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Abstract—Edge intelligence offers a promising solution for
Simultaneous Localization and Mapping (SLAM) in large-scale
scenarios, where multiple robots collaboratively perceive the
environment and upload their local maps to an edge server.
However, maintaining mapping accuracy under constrained and
dynamic communication resources remains a significant challenge
for the practical deployment of robot swarms. Concurrent data
uploads from multiple agents can exacerbate network congestion,
leading to the loss of critical information, delayed updates, and,
ultimately, the inconsistency of the generated maps.

This paper presents Hermes, an edge-assisted collaborative
mapping system designed for communication-constrained envi-
ronments. Hermes streamlines data transfer through bandwidth-
aware map distillation, ensuring only the most crucial messages
are transmitted to the edge server. We quantify the importance
of keyframes and landmarks based on their information entropy
gain in pose estimation. By selectively sharing essential submaps,
Hermes adaptively balances communication bandwidth and in-
formation richness during the mapping process. We implemented
Hermes on heterogeneous platforms and conducted experiments
using public datasets and self-collected campus data. Hermes
exceeds SwarmMap by 50% in bandwidth utilization with similar
accuracy and surpasses COVINS-G by 65% in trajectory error
under highly constrained network resources.

Index Terms—Map Compression, Low Bandwidth, Visual
SLAM, Robot Swarm.

I. INTRODUCTION

HE advent of autonomous systems has significantly fu-

eled interest in Simultaneous Localization and Mapping
(SLAM), a critical robotic technique for constructing or up-
dating a map of an unknown environment while tracking
the agent’s location within it. While traditional visual SLAM
approaches largely focus on single-agent scenarios [1] [2], the
expanding use of multi-robot systems in diverse fields, like
search and rescue in disaster areas, has underscored the need
for Collaborative SLAM (C-SLAM). C-SLAM involves multi-
ple robots synchronizing their observations on a central server,
enhances mapping efficiency, and reduces the uncertainties
caused by individual sensor limitations in extensive scenarios,
such as subterranean search&rescue [3], indoor exploration [4]
[5], and city-scale patrol [6] [7].
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The core functionality of C-SLAM relies on the seamless
coordination of multiple agents, synchronized to achieve real-
time operational precision [8] [9]. Given the substantial com-
putational and synchronization demands on mobile platforms,
offloading tasks to edge servers has become a viable solution
to enhance performance by reducing the computational load
on mobile devices. However, this transition to edge comput-
ing introduces significant challenges, particularly bandwidth
limitations and communication instabilities that worsen as the
number of robotic agents grows [10], [11]. In large-scale
C-SLAM deployments, the bandwidth requirement typically
increases linearly with the number of agents [12]. Additionally,
a higher number of agents increases the likelihood of network
collisions, leading to bandwidth spikes from concurrent data
transfer and increased demands for packet retransmission.

Fig. 1 demonstrates a real-world test that highlights the
linear increase in bandwidth usage and the sudden spikes that
cause instant congestion as the number of agents increases.
Such congestion significantly undermines the accuracy and
reliability of localization efforts, consequently affecting the
completeness of the global map, as illustrated in Fig. 2. Fur-
thermore, environmental dynamics including radio frequency
interference, physical barriers, and agent mobility induce
fluctuations in communication channels and bandwidth [13],
exacerbating these challenges, as shown in Fig. 1. These
fluctuations not only reduce communication bandwidth but
also impair system responsiveness and increase inaccuracies
in mapping and localization, ultimately compromising the
operational integrity of the system. While recent innovations
in C-SLAM, such as SwarmMap [14], EdgeSLAM2 [15] and
CMD-SLAM [16], attempt to address these communication
challenges, they often fail to deliver consistent performance in
large, dynamic environments or require additional hardware,
thereby limiting their practical applicability and effectiveness.

Despite its promising potential, edge-assisted C-SLAM
remains immature, driving researchers’ enthusiasm for con-
tinuous improvement. Current practical implementations fre-
quently encounter communication fluctuations that impede
information transfer, leading to delays and intermittent data
synchronization between agents and the edge. These issues
increase mapping errors and compromise system reliability.

In this paper, we propose Hermes, an edge-assisted C-
SLAM framework designed to enhance data handling in envi-
ronments with variable network conditions. Hermes employs a
sophisticated mechanism that not only efficiently reduces and
sparsifies SLAM data but also dynamically adjusts this spar-
sification based on real-time bandwidth assessments. This ap-
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Fig. 1: Dynamic Bandwidth Demand.

proach ensures efficient utilization of available communication
resources, thereby maximizing real-time system performance.
Specifically, Hermes integrates three key design elements.

First, we enhance visual SLAM with an entropy-based
keyframe (KF) designation method that focuses on scene
complexity, rather than merely on landmark (LM) associations.
By assessing the information entropy of scenes, this approach
more accurately captures environmental changes, enabling
precise and comprehensive mapping in environments with
varying textures (see §IV-A).

Second, we propose a bandwidth-aware map distillation
method that further refines SLAM data processing. This
method uses a theoretically grounded strategy to quantify LMs
based on information gain, retaining sparse yet informative
LMs. It also reduces data volume by sparsifying LMs and
trimming KFs, leveraging a dual-stage mixed integer linear
program (MILP) to effectively address this NP-hard problem.
Moreover, a bandwidth coordinator dynamically adjusts the
sparsification ratio in response to current network conditions,
ensuring optimal data transmission and resources utilization
efficiency (see §I1V-B).

Third, we present a credibility-based submap assessor de-
signed to alleviate communication congestion in C-SLAM.
This tool improves global map accuracy by prioritizing the
transmission of submaps from various agents, based on criteria
such as transmission stability and map connectivity. The server
processes these submaps through a priority queue, ensuring
that the most reliable submaps are integrated first. This method
helps maintain high precision in global mapping throughout
the project’s lifecycle (see §IV-C).

We implemented the Hermes agent-server architecture
across a diverse array of robots and personal computers in
real-world environments (see §V). Our evaluation leveraged
both widely recognized public datasets and proprietary data
gathered from our campus to assess system efficacy. Notably,
Hermes achieves a 65% reduction in trajectory error compared
to the COVINS-G system [17] under similar network con-
straints and improves bandwidth utilization by 50% relative
to SwarmMap [14], while maintaining comparable accuracy
levels. These advancements mark significant progress in the
efficiency and reliability of mobile computing applications in
constrained network conditions (see §VI).

