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Abstract

Multi-agent search-and-rescue requires tight coordination
between heterogeneous robots, yet real-world communica-
tion constraints make sharing full sensory observations im-
practical. We introduce MemoryMesh, a shared spatial mem-
ory for ground-air cooperative search that combines delta-
encoded map sharing with a goal-broadcast coordination
protocol. Each agent maintains a local spatial memory map
of explored regions and broadcasts compact updates encod-
ing newly observed cells together with its current navigation
goal. A confidence-weighted merge resolves conflicts when
agents observe the same region at different times. Coor-
dination emerges from three mechanisms: goal exclusion
zones that penalize frontiers near other agents’ announced
goals, persistent goal pursuit that reduces oscillation, and
role-aware scoring that biases aerial agents toward open
areas and ground agents toward wall-dense regions. In a 2D
grid-world simulator with partial observability, occlusions,
and heterogeneous sensing, we evaluate MemoryMesh and
its ablated variants against five baselines on both 80x80
and 150x 150 environments. On the larger 150 150 maps
with 40 targets, MemoryMesh achieves the highest cover-
age (0.698) among all methods while using only 208 KB
of communication, a 294x reduction relative to full-map
sharing at comparable scale. Goal broadcasting with ex-
clusion (DeltaMapShareGoals) proves to be the strongest
single coordination mechanism, finding all 20 targets on
80x80 maps with only 100 KB bandwidth and near-zero
overlap. Ablations over goal exclusion radius, replanning
interval, and component contributions isolate the effect of
each mechanism. Robustness experiments confirm graceful
degradation under sensor noise (up to 20%), UAV partial
occlusion (up to 70%), and packet loss (up to 40%, with zero
target degradation), and scaling tests from 2 to 4 agents and
60x60 to 120x 120 maps demonstrate consistent behavior.

1. Introduction

Search-and-rescue (SAR) operations demand rapid, thor-
ough coverage of disaster-affected environments. Heteroge-
neous multi-robot teams combining unmanned aerial vehi-
cles (UAVs) and unmanned ground vehicles (UGVs) offer
complementary capabilities: drones provide broad aerial
overviews while ground robots navigate confined spaces and
interact with objects [7, 14]. However, deploying such teams
in real-world scenarios faces a fundamental tension between
coordination quality and communication cost.

Full state sharing, transmitting complete occupancy maps
at every timestep, achieves maximal situational awareness
but requires bandwidth that is often unavailable in disas-
ter environments with degraded infrastructure [12]. At the
opposite extreme, independent exploration avoids communi-
cation entirely but leads to redundant coverage and missed
coordination opportunities. A natural middle ground is delta-
encoded sharing, where agents transmit only newly observed
cells. While this dramatically cuts bandwidth, it provides
no mechanism for coordinating where agents should explore
next, and agents frequently converge on the same frontiers.

We draw inspiration from episodic memory in cognitive
science [19], where agents store structured records of expe-
riences indexed by space and time, and share only relevant
changes together with lightweight coordination signals. This
insight leads to MemoryMesh, a shared spatial memory map
in which each entry represents a grid cell annotated with its
state (free, wall, target, unknown), observation confidence,
timestamp, and observer identity. Unlike pure delta-encoded
approaches, MemoryMesh augments cell updates with a
goal-broadcast coordination protocol: each agent announces
its current navigation goal (a single frontier coordinate), and
receivers use exclusion zones around announced goals to
avoid redundant exploration. This design adds only 8 bytes
per agent per message yet produces measurable reductions
in path overlap and improvements in spatial separation.

MemoryMesh contributes the following:

1. A shared spatial memory map representation with for-
mal write, read, and merge operations and confidence-
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Figure 1. MemoryMesh system architecture. Each agent ob-
serves its local environment and broadcasts compact updates (delta-
encoded cell observations + current navigation goal) to all peers via
peer-to-peer communication. The task allocator reads each agent’s
local spatial memory map and the set of announced goals to assign
frontier targets using role-aware scoring with goal exclusion zones.
Dashed arrows indicate goal assignments; solid arrows indicate
memory updates.

weighted conflict resolution (Sec. 2.2).

2. A goal-broadcast coordination protocol in which each
agent transmits newly observed cells together with its
current navigation goal, enabling exclusion-based coor-
dination at negligible additional bandwidth (Sec. 2.3).
Communication is peer-to-peer: each agent broadcasts
updates to all others without a central server.

