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Abstract— Multi-robot exploration under communication and
mobility constraints requires balancing information gain with
reachability. We present a distributed semantic exploration
framework that combines Dirichlet mapping, budget-constrained
trajectory selection, and Resource-Aware distributed Greedy
(RAG) coordination. Each robot clusters frontiers, computes
terrain- and heading-aware least-cost paths with a single budget-
limited Dijkstra search, and selects feasible paths by marginal
information gain, represented by the expected reduction in
Dirichlet entropy. Each robot’s per-round selection is exact,
the team’s joint per-round information gain is at least half
the centralized optimum, and the bound degrades gracefully
under limited communication. Ten-run gridworld ablations show
improved coverage, semantic mIoU, and map certainty with
lower entropy and traversal cost per unit distance than shortest-
distance frontier selection. Budget-sensitivity experiments show
that an intermediate budget best balances path reach and
receding-horizon execution. In photorealistic full-system simula-
tion against five coordination rules run in their native published
forms, the proposed method attains the highest mean coverage
and semantic accuracy while being the only one that respects
the per-trajectory mobility budget.

I. INTRODUCTION

Multi-robot exploration enables teams to map unknown
environments for applications such as search and rescue,
reconnaissance, and planetary exploration [1]. Robots must
coordinate their actions while balancing information acqui-
sition against resource limitations. Semantic maps require
more communication bandwidth than binary occupancy maps,
which can delay and degrade coordination, so resource-aware
semantic information acquisition is essential (Fig. 1).

We propose a distributed semantic exploration framework
in which each robot maintains a Dirichlet semantic map fused
from source-attributed records exchanged with neighbors.
Frontier regions are clustered into candidate targets, and
a single Dijkstra search over a heading-augmented graph
returns least-cost paths under semantic traversal and heading-
change costs, limited by a per-trajectory mobility budget
that reflects the energy and time limits of SWaP-constrained
ground robots. Robots de-conflict trajectories through the
Resource-Aware distributed Greedy (RAG) protocol [2] using
local marginal information gain, represented by the expected
reduction in Dirichlet entropy.

The contributions of this work are:

1) A mobility-budget-constrained submodular formulation
that maximizes semantic information gain subject to
an exact, edge-additive mobility budget incorporating
terrain-dependent traversal and heading-change costs.
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Fig. 1. Distributed semantic multi-robot exploration in HERCULES. (a)
The outdoor arena, with terrain patches of differing traversability alongside
structures and debris. (b) The 3-D semantic voxel map accumulated online
by the team, colored by inferred class. (c) A Husky ground robot exploring
the arena. (d) A reconstructed aircraft and adjacent terrain patch.

2) RAG-based distributed coordination with approxima-
tion guarantees under limited communication.

3) A complete multi-robot implementation in MATLAB
and high-fidelity ground-robot simulations, evaluated
through ten-run paired gridworld ablations, mobility-
budget sensitivity experiments, and comparisons against
five coordination rules in both matched framework and
native published forms.

II. RELATED WORK

Communication-constrained multi-robot exploration in-
cludes distributed SLAM [3], low-bandwidth planning [4],
and dynamic relay architectures [5]; extreme-environment
deployments further motivate resource-efficient designs [6]—
[8]. Active exploration methods select trajectories using
information-theoretic objectives [9]-[12]. Bayesian multi-
class mapping maintains per-cell categorical distributions and
provides a closed-form semantic mutual-information bound
[13], supporting single-robot semantic exploration [14] and
multi-robot distributed optimization [15]. These methods
do not jointly address terrain-dependent mobility budgets
and limited inter-robot communication. RAG [2] enables
communication-efficient distributed submodular maximiza-
tion with topology-dependent guarantees. We combine a
Dirichlet-categorical semantic grid with terrain-aware mobil-
ity constraints and RAG-based coordination under limited
communication.

ITII. PROPOSED METHOD
A. Semantic Map Representation and Fusion
Following [13], the map M is a 2-D grid where each cell

j carries a semantic probability vector §; = (HJ1 ...,GJK )
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over K classes. Given one-hot semantic measurements and a
Dirichlet prior Dir(cy), the posterior parameters of cell j are

oz?:alg-i-Zk(xi,mj)yf, (1)
ez

where the Gaussian kernel weight k(z;,x;) encodes that
closer observations are more reliable. The map provides the
posterior mean E[0%] = %/, o and the differential
entropy H (Dir(c;)) [16]. The mutual information between
the map and future observations Z over a perceptual field O
is

I(M;Z) = Z [H(Dll‘( pnor)) —Ez [H(Dir(ag(’s‘))” _

jeo
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During planning, future observations are unknown; each robot
therefore evaluates this conditional expected reduction in
entropy given its observations so far.

