatting (3DGS) enables efficient dense Si-
multaneous Localization and Mapping (SLAM) but typi-
cally produces highly redundant maps, leading to increased
computational and communication costs in resource-
constrained settings. In this work, we propose a unified
importance-driven Gaussian selection framework that ad-
dresses both map redundancy and multi-agent communi-
cation efficiency. We introduce Proximity-Weighted Ac-
cumulation Score (PWAS), a multi-view Gaussian impor-
tance metric that quantifies the structural contribution and
cross-view consistency of each Gaussian primitive. Based
on this metric, we design an importance-aware pruning
strategy that removes redundant Gaussians while preserv-
ing reconstruction accuracy. Furthermore, we extend the
same importance metric to cooperative SLAM and propose
a selective sharing mechanism under limited communica-
tion budgets. Instead of transmitting full maps, agents ex-
change only the most informative Gaussians. Experiments
on Replica and TUM RGB-D demonstrate that our method
significantly reduces map size and communication over-
head while maintaining competitive tracking and rendering
performance, and consistently outperforms random sharing
under identical bandwidth constraints.

1. Introduction

Recent advances in 3D Gaussian Splatting (3DGS) have
significantly improved real-time dense scene representation
and novel view synthesis quality [7]. By modeling scenes
as collections of anisotropic 3D Gaussians with learnable
appearance and opacity, 3DGS achieves high-fidelity ren-
dering with efficient differentiable rasterization. Building
upon this representation, several recent works have inte-
grated Gaussian-based mapping into Simultaneous Local-
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Figure 1. Overview of the proposed importance-guided coopera-
tive Gaussian framework. Each agent performs temporal impor-
tance accumulation and local pruning to obtain a compact rep-
resentation, while importance-guided communication selects and
shares only top-K informative Gaussians across agents.

ization and Mapping (SLAM) systems, enabling dense re-
construction with strong photometric consistency and real-
time performance [6, 11, 21].

Despite these advantages, Gaussian-based SLAM sys-
tems typically suffer from severe redundancy. During in-
cremental mapping, large numbers of Gaussians are con-
tinuously densified to improve local reconstruction quality.
However, many of these Gaussians contribute marginally
to rendering or exhibit unstable geometric behavior across
frames. As a result, maps grow rapidly in size, leading to
increased memory consumption, slower optimization, and
degraded long-term stability. Efficiently identifying and re-
moving redundant Gaussians therefore becomes critical for
scalable 3DGS-based SLAM.

At the same time, cooperative perception and multi-
agent SLAM have emerged as key components in vehicle-



to-everything (V2X) systems and intelligent transportation
scenarios [1, 18, 20]. In such settings, multiple agents col-
laboratively build and refine maps under strict communi-
cation constraints. Transmitting full dense Gaussian maps
between agents is often impractical due to bandwidth limi-
tations. Instead, only a subset of informative map elements
should be shared. However, existing cooperative mapping
approaches typically rely on heuristic selection strategies
or transmit entire submaps without principled redundancy
modeling [3, 8].

In this work, we argue that redundancy reduction and
communication-efficient sharing can be addressed within a
unified framework. We introduce a multi-view Gaussian
importance metric that evaluates each Gaussian according
to its accumulated rendering contribution and cross-frame
geometric stability. This metric provides a principled mea-
sure of both reliability and redundancy.

Based on this importance estimation, we first design
an importance-aware pruning strategy that removes low-
value Gaussians while preserving reconstruction fidelity
and tracking performance. This leads to more compact and
stable maps in single-agent SLAM. Furthermore, we ex-
tend the same metric to a cooperative setting and propose
an importance-aware selective sharing mechanism. Under
limited communication budgets, agents transmit only the
top-ranked Gaussians according to their importance scores,
instead of full maps or randomly selected subsets.

Extensive experiments on Replica [15] and TUM
RGB-D [16] datasets demonstrate that our framework
simultaneously achieves effective map compression and
communication-efficient cooperative mapping. Under iden-
tical bandwidth constraints, importance-based sharing con-
sistently outperforms random selection and enables partial-
observation agents to approach the performance of full-
information baselines.

Our contributions can be summarized as follows:

* We propose a unified multi-view Gaussian importance
metric that captures rendering contribution and geomet-
ric stability.

e We design an importance-aware pruning strategy for
compact and stable 3DGS-based SLAM.