3. A role-aware frontier scoring scheme with goal exclu-
sion penalties, persistent goal pursuit, and role-specific
biases that assign aerial and ground agents to frontier
types matching their sensing capabilities (Sec. 2.4).

4. Comprehensive empirical evaluation against seven base-
lines (including delta-encoded and goal-broadcast vari-
ants) on both 80x80 and 150x 150 environments, ab-
lation studies over goal exclusion radius, replanning
interval, and component contributions, and robustness
tests under sensor noise, partial occlusion, packet loss,
and scaling to larger teams and maps (Sec. 3).

2. Method

We consider a search-and-rescue task in a 2D grid envi-
ronment £ € {0, 1}>W with two heterogeneous agents:
an aerial drone aq and a ground robot a,. Hidden targets
T = {t1,...,tx} are scattered throughout the environment.
The goal is to discover all targets as quickly as possible while
minimizing communication cost.

2.1. Agent Models

Each agent a; has position p; € Z?2, a field-of-view (FOV)
function V;(p;, &) returning visible cells, and movement
speed s;.

Aerial agent. The drone has a large square FOV of radius
rq = 8 cells, representing a downward-looking camera. It
can see over walls (aerial perspective) and moves at speed
sq = 2 cells per timestep. Formally, Vy(p) = {(y,z) :
[y = pyl Sraile—ps| <ra}.

Ground agent. The ground robot has a circular FOV of
radius r, = 5 cells with wall occlusion via raycasting. It
moves at speed s, = 1 cell per timestep. Its visibility is
blocked by walls, making it effective for detailed inspection
of rooms but limited in open areas.

2.2. Shared Spatial Memory Map

The core of MemoryMesh is a spatial memory map M =
{N,F} where N is a keyed map from cell coordinates
to metadata records and F is a set of frontier cells. Each
agent maintains its own local copy of M; copies are kept
consistent through the peer-to-peer update protocol described
in Sec. 2.3. There is no central server or shared data store.

Memory entries. Each entry n. € N for cell ¢ = (y, x)
stores:

n. = (cell, state, conf, time, observer) (1

where state € {free,wall,target,unknown}, conf €
[0, 1] is observation confidence, time is the last observation
timestamp, and observer identifies which agent made the
observation.

Write operation. When agent a; observes cells V; at time
t, the write rule for cell ¢ with state s and confidence v is:

(s,v,t,a;) ifcg N
(8377t7a’i) lfW > N[C]’Y
2
N[C]<_ (S,’Y,taai) if’y:N[C].fY’t>N[c}.t (2
N otherwise

This implements confidence-weighted conflict resolu-
tion: higher-confidence observations always win; ties are
broken by recency. This mechanism is exercised whenever
agents observe the same cell with different sensor modalities
or under noisy conditions (see Sec. 3.6).

Read operation. Read(c) = N if ¢ € N, else

unknown.

Frontier detection. A free cell c is a frontier if it has at
least one unknown 4-connected neighbor ¢’:

F={ceN :nc.s=free, 3 €Ny(c), /¢N} ()



2.3. Peer-to-Peer Communication Protocol

MemoryMesh uses a fully decentralized, peer-to-peer com-
munication architecture. Each agent broadcasts updates to all
other agents at every timestep; each receiving agent merges
updates into its own local copy of M. There is no central
server or coordinator.

Rather than transmitting the full memory map, each agent
sends a compact memory update message consisting of
delta-encoded cell observations and its current navigation
goal:

m! = (sender, t, AN}, g!) @

where AN} contains only cells newly observed since the
last broadcast, and g! € Z? is agent a;’s current frontier
goal coordinate. The goal coordinate requires only 8 bytes
yet provides the critical coordination signal: by announcing
where it intends to explore, each agent enables others to
avoid that region through the exclusion mechanism described
in Sec. 2.4.

Message size. Each cell update requires 12 bytes (coordi-
nates + state + confidence), and the goal coordinate requires
8 bytes. The total message size is:

|mi| = |AN}| x 12 + 8 + 16 bytes (5)

where the 16-byte header encodes sender identity and times-
tamp. Because agents transmit only newly observed cells
(delta encoding) plus a single goal coordinate, the per-
step communication overhead is comparable to pure delta-
encoded sharing: approximately 100 KB total over a 200-
step episode on 80x 80 maps, versus 99 KB for DeltaMap-
Share which omits the goal.