Each robot stores occupancy and semantic records by
observation source. Let a(*) be source s’s semantic record
stored by robot i, let S; be the available sources, and
let C9) = > Zk 1 (e k (6s) _ ak) be the accumulated
observation count of that record. When neighbors ¢ and r
communicate, they exchange their source-attributed records,
and for each source s robot 7 retains the record with the larger
count, replacing a(*) by a(™*) whenever C("*) > C(5),
Records remain indexed by their original source, and robot @
forms its fused map as

a?,fused,(i) + Z ( k ,(4,8) Olg) ) 3)
SES;
Replacing, rather than summing, alternative versions of the
same source record prevents double counting while allowing
information to propagate through successive encounters. Un-
der limited communication, each robot plans using the most
complete records it has received.

B. Budget-Constrained Problem Formulation

A trajectory a; = (pf,...,p},) is an ordered cell sequence,
and its observation set Z;(a;) is the union of sensor-footprint
cells swept along it. Each cell p has a semantic traversal cost
Csp = >, E[08] Sk, with S > 0 the per-class cost vector
(€.8., Sroad < Sgrass < Smuda). The augmented trajectory cost
adds a heading-change penalty over interior waypoints,

L,—1
cs(a) =D eap +A D (6/7)7, A< minSy, (4)
pEa; (=2

where &} is the turning angle at waypoint ¢. The multi-robot
exploration problem is then

max ]( UZ al) s.t.

a monotone submodular maximization under per-robot budget
constraints; since c; appears only in the constraint, the aug-
mented cost leaves monotonicity and submodularity intact.
Because costs are additive over the fixed least-cost path to
each candidate rather than optimized over orderings, the bud-
get remains a feasibility constraint on individual trajectories
rather than an orienteering [17] objective.

cs(a;) < B Vi, (5)

Algorithm 1 Budget-Constrained Semantic Exploration with

RAG Coordination (robot 7, round t)

Require: fused map M, i(t), pose xgt) , budget B, class costs S, neighborhood
N;

Ensure: committed trajectory a;

1: Extract and cluster frontier cells of M ft) into candidate targets
t)

N

: Run one budget-limited Dijkstra search from mi
au mented graph with costs (4)

3: .A ) least-cost paths with ¢s(a) < B; C <+ 0

4: repeat

5: Compute A(a | w<t) C) for all a € A(t)

6: aj < argmax cA® A(a | 1/J(t> C); gi < A(al)

7

8

9

over the heading-

Exchange g; w1th undecided robots in N;

if g; largest among undecided robots in IN; (ties by index) then
: Commit a} and broadcast to N;

10: else

11: Receive newly committed trajectories into C'
12: end if

13: until robot ¢ has committed
14: Execute a;‘; update via (1); exchange, merge, and fuse records via (3)

C. Distributed Planning with RAG Coordination

At round ¢, robot ¢ clusters frontier cells (unexplored cells
adjacent to known traversable space) into candidate targets.
One budget-limited Dijkstra search over a heading-augmented
graph returns the least-cost path from the robot to every
candidate. Graph nodes are cell-heading pairs, and edge costs
realize (4). Terminating the search at cost B yields exactly
the feasible candidate set flz(-t) ={a:cs(a) < B}.

Because robot ¢ commits exactly one trajectory per round
from the enumerated feasible set, its sub roblem is solved
exactly by af = argmax ac A Ala | w C'), where A is
the conditional expected marginal gain glven observations so
far and the trajectories C' committed by neighbors. The budget
acts as a feasibility filter on ./Zlgt) rather than as a knapsack
over subsets, so each robot’s selection is optimal rather than
approximate. Coordination follows the RAG protocol [2]:
undecided robots exchange their best marginal gains, the robot
whose gain is largest among its undecided neighbors commits
and broadcasts its trajectory, and the rest recompute marginals
on the residual objective, so robots in disjoint neighborhoods
commit concurrently. Algorithm 1 summarizes one planning
round.

D. Approximation Guarantees

Let OPT denote the centralized solution to (5) using all
fused-map information available at round ¢. Conditional inde-
pendence of observations given the map, as in the Dirichlet-
categorical model, makes the objective monotone and sub-
modular [18], [19]. Full derivations are deferred to the journal
version.

Proposition 1 (Exact per-robot subproblem). fll(-t) is finite
and explicitly enumerated by the budget-limited search, and
robot i commits a single trajectory per round. The selection
above therefore attains the maximum of A over AE” : the
subproblem is solved exactly, o = 1.

Theorem 1 (Per-round, multi-robot). With sequential com-
mitment, full information exchange, and an a-approximate



TABLE I
GRIDWORLD RESULTS OVER 10 PAIRED RUNS (MEAN & 95% CI).