* We extend the importance framework to cooperative map-
ping and introduce a selective sharing mechanism under
communication constraints.

* We validate the effectiveness of our approach in both
single-agent and multi-agent settings.

2. Related Work

Recent advances in dense SLAM have shifted from sparse
point-based representations toward more expressive scene
models. Neural radiance fields (NeRF) [12] demonstrate
high-fidelity view synthesis, but their reliance on volumetric

sampling and deep neural networks limits real-time applica-
bility. To address these limitations, 3D Gaussian Splatting
(3DGS) [7] introduces an efficient differentiable represen-
tation based on anisotropic Gaussian primitives, enabling
real-time photorealistic rendering.

Building upon 3DGS, several recent works have inte-
grated Gaussian representations into SLAM pipelines. Sys-
tems such as GS-SLAM [21] and SplaTAM [6] achieve
real-time dense reconstruction with strong photometric con-
sistency. However, these methods typically accumulate
Gaussian primitives continuously during densification with-
out explicit redundancy control, leading to uncontrolled
map growth and increasing memory consumption. While
approaches such as LSG-SLAM [19] introduce submap-
level consolidation and dynamic variants like D4DGS-
SLAM [17] address scene motion, principled management
of Gaussian redundancy remains largely unexplored.

In parallel, the rendering community has proposed var-
ious strategies for compact 3DGS representations. Meth-
ods such as Scaffold-GS [9] and Taming 3DGS [10] con-
trol densification and optimize representation efficiency,
while MiniSplatting [5], LightGaussian [4], HAC [2], and
C3DGS [13] focus on pruning, clustering, and attribute
compression. Although effective for offline view synthesis,
these approaches do not directly address the online require-
ments of SLAM, where temporal consistency, pose cou-
pling, and incremental updates must be preserved.

Beyond single-agent efficiency, distributed and cooper-
ative SLAM have long been studied in multi-robot sys-
tems [1, 18, 20]. Traditional approaches focus on pose
graph fusion and distributed optimization, typically ex-
changing keyframes or sparse constraints. In contrast, coop-
erative perception in V2X systems explores feature-level or
intermediate representation sharing under bandwidth con-
straints [3, 8]. However, dense Gaussian maps introduce a
new challenge: transmitting the full set of primitives is of-
ten infeasible due to large memory footprint.

Unlike heuristic submap transmission or random selec-
tion strategies, our work introduces a unified importance
metric that simultaneously addresses Gaussian redundancy
and communication-aware selection. By ranking primi-
tives according to multi-view contribution and geometric
stability, we enable both compact single-agent mapping and
bandwidth-efficient multi-agent sharing within a consistent
framework.

3. Method

3.1. 3DGS SLAM

As shown in Fig. 2, we build upon a standard 3DGS SLAM
pipeline and introduce a proximity-weighted accumulation
score (PWAS) to guide both local pruning and inter-agent
communication. The scene is represented by a set of Gaus-
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Figure 2. Framework of the proposed PWAS-guided 3DGS SLAM system. We introduce a proximity-weighted accumulation score
(PWAS) that quantifies long-term structural contribution of each Gaussian primitive. PWAS is computed from multi-view pixel contribu-
tions with distance-aware weighting, and subsequently governs (1) stage-wise local pruning for model compression and (2) importance-
aware inter-agent communication under bandwidth constraints. This unified metric bridges memory efficiency and communication effi-

ciency within a single structure-aware optimization framework.

sian primitives § = {(W;, X, a4, ¢;)}Y |, with y; € R the
Gaussian center, X; the covariance, ¢; the opacity, and c;
the view-dependent appearance coefficients.

Given the current camera pose T; € SE(3) and intrinsics,
projected Gaussians are then sorted by geometric depth z;
and alpha-blended to compute pixel colors (C,) and ren-
dered depths (D),):

N i—1

N i—1
Co=Y ro[[(1-a)), D,=Y za[[(1-0;), (1)
i=1 j=1

=1 =1

where % is the color of the i-th Gaussian and N denotes
depth-ordered Gaussians, z; is the depth of 1; in camera co-
ordinates.

In mapping, we adopt the structure-preserving supervi-
sion [23], where a pseudo-target image If,s is constructed
by combining the rendered image with geometric and struc-
tural guidance derived from depth and edge consistency.
Formally, Ityse = @ (frender, Dgt; VDgt), where ®(-) denotes
a fusion operator that enhances structural boundaries and
suppresses illumination-induced distortions.