To further demonstrate the effectiveness of Hermes in
practical scenarios, we conducted two case studies on our
campus: an indoor experiment utilizing WiFi Direct and an
outdoor experiment with remote connections.

Fig. 2: Map Distortion and Incompleteness.

Fig. 3: Edge-assisted C-SLAM architecture.

II. BACKGROUND AND RELATED WORK

A. Edge-assisted C-SLAM system

An edge-assisted C-SLAM system can be decoupled into
front-end and back-end, as illustrated in Fig. 7. The front-end
(i.e., agents) are responsible for profiling their surroundings
and transmitting essential information to the edge-server. The
back-end (i.e., the edge-server), on the other hand, forms a
globally consistent map by stitching submaps.

Front-end. By tracking salient feature points across con-
secutive frames, an agent can estimate its position t and
orientation R changes (6 Degrees of Freedom) by Epipolar
Geometry [18] or Perspective-n-Point [19]. This procedure
is defined as Visual Odometry (VO), where each agent runs
tracking and local mapping threads individually to form a
submap in its coordinate. A submap consists of multiple KF,
each containing several LMs. KFs are crucial snapshots within
the map, capturing essential environmental states, while LMs
serve as recognizable reference points within those frames (see
Fig. 6). KFs and LMs in the submap are uploaded to the edge-
server for fine-grained optimization.

Back-end. In edge-assisted C-SLAM [20] [21], the com-
putationally intensive and collaborate-requiring tasks, such
as global optimization and loop closing, will be offloaded
to an edge-server. Loop closing identifies previously visited
locations, introducing extra constraints for Pose Graph Opti-
mization (PGO). This process involves merging all submaps
using the estimated transformations from loop closures.

B. Related Works

Collaborative Visual SLAM. As robots are increasingly
tasked with complex functions, research institutions have
shifted their focus to Multi-Agent Systems (MAS) to achieve
efficient resources sharing and optimization through collab-
oration among multiple robots. Given their affordability and
low energy consumption, cameras have become the predomi-
nant sensors in MAS, facilitating large-scale deployment and
spurring advancements in various Visual-SLAM approaches
as evidenced by studies such as Chang et al. [3], Xu et
al. [22], and Schmuck et al. [23]. Recent studies [24] [25]
integrate multi-robot systems with emerging 3D reconstruc-
tion methods, such as 3D-Gaussian-based scene representa-
tion [26], to deliver higher-quality scene models. However,
these approaches incur significant bandwidth consumption
when transmitting environmental details.
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To address the fundamental tension between environmental
representation completeness and bandwidth-efficient commu-
nication in multi-robot SLAM systems, several approaches
have been proposed. COVINS-G [17] employs a generic front-
end wrapper that effectively reduces data transmission by
decoupling the front-end from the back-end and re-extracting
landmarks (LMs) in keyframes (KFs). However, this method
may compromise environmental representation because LMs
are detached from the original sensor data. As a result, it
becomes challenging for other robots to establish loop closure
constraints effectively in sparse environmental descriptions
when revisiting the area. SwarmMap [14] enhances the scal-
ability of MAS through data and task offloading and map
profiling methods. By transmitting only map modification
operations rather than the entire map data, SwarmMap reduces
the data transfer volume when deployed in fixed regions.
However, when robots are required to explore uncharted
areas, the system experiences frequent “cold starts”, leading to
high bandwidth consumption. Conversely, the recent Swarm-
SLAM framework [4] seeks to reduce the probability of
communication bottlenecks in a single node by employing
a distributed system, while this reduces central reliance, the
absence of a global coordinator in decentralized systems re-
sults in lower mapping accuracy. Despite these improvements,
existing approaches are not tailored for field applications
where bandwidth and connection stability are limited.

Addressing this crucial gap, Hermes sets itself apart by
streamlining data transfers based on current network condi-
tions, thus enabling real-time, bandwidth-aware C-SLAM in
communication-constrained environments.

SLAM Map Compression. Map compression in SLAM in-
volves two key steps: quantifying the significance of LMs and
KFs, and selecting the most essential submaps. A commonly
used criterion to determine the importance of an LM is the
frequency of its observations; LMs observed more frequently
are generally more stable across frames, as discussed by Park
et al. [27] and Zhang et al. [28]. However, this rigid approach
can sometimes lead to the exclusion of critical LMs. To
address this issue, some researchers, such as those behind Rap-
Net [29], have employed deep learning techniques to predict
regional invariance and LM reliability, though this method
incurs significant computational overhead, making it suitable
mainly for long-duration LM evaluations.

Regarding the selection of map components, Carlone et
al. [30] employ a greedy method to identify key features,
demonstrating the submodularity of the LM selection problem.
Building on this concept, AdaptSLAM [31] introduces a map
uncertainty quantification method that prunes redundant KFs
and supports an edge-assisted SLAM system, even under strin-
gent communication and computation constraints. Similarly,
EdgeSLAM?2 [15] optimizes map compression by maintaining
observation consistency, which aids in selectively retaining
informative map points and thus balancing map quality with
compression efficiency. Yu et al. [32] proposed an effective
multi-agent communication scheme utilizing surrogate entropy
minimization and the soft barrier method to reduce message
entropy and enhance cooperation under limited bandwidth.
However, their focus was on specific tasks such as prey or
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Fig. 4: The Hermes Architecture.

treasure-hunting, not on map compression within a mapping
system. FAUMap [33] and Map++ [10] analyze bandwidth
compression methods for crowdsourced map updates from the
perspective of map element selection. However, they are not
suitable for real-time exploratory mapping tasks.

In contrast, Hermes deviates from these existing methodolo-
gies by introducing a theoretically grounded landmark sparsi-
fication approach for real-time map distillation that operates
independently of auxiliary data like IMU or wheel speed
measurements. This method is fully compatible with edge-
assisted paradigms, facilitating efficient information transfer
even in scenarios with unstable communications.

III. HERMES SYSTEM MODELING

Hermes is composed of N individual Agents and an Edge-
Server, as illustrated in Fig. 4. These components are intercon-
nected through a Communication Pipeline, which comprises N
communication sockets—each maintained by an agent—and a
corresponding handler on the Edge-Server side.