Mode Cov. (%) 1 mloU (%) T Entropy | Cost/dist. |

Shortest 799+7.0 683+£83 —6.98+0.21 0.113+£0.004
Geo.+Sem. IG 86.5+2.7 73.6+4.0 —7.37+0.08 0.122+0.004
Sem.+Occ. IG 85.3+6.9 72.9+6.3 —7.27+0.19 0.104 +0.003
Full 94.1+15 825+3.2 —7.85+0.01 0.094 +0.002

marginal solver, the joint solution satisfies f(a) >

12 f(OPT). -

Here f is the per-round objective in (5), the expected se-
mantic information gain of the team’s committed trajectories,
and OPT the best joint assignment under the same budgets.
With exact per-robot selection (o« = 1 by Proposition 1),
the team’s joint per-round information gain is at least % of
f(OPT). The per-robot problem is not a knapsack instance,
since each robot commits one trajectory and infeasible trajec-
tories are removed before selection. Under limited communi-
cation, RAG [2] gives

f(aRAG) > -

= f<OPT>fanijcoinf,i<Ni) . ©

where x is the curvature of f, and coiny; measures sensing
overlap between robot ¢ and robots outside /NV;. The degrada-
tion vanishes when non-neighbor footprints do not overlap,
recovering the fully connected case when coiny; = 0. Map
evidence still propagates transitively through source-attributed
records, so limited communication delays map evidence but
confines coordination to NN;.

IV. EXPERIMENTS
A. Semantic Gridworld Ablation

We evaluate the framework in a semantic gridworld con-
taining six traversable terrain classes (dry soil, grass, dirt,
sand, mud, and gravel) and obstacles. Five robots explore
the initially unknown environment with sensor range r;, =
10 cells, communication range r. = 20 cells, normalized
mobility budget B = 1, and a 5-s receding execution
horizon. We use a symmetric Dirichlet prior g = 1,
Gaussian observation kernel o = 7, terrain-cost vector S =
[0.09,0.12,0.14,0.18,0.22, 0.33], and heading-change weight
A = 0.005. The simulated sensor reports the correct class
with probability 0.7 and distributes the remaining probability
uniformly among the incorrect classes.

We compare four modes: Shortest Distance, nearest-frontier
selection without IG or coordination; Geometric Cost +
Semantic IG; Semantic Cost + Occupancy IG; and Full, which
combines semantic costs and semantic IG. The latter three use
RAG coordination. We conduct 10 paired 300-s runs with
identical seeds, initial positions, and headings across modes.
Coverage is measured over traversable cells, while mIoU and
Dirichlet differential entropy include unexplored traversable
cells. Route cost is the standardized traversal and heading-
change cost divided by total geometric distance.

As shown in Table I, Full improves coverage and mloU
over Shortest Distance by 14.3 and 14.2 percentage points,
respectively, while achieving the lowest entropy and route

Semantic Belief Comparison
Geometric Cost + Semantic IG

Shortest Distance

Fig. 2. Final fused semantic maps for a representative paired run after 300 s.
Colored lines show robot trajectories, black cells are obstacles, and gray cells
are unexplored.

TABLE II
MOBILITY-BUDGET SENSITIVITY OVER 10 RUNS (MEAN + 95% CI).

B Coverage (%) T mloU (%) 1T  Fallback (%) |
0.75 91.3+3.6 80.8 +4.3 100.0
1.00 94.1+ 1.5 82.5+ 3.2 100.0
1.25 95.0 +2.1 85.4+ 2.8 76.0
1.75 93.7+2.0 82.1+3.1 17.5
2.25 89.8 +2.3 78.3+1.9 7.2
2.75 81.5+3.1 68.8+4.0 3.3

cost. These improvements are statistically significant (p <
0.01). Figure 2 shows a representative paired run. Both partial
ablations improve the mean map-quality metrics, although
their coverage and mloU improvements over Shortest Dis-
tance are not statistically significant. The lower route costs of
the terrain-aware modes indicate that semantic traversal costs
direct robots toward easier terrain.

B. Mobility-Budget Sensitivity

We evaluate the full framework over budgets B &
{0.75,1.0,...,2.75} using 10 paired runs per setting. As
shown in Table II, performance is non-monotonic: B =
1.25 achieves the highest mean coverage (95.0%) and mloU
(85.4%). Increasing the budget expands the feasible trajectory
set and reduces the progress-fallback rate from 100% at
B = 0.75 to 3.3% at B = 2.75. However, smaller budgets
frequently require budget-feasible progress waypoints, while
larger budgets produce longer trajectories whose predicted
information gain may not be fully realized before receding-
horizon replanning. These results demonstrate that the budget
actively shapes trajectory selection and that an intermediate
value best balances immediate reachability with achievable
information gain.
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Fig. 3. Fused semantic ground map and robot trajectories after a 600 s run
with four ground robots. Circles mark start poses, squares mark final poses.