Concretely, we define an illumination residual Lijy,, =
||Irender — Ifuse H 1, a depth residual Laepth = HDrender - Dgt”h
and a photometric term Leoior = 0.8 || Frender — Lot || 1 +0.2 (1 —
SSIM (frender, Iat) ), leading to the final mapping loss

Lmap = 0.5 Leolor + Ldepth + @ium Littum, 2

where the illumination weight is adaptively adjusted to

avoid over-dominance:

Lijlum

— (3)
Lcolor +€

T) ,
where € avoids division by zero and 7 limits the weight to
prevent it from dominating the mapping loss.

For tracking, we jointly uses color and depth residu-
als but restricts supervision to reliable high-opacity pixels.
Specifically, we compute adaptive residual weights

Wjjlum = min(

Yim
Lcolor + Yim '

Ydepth

— Y
Ldepth + ’}/depth

Wim = Wdepth =

where ¥im and Ygeprn are residual sensitivity coefficients that
modulate the sensitivity of the respective weights to resid-
ual magnitudes. and optimize camera pose while keeping
Gaussian parameters fixed using

LTracking = 1{0p>0.99} (Wim”CPHl +Wdepth||Dp||1
®)
+lR(10ngiith *logp)2>7

m

where 1{,} is the indicator function, O, denotes rendered
opacity, p is a pre-calibrated ideal color-to-depth weight
ratio, and the log-ratio regularizer prevents the adaptive
weights from drifting to extreme values, improving tracking
stability across scenes with different texture, depth range,
and noise characteristics.



3.2. Proximity-Weighted Accumulation Score

In 3DGS-based SLAM, the number of Gaussians grows
continuously due to densification, which inevitably intro-
duces redundancy. We therefore seek a principled metric to
quantify the long-term utility of each Gaussian across time
and viewpoints. Our key observation is that a structurally
important Gaussian should consistently contribute to ren-
dered observations and receive stable support from geomet-
rically relevant camera views.

Per-frame contribution. For a Gaussian g; observed at
frame ¢, we define its rendering contribution as the accumu-
lated opacity-weighted visibility over all covered pixels:

1'=Y " (1" ). (©)
peiPl@

+/(p) and Ti(t)( p) denote the projected opacity
and transmittance along the viewing ray at pixel p, respec-
tively. The term o7 naturally arises from alpha composit-
ing and reflects the effective radiance contribution of g; to
the rendered image.

where am

Proximity weighting. To avoid over-emphasizing inci-
dental distant observations, we introduce a proximity-based
attenuation factor:

=) -

O4

where ; is the Gaussian center and ¢; is the camera
center at frame t. The parameter o, controls the decay
rate, encouraging contributions from nearby and geometri-
cally stable viewpoints. By accumulating rendering contri-
butions over multiple frames, PWAS reduces the influence
of single-view outliers and ensures that importance reflects
long-term structural consistency rather than instantaneous
visibility.

Temporal accumulation. The final importance score of
Gaussian g; is defined as the normalized multi-view accu-
mulation:

v o0
teF; t

Y o te
teF;

I= ; ®)

where F; denotes the set of frames in which g; is visible.
This formulation ensures that Gaussians consistently con-
tributing to reconstruction across time obtain higher scores,
while transient or weakly observed primitives are naturally
suppressed.
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Figure 3. Visualization of PWAS-guided pruning on the TUM
fr1 sequence. (a) Gaussian center point cloud before pruning.
(b) Gaussian center point cloud after stage-wise PWAS pruning.
(c) PWAS importance distribution before pruning. (d) Importance
distribution after pruning. High-importance regions (yellow) con-
centrate around structurally stable and frequently observed areas,
while low-importance regions (purple) correspond to redundant or
weakly supported primitives.

Compared with heuristic pruning strategies based solely
on opacity or screen-space extent, PWAS explicitly mea-
sures long-term structural relevance, making it suitable as a
unified criterion for both local map compression and inter-
agent Gaussian selection.

3.3. Importance-Guided Local Map Compression

To prevent uncontrolled growth of Gaussian primitives dur-
ing long-term mapping, we adopt a hybrid pruning strat-
egy. Conventional 3DGS-SLAM systems typically rely on
periodic visibility-based pruning to remove inactive Gaus-
sians. Following this practice, we perform lightweight
cyclic pruning every 100 mapping iterations, removing
primitives with persistently low opacity:

Gvis = {gi €§ | o > amin}7 &)

where o; denotes Gaussian opacity and Qy;, is a small vis-
ibility threshold. While effective for eliminating clearly in-
active primitives, such local criteria are inherently myopic
and do not capture long-term structural relevance across
viewpoints.