Agents. To balance communication bandwidth and map
quality, Hermes captures as much environmental information
as possible at the front end and compresses this data before
transmission. Specifically, each agent runs an independent VO
front-end for the Pose Estimation module and visual SLAM
program to generate KFs. Then, the Keyframe Designation
module (§IV-A) selects representative KFs based on scene
completeness constraints for a coarse compression. Until now,
Hermes still maintains a relatively dense submap and KF
to ensure the completeness of the environment profile. The
filtered KFs and LMs contained within them are subsequently
input to the Map Distillation component for fine sparsifica-
tion, which contains attentional Landmark Sparsification and
KeyFrame Trimming (§IV-B) modules. Here, Hermes can
adaptively adjust the sparsification and trimming ratio of LMs
and KFs based on available bandwidth following the guide of
the Bandwidth Coordinator module.

Communication Pipeline. To address the dynamic commu-
nication channel conditions, Hermes optimizes the communi-
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(a) Previous KF

(b) Quantified by Stability
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Fig. 5: Performance of different LM quantification methods when camera moving from right to left. The LMs on the chair
are newly joined whereas the LMs on the TV are long-existed in the the agent’s view.

cation pipeline on both the agent and server sides. On the agent
side, Hermes maintains a Socket component that contains a
Map Buffer, which mitigates map incompleteness resulting
from communication interruptions, and a Bandwidth Monitor,
which monitors the available bandwidth regularly to set a
bandwidth limit for LM and KF filtering. On the server side,
a Handler (§IV-C) component manages all agents’ submaps,
performing bookkeeping for all agents. On the Credibility As-
sessor, Hermes quantifies the credibility of each submap based
on the transmission stability of its corresponding channel.
Edge Server. The edge server merges all submaps into
a global map. For each received KF, a lightweight scene
descriptor is extracted. The Map Fusion component carries
out place recognition based on descriptor similarity and com-
putes the transformation between newly received KF and the
candidate KFs. Then, on the Map Manager component, each
agent’s submap is merged into the global map by global pose
graph optimization (PGO), where map merging is performed
sequentially in descending order of credibility (§ IV-D).

IV. HERMES METHODS

A. Spatially-complete Keyframe Designation

In traditional visual SLAM systems, KF creation is typically
triggered when the ratio of LMs in the current scene to
those in the previous KF falls below a predefined threshold,
indicating significant changes in the scene. However, this
approach presents challenges when the camera transitions
from low-texture areas, where fewer LMs (e.g., approximately
50) are observable, to high-texture regions that may feature
hundreds of LMs. Under such conditions, although the scene
has changed, the profusion of features in high-texture scenes
makes it relatively simple to find LMs that are above the
ratio threshold, consequently delaying the generation of new
KFs. In texture-variant environments, the significant disparity
in the number of LMs across different scenes challenges the
effectiveness of the LM thresholding method in accurately
representing actual scene changes. To address this, Hermes
employs an entropy-based KF designation method, focusing
on changes in scene complexity rather than solely on LM
association. This approach ensures a more complete and ac-
curate representation of the environment by quantifying scene
information entropy.

KeyFrame Designation. As the camera navigates through
varying environments, the complexity and uncertainty of the
visual information within its field of view shift, resulting
in fluctuations in information entropy. To capture a more
comprehensive representation of scene changes, Hermes har-
nesses these entropy variations to enhance the KF selection
strategy. New KFs are designated based on detected changes
in scene information entropy, providing a richer and more
detailed assessment than mere LM association. Specifically,
a First-In-First-Out (FIFO) queue stores the most recent k
frames. Upon the arrival of a new frame, its image information
entropy is calculated and compared against the average entropy
of all frames in the FIFO queue. If this ratio exceeds the
predefined threshold interval [¢;, ¢1,], it triggers the insertion of
this new KF. Additionally, we observed that scene entropy will
fluctuate when illumination changes. Hence, each incoming
frame is pre-processed by adaptive histogram equalization [34]
to reduce the illumination variation.

B. Bandwidth-aware Map Distillation

After KF designation, the data flow proceeds to the map
distillation component of Hermes, where the submap is further
distilled and sparsified based on available bandwidth. Our
map distillation process consists of two stages: Initially, we
establish a criterion to quantify all LMs and KFs based on
information gain, which informs our attention mechanism.
Subsequently, we conduct an adaptive screening that dynami-
cally adjusts to the available bandwidth.

1) Landmark Quantification with Attention: In visual
SLAM, a single KF contains hundreds of LMs, but not all
LMs hold equal significance. In practice, we observed that the
presence of many redundant LMs does not compromise accu-
racy. They can interfere with the pose estimation process and
consume substantial transmission bandwidth, which motivates
us to streamline the LMs.

Definition 1: (Landmark Stability) For an LM p; observed
by n KFs, its stability score is defined as g5 = n.

LM with high stability indicates its robustness against view
change. Such high-stability LMs provide long-term constraints
across multiple KFs in the pose graph.

Nevertheless, selecting LMs solely based on stability scores
in feature tracking often results in the premature deletion of
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newly observed LMs. Fig. 5a depicts a scene captured by a
moving robot. A red circle highlights a chair that has recently
entered the robot’s field of view, while the television has been
within the field of view for an extended period. Relying solely
on stability would lead to the LMs from the newly visible chair
being rapidly discarded, as shown in Fig. 5b.

To mitigate the inadvertent deletion of fresh LMs, we design
an LM information gain quantification method that prioritizes
“future points”, as shown in Fig. 5c. We incorporate attention
to each scene of the KF, leveraging the defined information
gain to shape the attention mechanism and ensure that those
fresh-yet-significant LMs are retained. By retaining only the
most useful LMs, we reduce the volume of data transmitted,
thereby decreasing bandwidth consumption. Unlike previous
approaches [30], our method does not rely on additional
sensors (e.g., IMU or wheel speed) to provide supplementary
motion information, only leveraging pure visual information
to construct the attention.

Definition 2: (Skew Symmetrix Matrix) For vectors a and
b, define a x b = a’b, where a” is the skew symmetric
matrix built from a. This operator allows the cross product
a x b to be expressed as a linear operation.

Theorem 1: (Landmark Infomation Gain) Considering a

landmark LM, its corresponding projected keypoint in KF
kfr is KPy. P, and py; are vectors from the optical center
of the camera to LM; and K Py;. R and t are the last rotation
matrix and translation vector estimated by VO. The informa-
tion gain ¢, of LM; can be quantified with ¢, = f4c:(Q),
where Q = WT-W and W = [(pi)" - (R- P))" — (pr)"].
faet(*) is the logarithm of the determinate function.
Proof. According to the pinhole camera model, vector P,
is ideally collinear with vector pg; (as shown in Fig. 6).
However, due to noise and pose estimation errors, deviations
occur. This deviation can be formulated as:

P X (R-P+1t) =n 1

where vector ng; ~ N (0,%) denotes the projection error
(noise term). The camera orientation R can be written as
R = exp(¢p™)exp(y"), where ¢ represents the known rotation
state, ¢ is the rotation increment to be optimized. exp(x)
refers to the exponential map from the Lie algebra to the Lie
group, with a property exp(¢"") ~ I when ¢ — 0. (A detailed
discussion on Lie theory can be found in [35]-[37]).