Merge operation. Upon receiving update m§ from agent
aj, agent a; applies:

MERGE(Mi,mz) :Yu € A/\/?,WRITE(u.c, w.s, u.y,t, a;)

(6)
followed by frontier re-computation via Eq. (3) and storage
of g/ in a goal registry G = {g} : j # i} accessible to the
task allocator. The confidence-weighted write rule (Eq. (2))
ensures that conflicts between observations from different
agents are resolved deterministically, regardless of message
arrival order.

2.4. Role-Aware Task Allocation with Goal Exclu-
sion

Given the updated spatial memory map and the goal registry
G, each agent selects a frontier goal using a scoring function
that balances information gain, travel distance, separation
from other agents’ goals, role suitability, and goal exclusion.
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Figure 2. Spatial memory map illustration. Known free cells
(light gray), walls (dark gray), unknown cells (medium gray), target
(red), and frontier cells (orange borders). Drone (D, orange square)
and ground robot (G, blue circle) maintain complementary cover-
age. Each agent holds its own local copy of this map, synchronized
via peer-to-peer updates.

For frontier f € F and agent a; at position p;:

score(f,a;) = a-U(f) — B -d(ps, f)

+5-5(£.9) +pilf) — E(G) 7

where:

* U(f) = |{c € B3(f) : ¢ ¢ N}|is the number of un-
known cells within a 3-cell radius (information gain);

* d(pi, f) is the Manhattan distance (travel cost);

« S(f,G) = mingeg d(f, g)/15 is a separation bonus that
encourages agents to select frontiers far from other agents’
announced goals, capped at 1.5;

* pi(f) is arole-specific bonus described below;

* E(f,G) is a goal exclusion penalty described below.

We use a = 2, § = 0.5, § = 5 in all experiments unless

noted otherwise.

Goal exclusion. The exclusion penalty discourages agents
from selecting frontiers that lie within an exclusion radius R
of any other agent’s announced goal:

E(f,G) = max(0, 20- (1 —d(f,9)/R)) (8

geg

where R is the exclusion radius (default R = 8). Frontiers
at distance d > R from all goals receive zero penalty; those
closer receive a penalty that increases linearly up to a maxi-
mum of 20 at d = 0. This soft exclusion zone is the primary
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Figure 3. Cross-agent memory update timeline. Triangles in-
dicate observation events; arrows show compact memory update
transmissions (delta cells + goal coordinate) between the drone (top
lane) and ground robot (bottom lane). Stars mark target discovery
events. Each agent’s local spatial memory map (center band) is
updated continuously via peer-to-peer broadcasts.

coordination mechanism, producing a 25% reduction in path
overlap relative to no exclusion (see Sec. 3.5).

Wall density. We define the wall density around a frontier

fas:
W(f)=1|{c € Bs(f) : n..state = wall}| )

counting the number of wall cells within a 3-cell radius of f.

Role-aware scoring. The role bonus biases each agent
type toward frontiers matching its sensing capabilities:

(f) = {0.3~U(f) %fai:ad (drone) (10)

0.5-W(f) ifa; =ay (ground)

The drone bonus scales with information gain U ( f), biasing
it toward large open frontiers where its wide FOV is most
effective. The ground robot bonus scales with wall density
W (f), biasing it toward room interiors where raycasting pro-
vides detailed inspection. These bonuses are intentionally
mild (pg = 0.3, pg = 0.5) to avoid overriding the informa-

tion gain and exclusion signals; ablations in Sec. 3.5 confirm
that stronger role bonuses can hurt target discovery.

Persistent goal pursuit. To reduce frontier oscillation,
each agent pursues its selected goal for Tieplan timesteps
before re-evaluating. At each replanning step, the agent
re-scores all frontiers using Eq. (7) and selects the highest-
scoring frontier as its new goal. Between replanning steps,
the agent navigates toward its current goal via A* pathfinding.
We use Treplan = 3 by default; Sec. 3.5 shows that replanning
every step (Tieplan = 1) increases overlap by 54% due to
oscillation between competing frontiers.

Stale region re-visitation. If no frontiers remain but the
spatial memory map contains cells not observed for more
than 7y, = 15 timesteps, agents re-visit the closest stale
cell, ensuring robustness to transient observations.