To address this limitation, we introduce stage-wise
importance-driven compression based on the accumulated
PWAS score [;. Instead of continuously pruning small por-
tions of Gaussians, we perform two global compression
stages positioned at % and % of the total mapping iterations.
At each stage, Gaussians are ranked by their importance
scores, and only the top 30% are retained:

§' =Topsgs ({Ii | 8: € G}). (10)
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Figure 4. Mapping loss evolution under PWAS-guided pruning
(top) and opacity-based pruning (bottom) on Replica Room0. The
highlighted regions correspond to pruning intervals. PWAS prun-
ing maintains a smoother loss profile, whereas opacity-based prun-
ing results in larger fluctuations. This suggests that importance-
aware selection better aligns with structural contribution in the
scene representation.

Because I; aggregates multi-view rendering contribution
over time, this selection favors structurally stable and fre-
quently observed primitives, while aggressively removing
redundant Gaussians that lack sustained geometric support.
Unlike opacity-only heuristics, the PWAS score reflects
view-consistent transmittance interaction and cross-frame
evidence, making it better aligned with structural signifi-
cance. As further illustrated in Fig. 3, the PWAS heatmap
reveals that high-importance Gaussians concentrate around
structurally stable and frequently observed regions, while
low-importance primitives correspond to redundant interior
areas. After pruning, geometric structure is largely pre-
served.

Importantly, importance accumulation is updated incre-
mentally across frames, preventing premature removal of
newly inserted primitives that have not yet accumulated suf-
ficient evidence. As shown in Fig. 4, even under aggres-
sive compression which removes 70% of Gaussians at each
stage, the mapping loss remains stable, indicating that dis-
carded primitives contribute minimally to structural recon-
struction. This demonstrates that PWAS enables principled
large-scale model reduction while preserving mapping con-
sistency and visual fidelity.

3.4. Importance-Aware Communication

While local pruning ensures compact single-agent mapping,
multi-agent systems introduce an additional constraint: lim-
ited communication bandwidth. Transmitting the full Gaus-
sian map between agents is prohibitively expensive, espe-
cially as the scene scale grows. We therefore extend the pro-
posed importance metric to guide communication-efficient

Gaussian exchange.

Communication budget formulation. Assume agent A
maintains a local Gaussian set G4 and intends to share a
subset §4_,p with agent B. Given a communication budget
allowing transmission of only p fraction of primitives, the
selection problem becomes:

Sasp=arg max Y I, (11)
CJ4 gie8
[8]=p|SGal

where I; is the importance score defined in Eq. (8). The
optimal solution corresponds to selecting the top-p % Gaus-
sians ranked by importance.

Offline injection protocol. In practice, we simulate coop-
erative mapping by assuming two agents traverse the same
underlying camera trajectory while observing disjoint sub-
sets of frames. Specifically, the input sequence is parti-
tioned into alternating frames, where agent A receives only
odd-indexed frames and agent B receives only even-indexed
frames. Each agent performs mapping and pruning inde-
pendently using only its assigned observations.

Let G4 and Gp denote the Gaussian sets constructed from
the odd and even frame subsets, respectively. This setup
ensures that each agent has partial but complementary scene
observations, enabling controlled evaluation of importance-
aware Gaussian sharing under consistent motion.

At the communication stage, agent A selects a
bandwidth-constrained subset §4_,p according to the opti-
mization formulation in Eq. (11). The selected Gaussians
are injected into agent B prior to its mapping optimization.
Concretely, we concatenate the transmitted Gaussian pa-
rameters into Gp, including means, covariance representa-
tions, opacity, and appearance coefficients, then reinitialize
the optimizer to ensure that all primitives jointly participate
in subsequent gradient updates.

This design allows the transmitted Gaussians to serve as
structured initialization rather than frozen priors, enabling
agent B to refine both locally observed and remotely in-
jected primitives under its own viewpoint distribution. Be-
cause selection is governed by the accumulated importance
score I;, transmitted Gaussians correspond to primitives
with sustained multi-view contribution and structural sta-
bility.