The error function is defined as f(1,t) = pgi X (R-p; +1).
Applying the first-order Taylor expansion, we obtain:
9 . af

ﬂ%w:f@iﬂ7ﬁ~W—w%%a~@—ﬁ @)

For the partial derivative g—j;, we have:

of _ dllp)"(R- P +1)]
o e
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For the partial derivative %, we have:
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Then, we can substitute Eq.(3) and Eq.(4) into Eq.(2),
yielding:

fh,t) = (pr) (R P +t) — (pra) (R P)" ¢ + (prat)" (t — £)

= (p)" - R- P [(p)" - (R- P)" - (pi)"] m
(5)
By substituting Eq.(5) to Eq.(1), we can get:

(pe)" - R- P =[(pe)" - (R- P)" — (pr1)"] {ﬂ + 1. (6)

Eq.(6) can be regarded as a linear system, where the left
side of the equation is the Measurements, [, t]T is the
Status and nyy is the Noise. The matrix W = [(pr)" - (R-
P)" — (piy)”] is the information matrix that indicates how
the status of the system affects the measurement of pose. To
facilitate computing the feature selection problem, we employ
the log-determinant function fg.(*) as a quantification for the
information gain matrix.

Relationship Between Log-Det and Pose Uncertainty.
The determinant det(Q) measures the system’s certainty in
pose estimation. Geometrically, it is inversely proportional
to the volume of the confidence ellipsoid described by the
covariance matrix. Equivalently, it is directly proportional to
the volume of the ellipsoid defined by the information matrix,
which represents the amount of information available for
estimating the pose. A larger determinant indicates a smaller
confidence ellipsoid, meaning lower uncertainty and higher
confidence in the estimated pose [38], [39]. This makes it ideal
for evaluating information gain, as it compactly quantifies a
landmark’s contribution to reducing pose uncertainty.

2) Landmark Sparsification: Intuitively, by quantifying and
resequencing the importance of LMs through attention and
stability, we can minimize data transmission volume by se-
lecting high-value LMs using a greedy approach. However,
this method significantly increases computational complexity
due to the need to compute the gain for all remaining features
at each iteration. The bandwidth-aware LM selection challenge
is akin to the NP-hard knapsack problem, where LMs are
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“items,” their bandwidth costs are “weights,” their contribu-
tions to SLAM are “values,” and the dynamic bandwidth
resources act as the capacity-varying “knapsack.” The objec-
tive is to select feature points that optimize SLAM accuracy
dynamically based on real-time bandwidth.

Definition 3: (Submodularity [40]) A set function f : 2V -
R, defined on the subsets of a finite set V, is called submodular
if every two subsets A and B of V with A C B, and every
element x € V' \ B, satisfies:

flAu{z}) — f(A) = f(BU{z}) — f(B) @)

Submodularity indicates the decreasing trend in the marginal
gain of adding an element to a set. Thus, for a feature set
exhibiting submodularity, it is feasible to replace the entire
set with a subset of features while still providing desirable
information in pose graph optimization.

Lemma 1: (Submodularity of Log-det Function) The set
function fg4.:(Q) defined in Th. 1 is monotone and submodu-
lar.

Proof. To prove that fge:(Q) is submodular, we focus on
proving that forany AC BC N and [ € N\ B:

fLAU{s}) — f(A) = f(BUA{l}) — f(B) ®

where f(S) = logdet(Qg) and Qg is the submatrix of the
information matrix @ corresponding to set S.
First, define the gain of adding a LM [ to set .S:

Af(S, 1) = f(SU{l}) = £(5) ©)
Our goal is to demonstrate that Af(A,l) > Af(B,l). The
log-determinant gain can be expressed as:
det(Qsuqiy)
det(Qg)

Since A C B, we have le = le, meaning that Q;,l —Ql}l
is positive semi-definite. This implies:

Af(s.1) = o ) =tox (1+af@5"a) (o)

4/ Qi'a, > a/ Qs'q (1n
Thus:
log (1+a/Qx'a) >log (1+4/ Q5'a) (12
Hence, we have:
Af(A L) > Af(B,1) (13)

This completes the proof that fz.:(Q) is submodular.

This shows that the information gain from adding a LM
depends on both the new LM and the existing structure of
the information matrix, capturing the combined effect of all

independent information. By calculating information gain and
selecting LMs with the highest gain, C-SLAM system can
maintain the accuracy of pose estimation.

LandMark Selection. We formulate the LM sparsification
task as a mixed integer programming problem, which is
a commonly used paradigm of map sparsification in past
works [28] [41]. Given a LM set {lm;}, along with its
corresponding stability vector g, and information gain vector
q, calculated by Def.1 and Th.1:

min (aq, + Bq,)z +MI" €+ dI" ¢

@, 1,2

st Ar+€>KI;Br+¢>1

(14)

Where o and 3 are the weighting parameters balancing the
importance of LM stability and information gain. Hermes
prioritizes LMs based on their expected contribution, selecting
those with higher information gain. When the camera under-
goes severe rotation (i.e., a significant difference between the
rotation matrices of two keyframes), 3 is set to a higher value
to favor LMs that can be reliably tracked over an extended
period. Conversely, in scenarios where robots frequently inter-
sect, which can be quantified by the number of loop closures,
« is increased to ensure the stability of long-term landmark
associations.  is a binary vector whose i element indicates
whether Im; is selected or not (Im; will be deleted if x; = 1).
A is a binary matrix in which the element A;; denoting
Im; is visible or not in kf;. K is the map compression
factor indicating the maximum number of LMs that can be
observed in each KF. K directly determines the sparsification
level, which should be adjusted based on the current available
bandwidth to achieve bandwidth-aware sparsification. Hence,
it will be regulated by the Bandwidth Coordinator introduced
later. B is a binary matrix in which the element B;; denoting
Im; is projected in grid g; or not. This constraint encourages
the homogeneous distribution of keypoints within the frame,
preventing the pose estimation problem from becoming ill-
conditioned. £ and ¢ are soft constraints to ensure the problem
is solvable.