C. Full-System Evaluation

We evaluate the complete framework with four Husky
ground robots in HERCULES [20], an open-source, photo-
realistic outdoor simulator. Each robot builds a 3-D semantic
voxel map from depth, segmentation, and pose collected in
lockstep under a single simulation timestamp, derives a 2-
D Dirichlet semantic grid by per-column clearance analysis,
and runs the framework of Section IIIl. A communication
broker enforces the configured topology on every exchanged
source-attributed record, bid, and commitment. Fig. 3 shows
a representative run.

Terrain  classes carry traversal costs S =
[3,1,8,6,25,4.5,7,4] for ground, road, rough, mud,
water, grass, debris, and leaves, with matching speed caps
enforced by a terrain governor so that difficult terrain also
costs mission time. The heading penalty uses A = 0.3 with
turning angles normalized by m, and the Dirichlet prior is
ag = 1 over K = 8 classes. Frontier cells are clustered into
8-connected components; clusters smaller than five cells are
discarded, and each remaining cluster is represented by an
adjacent traversable cell. The per-round budget B = 180 in
native planner cost units is calibrated so that roughly 40% of
frontier candidates are infeasible. A continuous frozen-robot
detector rejects runs in which any robot becomes immobile.

Baselines. Independent selects greedily without coordina-
tion. Voronoi assigns frontiers to their nearest robots. Auction
sequentially assigns the highest-bidding robot-candidate pair.
NBV-3DMR follows [21], scoring information gain exponen-
tially discounted by path length and resolving conflicts in
favor of the lower-cost path. ROAM-overlap follows [15], pe-
nalizing neighboring sensor-footprint overlap until selections
stabilize. We port only the coordination rules because the
complete pipelines would confound coordination with map-
ping and planning. All methods use the shared Dirichlet grid,
with semantic path costs from (4) in the coordination ablation
and geometric path length in the native-form comparison.

Coordination ablation. When all six modes share the
same semantic map, traversal costs, budget-feasible candi-
dates, and objective, their coverage, coverage per meter,

TABLE III
NATIVE-FORM COMPARISON IN HERCULES OVER FIVE 600-S RUNS PER
METHOD (MEAN = 95% CONFIDENCE INTERVAL).

Coverage Budget
Method (10 cells) mloU violation
Semantic-RAG (ours) 149.3 +15.5 0.426 £ 0.037 0
Voronoi 142.6 £ 12.8 0.396 £ 0.046 0.854 + 0.054
NBV-3DMR 131.7£16.9 0.402 £0.020 0.974 + 0.014
Auction 127.1 £14.6 0.404 £0.138 0.969 + 0.006
ROAM-overlap 133.8 £21.2 0.403 £0.162 0.951 £+ 0.034
Independent 130.3 £12.2 0.383+£0.102 0.977 +£0.013

mloU, entropy, and budget-infeasible fractions are statistically
indistinguishable over three 600-s runs: all pairwise 95%
confidence intervals overlap. Coordination provides the only
separable effect. All five coordinated modes reduce same-
target selections to approximately zero per round, compared
with 0.196 for Independent (95% confidence interval 0.093—
0.300). This indicates that the shared framework dominates
aggregate mapping performance, motivating comparison of
the coordination rules in their native published forms.

Native-form comparison. Each baseline is rerun in its
published form: no semantic traversal cost model and, for
all methods other than ours, occupancy-only information gain
and no per-round mobility budget. All methods share the same
mapper, planner, executor, and sensing system. Coverage and
mloU are measured at energy exhaustion, while the baseline
budget-violation rate is the fraction of committed trajectories
exceeding B. As shown in Table III, the proposed method
satisfies the per-trajectory budget by construction, whereas the
baselines exceed it on 85%—98% of committed trajectories. It
also attains the highest mean coverage and mloU, although
the confidence intervals overlap, so these are consistent trends
rather than statistically separated differences.

V. CONCLUSION

We presented a distributed semantic multi-robot explo-
ration framework combining Dirichlet mapping, budget-
constrained trajectory selection, and RAG coordination, with
exact per-robot selection, a 1/2 joint per-round guarantee, and
communication-dependent bounds. Gridworld ablations show
that semantic information gain and semantic traversal costs
contribute complementarily. In full-system simulation, hold-
ing the framework fixed shows that coordination of any kind
eliminates redundant target selection and that the framework
rather than the selection rule dominates task performance at
this sample size, while running the baselines in their native
published forms under a shared mission energy budget leaves
the proposed method with the highest mean coverage and
semantic accuracy and as the only one that satisfies the per-
trajectory mobility budget.

Limitations are the small sample sizes, the absence of
a sensitivity analysis over the terrain cost vector, heading
penalty, and Dirichlet prior, a single sensor accuracy setting,
and validation in simulation only. Future work adds hardware
deployment, evaluation across communication topologies, and
the full metric suite, per-class accuracy, and energy-versus-
coverage analysis reported in the journal version.
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