Notably, the same importance metric governs both lo-
cal map compression and inter-agent communication. This
unifies memory efficiency and bandwidth efficiency under
a single quantitative criterion, positioning PWAS as a gen-
eral resource allocation principle for scalable multi-agent
3DGS-based SLAM.



Table 1. Camera tracking result on Replica(ATE RMSE |[cm])

Method Avg. RO RI R2 Ofo Oft Of2 Of3 Of4
NICESLAM 106 097 131 1.07 088 100 106 1.10 1.13

IJSRE Point SLAM 052 0.61 041 037 038 048 054 069 072
4¢C Vox Fusion  3.00 137 470 147 848 204 258 111 294
apGs  MomoGS 058 044 032 031 044 052 023 017 225
boseq  SPTAM 036 031 040 029 047 027 029 032 055
S Ours 027 024 031 024 037 022 028 0.15 036
Table 2. Camera tracking result on TUM(ATE RMSE [[cm]). *Indicates that only

three sequences are counted in the average

frl/  frl/  fel/ £ fr3
desk desk2 room = Xxyz off
Nerp NICESLAM 1587 426 499 3449 3173 3.7
baseq POINUSLAM 892 434 454 3092 131 348

45¢C Vox Fusion 1131 3.52 600 1953 149 2601

*MonoGS *1.47 1.50 - - 1.44 149
SplaTAM 548 335 654 1113 124 516
Ours 446 053 483 11.3 132 434

Method Avg.

3DGS
based

4. Experiments

4.1. Experimental Setup

Datasets. We evaluate our method on standard RGB-
D benchmarks widely adopted in dense SLAM and 3D
Gaussian Splatting literature.  Specifically, we use se-
quences from the Replica dataset [15] and TUM RGB-
D dataset [16], which provide synchronized color and
depth streams with ground-truth camera trajectories. These
datasets contain indoor scenes with varying texture rich-
ness, illumination conditions, and geometric complexity,
enabling evaluation under diverse scenarios.

Evaluation Metrics. To assess both geometric accuracy
and rendering quality, we report the following metrics: (1)
Absolute Trajectory Error (ATE RMSE) for pose estimation
accuracy, (2) Peak Signal-to-Noise Ratio (PSNR), Struc-
tural Similarity Index (SSIM), and Learned Perceptual Im-
age Patch Similarity (LPIPS) for rendered image fidelity,
(3) the total number of Gaussians as a measure of map com-
pactness.

Implementation Details. Our system is implemented in
PyTorch and built upon a 3DGS-based RGB-D SLAM
pipeline. The proximity bandwidth parameter 6; in PWAS
is fixed 20 across all experiments. For local pruning, we re-
tain 30% Gaussians ranked by the accumulated importance
score. For multi-agent communication, we select the top-
20% Gaussians for sharing. All experiments are conducted
on a single NVIDIA RTX 4090 GPU.

4.2. Overall SLAM Performance

We first evaluate the tracking performance of the overall
SLAM pipeline. Table 1 and Table 2 report camera tracking

accuracy in terms of ATE RMSE (cm) on the Replica and
TUM RGB-D benchmarks.

On the Replica dataset, our method achieves the lowest
average ATE among all 3DGS-based approaches and out-
performs SplaTAM across most sequences. Compared to
MonoGS [11] and SplaTAM [6] , the proposed method re-
duces the average tracking error while maintaining stable
performance across different scene layouts. Importantly,
this improvement is achieved despite aggressive stage-wise
Gaussian compression, indicating that importance-guided
pruning does not degrade geometric consistency.

On the TUM dataset, our approach achieves competitive
performance with respect to both NeRF-based [14, 22, 24]
and 3DGS-based baselines [6, 11]. Although tracking ac-
curacy is not the primary focus of this work, the results
demonstrate that PWAS-guided compression preserves pose
estimation reliability even under significant model reduc-
tion.

Overall, these results confirm that the proposed
importance-driven resource allocation framework maintains
camera tracking accuracy, establishing a solid foundation
for subsequent compression and communication analysis.

4.3. Importance-Guided Map Compression

We evaluate the lightweight capability of PWAS-guided
pruning on both Replica and TUM datasets. Table 3 sum-
marizes the number of Gaussian primitives before and after
pruning.