By introducing an attention mechanism that emphasizes the
predictive effect on the future, Hermes ensures that more LMs
important for future predictions are retained while eliminating
useless LMs, thereby reducing bandwidth consumption.

3) Keyframe Trimming: In §IV-A, we outlined the strategy
for KF Designation, designed to generate KFs uniformly, even
in scenes with varying textures. Recall that to ensure the ac-
curacy of local pose estimation and sufficient LM generation,
we initially created a dense local map, where the KFs remain
overly redundant. Therefore, to optimize bandwidth usage, we
apply a secondary trimming of KFs before their transmission.
This step is crucial as it complements the LM sparsification
strategy implemented in the submap. By trimming the KFs be-
fore transmission, we further reduce bandwidth consumption.
KF trimming is executed alternatively with LM sparsification.

KF trimming is guided by two key principles to ensure effi-
cient data processing and accurate mapping: 1) it is governed
by sparsity, which requires that KFs be either spatially distant
or have significantly different viewing angles to reduce redun-
dancy; 2) it depends on the connectivity of the remaining LMs
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after sparsification, mandating that each KF captures many
high-value LMs to secure reliable inter-frame associations.

KeyFrame Redundancy. We consider the spatial difference
sd between two keyframes, considering both rotation and
translation, is defined as:

trace(RT Ry) — 1

sd = wpg - arccos ( 5

) Fwr- [t~ o] (15)
where Ry, Ry are the rotation matrices of the two KFs, and
t1,to are their corresponding translation vectors. wgr and wr
are weights to normalize rotation and translation differences.
A smaller sd signifies a greater spatial similarity, indicating
that one KF can effectively replace the other.

KeyFrame Trimming. Given a set of KFs {kf;} and an
entropy factor Th., KF trimming task can be formulated as:

mins’y 4 Ae
v (16)
st. Ey+e > The

where s is a vector whose ;' element indicates the spatial
difference of kf;, larger s; indicates that kf; is more rep-
resentative. y is a binary vector whose ;" element indicates
whether k f; is selected or not (k f; will be deleted if y,; = 1).
€ is the soft constraint to ensure the problem is solvable. F
is the observation matrix denoting the index of LMs observed
by kf;. Note that the degree of trimming is determined by
The, which will also be guided by the bandwidth coordinator
introduced later to adapted to the available bandwidth.

We can solve Eq.(16) in the same way as we do with
Eq.(14), where we aim to maximize the distance between KFs
while including as many effective LMs as possible.

4) Bandwidth Coordinator: Up to now, all previous discus-
sions have been focused on addressing the distillation of LMs
and KFs, independent of bandwidth considerations. Unlike the
solidified map sparsification paradigm, where the map size
is pre-defined prior to deployment [42] [28] [27], Hermes
aims to integrate the real-time bandwidth conditions with the
sparsification of LMs and trimming of KFs, allowing agents to
dynamically adjust the granularity of LMs and KFs based on
available bandwidth. This strategy optimizes resource usage
and maximizes accuracy. Specifically, each agent maintains
a bandwidth monitor to sniff real-time bandwidth situations.
Then, it incorporates available bandwidth into the aforemen-
tioned selection and pruning of KFs and LMs.

Assuming an LM occupies M bytes and a KF occupies [V
bytes, the sniffed available bandwidth is B, we can adaptively
adjust the sparsification factor K and Th, in Eq.(14) and
Eq.(16) correspondingly to meet the remaining bandwidth in
wireless communication channel:

-Dry +g(The) - Drp < By - At (17)

Nrus

where Ny /s is the average number of LMs observed by a KF
in an un-distilled submap; g(x) denotes the KF sparsification
ratio with Th.; Dra and Dgp denotes the data size of
original LMs or KFs; B, is the available bandwidth at time .
At is the data transmission interval, in Hermes it is set to 5
seconds, which means the submap is distilled every 5 seconds
and transmitted in the following 5 seconds.

Additionally, solving Eq.(14) and Eq.(16) is NP-Hard be-
cause they are MILP problems, where in the worst case the
computation complexity can be O(2"), n is the number target
variable (i.e., LMs and KFs). However, it is noticeable that
the number of KFs is substantially smaller than the number of
LMs. We address this inequality before each transmission and
prioritize solving the latter problem to simplify the optimiza-
tion process. Following KF trimming, any LM not observed
by any KFs is removed from the local map. Then, LMs are
sparsified to meet the requirements of Eq.(17). We strategically
connect the key parameters of the LM and KF sparsification
optimization problems (K and T'h.) to bandwidth constraints
in Eq.(17). By executing these optimizations alternately, we
tightly couple the sparsification processes for LMs and KFs,
ultimately achieving a global optimum that aligns perfectly
with the available bandwidth. Putting them together is called
bandwidth-aware map distillation (see Fig. 7).

C. Congestion-response Data Transferring

While the previously proposed map distillation method
reduces communication data, communication congestion re-
mains an issue in practical scenarios. Due to low bandwidth
availability in cases of congestion or connection interruption,
even maps that have been extensively compressed may still
fail to be transmitted, leading to discontinuous maps on the
server side. In the C-SLAM paradigm, each agent’s map is
merged through Loop Closing, which computes the relative
transformation based on overlapped areas. However, to maxi-
mize mapping efficiency in robot swarms, we aim to minimize
overlap, making loop closure sparse. Communication conges-
tion during loop closure can cause missed loops, resulting in
map distortion and incompleteness. To address this, Hermes
introduces Submap Assessor on the server side.

Credibility-based Submap Assessor (CSA). As the swarm
scales, latency in processing submap merging requests in-
creases, and communication instability can lead to temporary
data association errors, correctable only with sufficient global
information. To address this, we propose the Credibility-based
Submap Assessor to ensure global map accuracy. Hermes
evaluates submap quality using Transmission Stability (the
product of successful transmission rate and bandwidth used)
and Map Connectivity (average observation times of all LMs
in the submap). Higher values indicate better data association
and submap quality. If loops are detected, the connectivity
score is set to 1, indicating strong connections. In dynamic
bandwidth, submaps with continuity and coherence are priori-
tized for merging. A normalized weighted sum of these criteria
is computed for each incoming submap, and a priority queue
on the edge server determines the merging order.