Table 1. Main comparison on 80x80 maps (mean, 5 seeds, 20
targets, 200 steps). Comm. in kilobytes. Best in bold (excl. In-
dependent for comm.). Sep. = mean inter-agent distance; higher
indicates better spatial distribution.

Method Cov. Tgt. Disc.| KBJ| Ovlp.] Sep.?T
Independent 954 19.0 654 0 .036  50.1
RawMapShare 982 19.6 654 20,621 .019 538
DeltaMapShare 982 19.6 654 99 019 538
PeriodicSync 975 194 689 1,924 014 47.6
DeltaPeriodSync 975 194 689 150 .014 47.6
Heur. Frontier 845 17.4 785 2,503 .006 625
DeltaMapShareGoals .986 20.0 62.6 100 .016 594
MemoryMesh 972 192 67.1 101 012 489

3. Experiments

3.1. Simulator and Setup

We use a 2D grid-world SAR simulator with 18% wall den-
sity via cellular automata plus rectangular rooms with door-
ways. We evaluate on two map sizes: an 80x 80 grid with 20
hidden targets over 200 timesteps, and a 150x 150 grid with
40 hidden targets over 300 timesteps. The drone observes
a 17 x 17 square without wall occlusion; the ground robot
observes a radius-5 circle with raycasting. Pathfinding uses
A* with 8-connected movement. All results report means
over 5 random seeds.

3.2. Baselines

We compare MemoryMesh against seven strategies: (1)
Independent: greedy frontier selection, no communica-
tion; (2) RawMapShare: full map broadcast at every step;
(3) DeltaMapShare: only new cells at every step (fairest
comm. comparison); (4) PeriodicSync: full state every 10
steps [4]; (5) DeltaPeriodicSync: delta-encoded periodic
sync; (6) HeuristicFrontier: shared frontiers with left/right
zone assignment; (7) DeltaMapShareGoals: delta-encoded
cells plus goal broadcasting with exclusion, but without
role-aware scoring or persistent goals (an ablated variant
of MemoryMesh that isolates the goal coordination mecha-
nism).

The distinction between DeltaMapShareGoals and Mem-
oryMesh is that the former uses only goal broadcasting with
exclusion on top of delta-encoded sharing, while Memo-
ryMesh additionally applies role-aware scoring (Eq. (10))
and persistent goal pursuit.

3.3. Main Results: 80x80 Maps

Tab. 1 summarizes results on the 80x 80 environment.

DeltaMapShareGoals achieves the best target discovery.
On 8080 maps, the goal-broadcast variant DeltaMapShare-
Goals finds all 20 targets with the fastest mean discovery



Table 2. Main comparison on 150x 150 maps (mean, 5 seeds, 40
targets, 300 steps). Same metrics as Tab. 1. Best in bold.

Method Cov. Tgt. Disc.] KB] Ovlp.] Sep.?T
Independent 625 248 1324 0 .015  100.5
DeltaMapShare .682 27.4 14477 200 .003 105.6

Heur. Frontier 507 18.6 149.7 7,191 .000 150.9
DeltaMapShareGoals .695 254 131.0 205 .000 128.1

698 25.6 136.8 208 .002 1182

MemoryMesh

time (62.6 steps) and the highest coverage (0.986), using
only 100 KB of communication. This demonstrates that
goal broadcasting with exclusion is a powerful coordination
mechanism even without role-aware scoring. MemoryMesh
achieves the lowest path overlap (1.1%) among all methods,
indicating that the combination of role-aware scoring and
persistent goals produces the most spatially separated explo-
ration trajectories. However, this comes at a slight cost to
target discovery speed (67.1 vs. 62.6 steps) and total targets
found (19.2 vs. 20.0), suggesting that the role bonus can
occasionally steer agents away from productive frontiers in
compact environments.

Communication efficiency. Both MemoryMesh (101 KB)
and DeltaMapShareGoals (100 KB) achieve communication
costs within 2% of DeltaMapShare (99 KB), confirming
that goal broadcasting adds negligible overhead (8 bytes
per message). All delta-encoded methods reduce band-
width by >99.5% relative to RawMapShare (20,621 KB).
HeuristicFrontier uses 25x more bandwidth (2,503 KB)
while achieving the worst target discovery (17.4 targets, 78.5
steps).