On Replica, PWAS reduces the primitive count by an av-
erage of 77.4%, with reductions consistently ranging from
64% to over 84% across different scenes. On the real-world
TUM dataset, an average reduction of 63.5% is achieved.
Despite aggressive pruning, tracking accuracy remains sta-
ble, indicating that structurally important Gaussians are pre-
served.

Fig. 5 further visualizes the compression on Replica.
The radar comparison shows a uniform shrinkage of the
Gaussian footprint under PWAS, demonstrating that redun-
dant primitives are selectively removed rather than arbitrar-
ily discarded. Combined with the stable loss behavior ob-
served during pruning, these results confirm that PWAS en-
ables structure-aware model compression instead of heuris-
tic opacity filtering.

4.4. Importance-Guided Communication

We evaluate the proposed PWAS-based transmission strat-
egy under a fixed 20% communication budget and compare
it with random 20% selection as well as independent agent
mapping. Quantitative results are reported in Table 4.

Quantitative comparison. Under the same bandwidth
constraint, PWAS Top-20% selection consistently achieves
lower ATE and LPIPS while improving PSNR and SSIM



Table 3. Gaussian primitive reduction under PWAS-guided prun-
ing on Replica and TUM datasets.

Scene Before (Gaussians) ~ After (Gaussians) Reduction (%)
Replica
room( 5,050,946 1,226,354 75.7
rooml 6,712,262 1,029,088 84.7
room2 5,775,957 1,597,422 723
office0 6,230,915 1,563,085 74.9
officel 5,660,015 1,462,063 74.2
office2 4,547,238 1,086,412 76.1
office3 5,256,856 1,876,223 64.3
office4 5,347,215 148,830 97.2
Average (Replica) 774
TUM
frl desk 2,719,797 982,323 63.9
frl desk2 1,383,576 330,700 76.1
frl room1 4,014,810 998,750 75.1
fr2 xyz 6,343,054 3,249,425 48.8
fr3 off 830,278 385,623 53.6
Average (TUM) 63.5

Table 4. Multi-agent communication results under 20% transmis-
sion budget.

Metric Replica TUM
room0 rooml room2 frlroom frldesk fr3 off
ATE(cm) | 0.23 0.29 0.23 0.35 1.00 4.27
agentA PSNR 1 32.6 33.8 342 17.49 19.80 21.27
s SSIM 1 0.975 0.972 0.974 0.797 0.797 0.871
LPIPS | 0.083 0.084 0.085 0.341 0.290 0.209
ATE(cm) | 0.25 1.62 0.33 0.38 1.18 4.64
acentB PSNR 1 32.6 337 34.0 19.09 20.50 21.36
s SSIM 1 0.976 0.972 0.972 0.795 0.795 0.876
LPIPS | 0.082 0.086 0.085 0.305 0.299 0.211
ATE(cm) | 0.28 1.52 0.33 0.37 1.10 4.55
. PSNR 1 325 33.7 338 19.23 20.66 21.55
Random 20% - gqin 1 0973 0972 0971 | 0810 0810  0.877
LPIPS | 0.085 0.085 0.085 0.291 0.277 0.207
ATE(cm) | 0.24 1.47 0.30 0.37 0.98 4.51
PSNR 1 32.7 339 35.0 19.91 21.01 21.65
PWAS 20% SSIM 1 0.978 0.973 0.978 0.810 0.810 0.890
LPIPS | 0.080 0.083 0.083 0.275 0.272 0.194

across both Replica and TUM datasets. In particular, trajec-
tory error is reduced in all evaluated sequences compared to
random transmission, demonstrating that importance-aware
Gaussian selection better preserves geometry relevant to
pose estimation. The performance gap is more pronounced
in complex scenes such as frl desk and fr3 off, where ran-
dom selection leads to noticeable degradation.

Visual reconstruction quality. Qualitative comparisons
are shown in Fig. 6. Under identical 20% transmission,
PWAS preserves structural continuity and fine details in
high-texture regions, whereas random selection introduces
visible artifacts and incomplete surfaces. The highlighted
areas in TUM and Replica scenes clearly illustrate that
importance-guided transmission maintains geometric con-
sistency despite aggressive compression.

Trajectory stability. Figure. 7 further visualizes the ATE
distribution along trajectories. PWAS Top-20% transmis-

Gaussians number in Replica Dataset without PSAW pruning
room2 —% with pruning

office0 rooml
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Figure 5. Comparison of Gaussian primitive counts on the Replica
dataset. The orange curve represents the baseline without pruning,
while the red curve corresponds to PWAS-guided pruning. Across
all scenes, PWAS consistently reduces the number of Gaussians
by a large margin while maintaining structural coverage.