CSA can be seamlessly integrated on the device side,
allowing agents to locally evaluate the quality of map points
based on predefined criteria. This capability enables Hermes
to transcend the limitations of conventional centralized edge-
assisted frameworks. Agents with enhanced communication
capabilities can serve as relays, facilitating the transmission
of data from other agents. Specifically, when bandwidth is
available, relay agents can accept relay requests from other
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Fig. 8: The Hermes Prototype.

agents. Upon establishing a data transmission link, the relay
agent first creates a map buffer for the requesting agent to store
map data. Subsequently, it evaluates transmission stability and
map connectivity between the two agents to dynamically adjust
the bandwidth allocation strategy. To ensure data integrity, a
minimum bandwidth requirement of 1 Mbps is enforced for
each robot. This flexibility allows Hermes to be deployed in
diverse heterogeneous robotic swarms, including scenarios in-
volving collaborative mapping between heterogeneous robots.
Experimental results are provided in §VII-B.

D. Consistency-oriented Map Merging

1) BookKeeping: Hermes manages all agents through a
bookkeeper. Upon initialization, each agent attempts to con-
nect to the edge server using a pre-stored IP address and port.
Once the back-end receives at least 30 KFs from each agent,
the edge server evaluates the quality of each agent’s submap
and selects the local coordinates of the most stable agent as
the system’s global coordinate.

2) Loop Detection and Map Merging: In traditional C-
SLAM loop closure, geometric verification is conducted after
identifying candidate loop pairs using Bag-of-Words (BoW).
However, this approach can struggle to match ORB features
between the current frame and the candidate KF due to
a sparsified map. We leverage our accurate estimation of
relative poses between adjacent KFs, obtained through the KF
designation and Map Distillation strategy. For a candidate KF,
we select m neighboring KFs and apply the relative transfor-
mations to construct a conceptual multi-camera system. We
take advantage of the 17-point algorithm [43] to determine
the relative motion between two such systems, as in [17].
Furthermore, we employ PCM [44] to eliminate outliers.

We believe the agents are only responsible for local map-
ping and path planning. Hence, once map synchronization is
complete, previous submap components are discarded on the
agents to ensure a low memory footprint.

V. IMPLEMENTATION

We have implemented Hermes using the state-of-the-art
ORB-SLAM3 framework [2], integrated with the Robot Op-

erating System (ROS) [45]'. Fig. 8 illustrates the prototype
system of Hermes. Within this system, the agents are respon-
sible for running tracking and local mapping threads, while
the edge-server handles loop closing and map fusion threads.

Device Side. We deploy the front-end of Hermes on each
agent. The attentional landmark selection is performed in the
local mapping thread, where we take advantage of Gurobi
Optimizer [46] to solve Map Distillation and KeyFrame Trim-
ming problems. The selected KFs and corresponding MPs
are encoded into a binary stream using the Cereal library
and uploaded to the edge-server through a 4G IoT router.
We utilize the “Exactly Once” mode of MQTT protocol
[47] in data transmission. The IP address of the edge server
is pre-stored on each agent’s local machine. We adjust the
sparsification factor by monitoring whether the binary submap
is successfully sent via the MQTT protocol and checking the
bandwidth before sparsification. On low-speed robots, we treat
bandwidth and latency as continuously varying.

Edge Side. When the edge server receives map data from
an agent, it checks if the agent is registered in the bookkeeper.
New agents are assigned a unique robot_id, while previously
registered agents that reconnect after a communication inter-
ruption have their registration restored and are re-localized. If
re-localization fails, the agent is treated as new.

VI. EVALUATION

A. Evaluation Setup

Platform. A laptop featuring an Intel Ultra7-155H CPU,
32GB of RAM, and running Ubuntu 20.04 serves as the edge
server. The agents are deployed across four unmanned ground
vehicles (UGVs) and three micro aerial vehicles (MAVs). The
UGVs are equipped with Nvidia Jetson AGX Orin 32GB (8 x
Cortex A78) and a depth camera (either Intel Realsense D455
or Astra Pro), while the MAVs are outfitted with RockChip
RK3588 (4 x Cortex A76 + 4 x Cortex A55) and a custom-
built stereo camera. Map data are transmitted from the agents
to the server via 4G IoT routers.

Datasets. We adopt both indoor and outdoor SLAM datasets
to test the generalization capability of Hermes: 1) ICL-NUIM
(I_N) [48] is an indoor SLAM dataset for localization and
reconstruction; 2) EuRoC [49] is an indoor SLAM dataset
collected by a MAV; and 3) S3E [50] is a large-scale outdoor
dataset for collaborative SLAM. We reorganized it into KITTI
format [51] for utilization by SwarmMap and stereo mode of
Swarm-SLAM. We also use the ContextCapture software to
construct a 3D model of our campus and import it into the
Gazebo [52] simulation environment, enabling us to deploy a
sufficient number of robots for scalability examination.

Baselines. We compare Hermes against two state-of-the-art
SLAM systems: 1) SwarmMap (NSDI’22) [14] is a framework
that enhances the scalability of C-SLAM services by optimiz-
ing collaborative strategy in edge computing environments. 2)
COVINS-G (ICRA’23) [17] is a generalized back-end for C-
SLAM that can be integrated with any front-end, while also
considering low-bandwidth communication; 3) Swarm-SLAM

'Our code is available at https://github.com/whu-gr/Hermes.git
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(RAL’24) [16] is a low-bandwidth multi-modal decentralized
framework for multi-robot systems.

Metrics. We evaluate the system with mapping error and
communication robustness by the following metrics: 1) Tra-
jectory Error. We use the Absolute Trajectory Error (ATE) to
evaluate the discrepancy between the robot’s trajectory and
the ground truth trajectory, measured in meters. 2) Bandwidth
Usage. 3) Agent Lost Rate. It represents the proportion of time
during which an agent is lost due to either tracking failures or
communication losses, relative to the total operational time of
the agent throughout the mapping process.

Since Swarm-SLAM is a distributed system, we focus on
comparing its ATE and single-node communication bandwidth
consumption (Fig. 9 ~ 12). For collaborative bandwidth
comparison, which involves controlling the central router
bandwidth, we use COVINS-G and SwarmMap as baseline
methods representing edge-assisted approaches. (Fig. 13 ~ 18)

B. Overall Performance

Indoor Scenarios.