TUM Dataset

Replica Dataset

Random 20% Selection

PWAS top 20% Selection

Figure 6. Visual reconstruction comparison under identical 20%
transmission budget. PWAS Top-20% selection maintains struc-
tural integrity and detail preservation in challenging regions (green
boxes), while random 20% selection results in noticeable struc-
tural loss and texture distortion.

sion yields lower accumulated drift and smoother error dis-
tribution compared to random selection. This indicates
that transmitting structurally informative Gaussians directly
benefits downstream pose refinement and reduces long-term
drift.

Overall, these results confirm that PWAS serves not only
as a local compression metric but also as an effective band-
width allocation criterion, enabling improved reconstruc-
tion fidelity and trajectory accuracy under strict communi-
cation constraints.

4.5. Ablation Study

The proposed PWAS score serves two roles in our
framework: (i) importance-guided local pruning and (ii)
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Figure 7. Trajectory error visualization under 20% communication
budget. Color encodes ATE magnitude. PWAS Top-20% selection
(left) produces lower accumulated drift and improved trajectory
consistency compared to Random 20% selection (right).

bandwidth-aware inter-agent transmission. While the com-
munication experiments in Table 4 already demonstrate
that PWAS-based selection outperforms random transmis-
sion under identical bandwidth constraints, those results are
evaluated within our full system pipeline. To isolate the
contribution of the pruning criterion itself, we conduct a
controlled ablation study.

Pruning transfer to SplaTAM. We integrate PWAS-
based pruning into the original SplaTAM pipeline with-
out modifying any other components, including tracking
loss, densification strategy, keyframe policy, and periodic
cleanup. The only change is replacing the default visibility-
based pruning rule with our stepwise PWAS pruning sched-
ule.

As shown in Table 5, introducing PWAS pruning sig-
nificantly reduces the number of Gaussian primitives while
maintaining comparable tracking accuracy. The ATE re-
mains stable, indicating that aggressive compression does
not degrade pose estimation quality.

This experiment confirms that the effectiveness of PWAS
does not rely on our specific system design. Instead, it func-
tions as a general importance metric that can be seamlessly
incorporated into existing 3DGS-based SLAM frameworks.

Combined with the communication experiments, which
already compare PWAS against random selection under
identical transmission ratios, the ablation results demon-
strate that PWAS consistently improves both memory effi-
ciency and information efficiency through a unified impor-
tance formulation.

5. Conclusion

This work addresses the problem of principled Gaussian re-
dundancy management in 3D Gaussian Splatting SLAM un-

Table 5. Ablation on pruning strategy (Replica dataset).

Method ATE | (cm)  Gaussians |
SplaTAM (original pruning) 0.36 6.71M
SplaTAM + PWAS pruning 0.35 1.58M

der both memory and communication constraints. While
recent 3DGS-based SLAM systems have improved recon-
struction fidelity and scalability, efficient selection of infor-
mative Gaussian primitives remains insufficiently studied.

We introduced PWAS, an importance-aware formulation
that unifies local model compression and multi-agent com-
munication through multi-view accumulated rendering con-
tribution and proximity-aware weighting. Instead of relying
on opacity heuristics or submap-level transmission, PWAS
provides a continuous and structurally grounded criterion
for Gaussian selection.

Extensive experiments on Replica and TUM demon-
strate that PWAS significantly reduces the number of Gaus-
sian primitives while maintaining tracking accuracy and
rendering quality. Under strict bandwidth constraints,
importance-guided transmission consistently outperforms
random selection in both visual fidelity and trajectory sta-
bility. Furthermore, transferring PWAS pruning to the orig-
inal SplaTAM pipeline confirms its generality and system-
independence.

Overall, PWAS establishes a unified importance metric
for resource-efficient 3DGS SLAM, bridging model com-
pression and communication through a single quantitative
principle.

Limitations and Future Work. PWAS relies on accu-
mulated rendering statistics, which assume sufficient multi-
view coverage to stabilize importance estimation. In highly
dynamic or extremely sparse observation settings, impor-
tance estimation may become less reliable. Future work
will explore adaptive importance updating mechanisms,
dynamic-scene-aware importance modeling, and fully de-
centralized multi-agent scheduling strategies.
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