We initially evaluated the tracking error and bandwidth
usage of Hermes and three baseline systems using the indoor
dataset (ICL-NUIM), as illustrated in Fig. 9 and Fig. 10. The
results demonstrate that Hermes achieves lower trajectory error
than COVINS-G while maintaining comparable bandwidth
consumption. Additionally, it reduces bandwidth usage by
50% compared to SwarmMap, without compromising accu-
racy. Notably, in sequences such as Lvl where the camera nav-
igates through scenes with varying textures, our enhanced KF
designation method more comprehensively profiles the envi-
ronment. Furthermore, our motion-based attention mechanism
in LM quantification effectively retains “future” LMs, estab-
lishing long-term associations across frames. These cascading
optimizations in LM and KF sparsification enable Hermes to
strike an effective balance between data transfer efficiency and
mapping precision, ensuring both robust tracking and reduced
bandwidth consumption.

Outdoor Scenarios. We then assess the tracking error
and bandwidth utilization using the outdoor S3E dataset,
which presents significant challenges for C-SLAM systems
in large-scale scenarios. Specifically, sparse mapping tends to
reduce scene representation, which causes COVINS-G to fail
in detecting loop closures during the College Sequence, as
depicted in Fig. 11. In contrast, Hermes excels by transferring
precise and concise information that enhances overall scene
perception. While SwarmMap demonstrates lower bandwidth
consumption and reduced ATE in Library sequences—where

College Library Square
Sequence

College Library

Sequence

Square

Fig. 11: ATE in S3E. Fig. 12: Bandwidth in S3E.

three agents navigate the same area, showcasing its efficacy in
repetitive scenarios such as inspection tasks—it struggles in
exploratory mapping tasks in unknown environments. Here,
the communication bandwidth significantly increases due to
the necessity for continuous cold starts and the system’s
inability to eliminate redundant information effectively. In the
College and Square sequences, Hermes requires only about
half the bandwidth of SwarmMap, achieving substantial band-
width efficiency without significantly compromising accuracy,
as demonstrated in Fig. 12. Notably, our edge-assisted system
achieves the same level of bandwidth consumption as the
distributed Swarm-SLAM system on the College and Library
sequences while maintaining the high-precision advantage of
a centralized system. Additionally, the centralized architecture
ensures that global map data can always be accessed on the
edge server, rather than requiring the retrieval of all robots, as
in distributed systems—a crucial advantage in scenarios such
as post-disaster rescue operations.

Impact of Available Bandwidth. As depicted in Fig. 13,
we evaluate these systems under varying bandwidth conditions
in the Square Sequence. Without bandwidth restrictions, all
three methods achieve similar mapping accuracy because they
can fully synchronize information between agents and the
server. However, when the bandwidth is limited to 30 Mbps,
COVINS-G’s accuracy declines first due to its failure to detect
loops between agents and issues arising from out-of-order
data transmissions caused by network congestion. Although
SwarmMap also experiences performance degradation under
these conditions, it retains the ability to merge all submaps.
When the bandwidth is further reduced to 10 Mbps, only
Hermes completes the global map merging. It does experience
a slight reduction in map accuracy, a consequence of the
restricted communication resources limiting the amount of
constraint information available.

C. Ablation Study

Performace of KeyFrame Designation. We evaluate the
impact of the KeyFrame Designation module on SLAM accu-
racy improvement and illustrate how it works in cascade with
the KeyFrame Trimming module to balance mapping accuracy
and data transmission efficiency. Specifically, we compare
Hermes with the KD module (w_KD) against Hermes using
the default keyframe selection method from ORB-SLAM3
(wo_KD), as shown in Fig. 14. Except for the Lv0 sequence,
the integration of entropy-based KF designation consistently
improves accuracy. Notably, in Lvl and Ofl—both featuring
significant texture variations—KeyFrame Designation actively
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creates more keyframes with a uniform distribution, effec-
tively summarizing the environment. For instance, in the Lv1
sequence, adding only 8 additional KFs at critical locations
reduced the mapping error to just 8.3% of its original value.

Performance of LM Quantification. In the Map Dis-
tillation component, we conduct ablation tests to evaluate
different quantification strategies. We test two variants: MD_A
where LMs are quantified by stability using a greedy approach
to select the most frequently observed LMs, and MD_B,
where LMs are quantified by spatial distribution, employing
ANMS [53] to ensure a homogeneous spatial distribution of
keypoints. The proposed LM quantification method incorpo-
rating attention is denoted as MD. We test MD, MD_A and
MD_B in the MHO5 sequence of the EuRoC dataset with var-
ious sparsification ratios, as illustrated in Fig. 15. Under rapid
camera motion, selecting LMs based on stability risks omitting
newly added LMs, leading to a trajectory drift with localization
errors increasing over 150% when LMs are reduced from
300 to 50. Hermes, using the attention-based quantification
method, effectively retrieves these “future” LMs, enhancing
pose estimation smoothness. The effectiveness of MD_B sig-
nificantly diminishes when LMs per KF drop below 50, as it
fails to focus on critical minimal information.

Performance of Bandwidth Coordinator. We assess the
performance of the Bandwidth Coordinator and its guidance on
the LM sparsification and KF trimming modules. Specifically,
we compare bandwidth-aware sparsification (Hermes (w/BC))
with a fixed sparsification ratio (Hermes (w/o BC)), where
K = 100 is set in Eq.(14), on 5 agents. Fig. 16 depicts the
ATE and corresponding LM volume under different bandwidth
levels on the EuRoC dataset. At bandwidths not lower than 30

270
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Fig. 17: Ablation for CSA.
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Fig. 18: Bandwidth consumption and agent
lost rate with swarm scale.

Mbps, Hermes(w/BC) utilizes sufficient bandwidth to avoid
the loss of potential information, achieving a similar ATE
compared to Hermes(w/o BC). As available bandwidth de-
creases, Hermes(w/ BC) dynamically adjusts the sparsification
level, ensuring minimal map transmission requirements. The
degree of LM sparsification, represented by the purple line in
Fig. 16, adjusts instantly as bandwidth decreases. Despite this,
ATE remains low and acceptable for C-SLAM functionality,
a testament to Hermes’ effective compression and pruning
strategies. In comparison, due to the fixed sparsification ratio
strategy, Hermes(w/o BC) quickly encounters communication
bottlenecks, causing escalating latency and eventually hinder-
ing real-time message transmission.

Performance of CSA. We evaluated the effectiveness of
the CSA in ensuring accurate global map merging under
substantial data congestion, using a 15Mbps bandwidth with
three agents in the Square sequence. In such a congested chan-
nel, unpredictable network collisions may result in data loss
from any agents. To more accurately reflect real-time mapping
errors, we employed a normalized ATE (i.e., ATE (m) per
kilometer) to equitably assess the real-time ATE throughout
the mapping. We record ATE and the number of loops every
90 seconds, with the results presented in Fig. 17. At system
startup, all agents synchronously send messages to the server
to ensure a robust initialization. By 90s, Hermes (w/ CSA)
detects more loop closures, establishing an initial accuracy
advantage. Before 360s, the robot trajectories rarely intersect,
causing ATE to increase significantly due to odometry drift.
In the final stage of mapping (360s—450s), the trajectories of
the three robots exhibit substantial overlap, leading to a high
volume of concurrent loop closure requests. Under limited
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bandwidth conditions, Hermes (w/ CSA) prioritizes the more
reliable submaps for global map optimization. As a result, it
utilizes five additional loop constraints compared to Hermes
(w/o CSA) and ultimately achieves a 32.9% reduction in error.

D. Scalability Analysis

We further investigate the scalability of Hermes by incre-
mentally increasing the number of robots within the gazebo-
simulated environment. We measure the average position up-
date latency and bandwidth consumption of the robots, while
the available bandwidth for the edge server is constrained to a
maximum of 50 Mbps. As illustrated in Fig. 18, when the
swarm size is small, all three methods exhibit satisfactory
performance. However, as the number of robots increases, the
likelihood of network congestion rises. Among the three meth-
ods, COVINS-G is the first to experience significant packet
loss, leading to occasional robot disconnections. SwarmMap
demonstrates the ability to prioritize “urgent” robots, ensuring
low latency; however, its bandwidth usage grows linearly
in exploratory scenarios, ultimately resulting in increased
latency. In contrast, Hermes adopts a “yielding” behavior as
the bandwidth limit is approached, dynamically adjusting the
volume of uploaded data to maintain a minimal yet stable level
of information synchronization.

VII. REAL-WORLD CASE STUDIES

We conducted real-world case studies in both indoor and
outdoor scenarios to demonstrate the reliability of Hermes
under unstable and low-bandwidth communication conditions.

A. Indoor Experiment with WiFi Direct

We conduct mapping experiments in an indoor environment
where four agents are directly connected to the edge server
via a local area network. Consequently, the communication
between the agents and the server is unstable and even inter-
mittent due to signal obstruction, attenuation, and diffraction,
which facilitates testing our method’s awareness of fluctuating
bandwidth and tolerance to packet loss.

Fig. 19 shows the collaborative mapping of four agents.
We placed the edge-server in an interaction that connects
two hallways and deployed a 2.4G router serving as a relay
to expand communication coverage. Agents 0 and 1, being
closer to the access point (AP), contributed a higher vol-
ume of map points. Agent 2, as it moved farther from the

—=UGV 0 —UGV 1
——MAV 0 —MAV 1

UGV 2
MAV 2

UGV 3

Downstream Bandwidth of Edge-Server

éleoo -=- Max Bandwidth |

= ==+ Min Bandwidth

£ 1200 LT S o

8 800 W | !

2 Agents

2 400 Initialization Bad Connection

© - - - |

@ 200 400 600 800 1000 1200
Time (s)

Fig. 20: Outdoor collaboration mapping with seven agents.

AP, utilized Hermes’ capability to dynamically adjust the
map’s sparsification ratio in response to available bandwidth,
thereby ensuring continuous mapping. Initially, outside the
communication range, Agent 3 began its operation by storing
map data locally in the Map Buffer. As it approached the
AP and established the connection, the stored historical data
was progressively uploaded to the server. This adaptation
allowed for an increase in both the volume and quality of
transmitted information, thereby maintaining the integrity and
completeness of data synchronization across all agents.

B. Outdoor Experiment with Remote Connection

We conducted mapping experiments on a campus with
a primary emphasis on evaluating the system’s bandwidth
consumption and mapping quality in large-scale environments.
In this setup, UGVs communicate with an edge server via
SD-WAN provided by IoT routers, whereas MAVs, which
are unable to carry IoT routers for remote networking, es-
tablish communication with UGVs through a wireless ad-hoc
network. Consequently, MAVs must transfer mapping data
to UGVs immediately upon establishing a communication
link. Simultaneously, UGVs are required to efficiently allocate
bandwidth between uploading their own mapping data to the
edge server and relaying data from MAVs.

Fig. 20 illustrates the collaborative mapping process of
our heterogeneous swarm. The trajectory spans approximately
3,100 meters, during which Hermes efficiently synchronizes
data from all agents and ultimately selects 1,973 KFs and
51,190 MPs to generate the final map.

The waveform graph below depicts the downlink band-
width utilization of the edge server. As the number of robots
increases, the bandwidth demand on the edge server rises
steadily before eventually stabilizing. Hermes ensures unin-
terrupted mapping by prioritizing the transmission of fewer
but more critical LMs when communication is obstructed
while conveying sufficient information to maintain mapping
accuracy when communication is smooth. Throughout the
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TABLE I: Average runtime of Hermes’ procedures.

Agent-Side | Server-Side
Devices
Tracking LocalBA  Distillation  Uploading ‘ Merging
AGX Orin 24 ms 187 ms 329 ms 196 ms 1218 ms
RK3588 33 ms 225 ms 413 ms 184 ms

mapping process, the average bandwidth utilization is 972
kB/s, with peak bandwidth usage reaching 1,477 kB/s.

CPU usage and running time during field testing are re-
ported in Fig. 21 and Table I. Although map distillation
incurs some computational overhead, it remains suitable for
deployment on low-power devices and is significantly less
time-consuming than the subsequent map merging process.
Furthermore, since map distillation is decoupled from odom-
etry, it only introduces a minor delay to the map upload
process without directly impacting the efficiency of odome-
try. Additionally, as communication operates in a relatively
asynchronous manner, the added computation time results in
a net positive effect, outweighing the overhead caused by
communication congestion.

VIII. CONCLUSION

In this paper, we introduced Hermes, an efficient edge-
assisted C-SLAM framework with bandwidth-aware data com-
pression. We optimized C-SLAM data transmission across
agent, communication socket, and server levels using various
strategies to enhance bandwidth utilization. Our bandwidth-
aware distillation strategy maximizes data accuracy by op-
timally using available bandwidth under dynamic network
conditions. Extensive evaluations on public datasets and real-
world case studies demonstrate Hermes’ effectiveness, reduc-
ing bandwidth usage by up to 50% compared to SOTA C-
SLAM methods while maintaining mapping accuracy.
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