Separation quality. DeltaMapShareGoals produces the
best inter-agent separation (59.4 cells), a 19% improvement
over Independent (50.1). MemoryMesh achieves moderate
separation (48.9), as the role-aware scoring partially coun-
teracts the separation bonus when the drone is biased toward
specific open-area frontiers.

3.4. Main Results: 150x150 Maps

To test scalability, we evaluate on 150x 150 maps with 40
targets over 300 timesteps (Tab. 2). This harder setting
reveals clearer differences between strategies.

Coverage and coordination scale differently. On the
larger maps, MemoryMesh achieves the highest coverage
(0.698), marginally ahead of DeltaMapShareGoals (0.695).
DeltaMapShare finds the most targets (27.4) but achieves
this through aggressive independent exploration rather than
coordination, as reflected in its higher overlap (0.003 vs.
0.000 for DeltaMapShareGoals) and lower separation (105.6
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Figure 4. Multi-metric summary across all methods on 80x80
maps.
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Figure 5. Coverage over time (mean & 1 std, 5 seeds, 80x80).
All methods except HeuristicFrontier converge to >95% coverage.

vs. 128.1). DeltaMapShareGoals again achieves the fastest
discovery time (131.0 steps) and the best separation (128.1
cells), confirming that goal-based coordination is the dom-
inant factor in exploration efficiency. HeuristicFrontier’s
rigid zone partition fails catastrophically at this scale, cover-
ing only 50.7% of the map and finding fewer than half the
targets.

Communication remains efficient. On the larger maps,
all delta-encoded methods use 200-208 KB, scaling linearly
with the number of observed cells. HeuristicFrontier uses
7,191 KB (36 x more) while achieving the worst task perfor-
mance.

3.5. Ablation Studies

‘We conduct ablations on the 80x 80 environment to isolate
the contribution of each coordination mechanism.

Goal exclusion radius. Varying the exclusion radius R in
Eq. (8) from 0 (no exclusion) to 20 cells reveals a clear trade-
off between coordination strength and exploration flexibility.
At R = 0, overlap is 1.5% with mean separation of 46.8
cells. At R = 16, overlap drops to 0.8% and separation
increases to 57.3 cells, a 45% reduction in overlap and 22%
improvement in separation (Fig. 7, left). The default R = 8
provides a balanced operating point between coordination
and flexibility.
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Figure 6. Communication cost (log scale). Delta-encoded meth-
ods (DeltaMapShare, DeltaMapShareGoals, MemoryMesh) cluster
near 100 KB; goal broadcasting adds negligible overhead.

Table 3. Component ablation on 80x80 (5 seeds). Each row
removes one component from the full system.

Variant Tgt. Disc.] Ovlp.] Sep.T
Full (default)  19.2  67.1 012 489
no_role 19.4 58.8 011 61.2
no-sep 194  66.7 016 547
no-excl (R=0) 19.4 70.7 .015 46.8
no_goals 19.4  69.1 029 40.6

Replanning interval. The persistent goal mechanism
(Sec. 2.4) reduces oscillation by committing agents to goals
for Tieplan Steps. At Tieplan = 1 (replanning every step), over-
lap is 1.8%. At Tieplan = 2, overlap drops to 0.8%. At
Treplan = 10, overlap is 0.7%, but responsiveness to new
information decreases (Fig. 7, right). The default Tiepjan = 3
balances stability with adaptability.

Component ablation. Tab. 3 isolates the effect of each
component by removing them individually from the full
MemoryMesh configuration.

The results reveal a nuanced picture. Removing all goal-
based coordination (no_goals: =0, Tiepian=1, no separation
bonus) increases overlap by 154% (from 1.1% to 2.9%) and
reduces separation by 17% (from 48.9 to 40.6), confirming
that goal broadcasting is the primary coordination mecha-
nism. Removing only goal exclusion (no_excl) increases
overlap by 33% relative to the full system. Notably, remov-
ing the role bonus (no_role) improves discovery time from
67.1 to 58.8 steps and increases separation to 61.2, suggest-
ing that role-aware scoring can be counterproductive when
the environment is small enough for both agents to cover
efficiently without specialization. This finding motivates
the separate DeltaMapShareGoals baseline, which omits

(a) Goal Exclusion Radius (b) Replan Interval

--lg(
Overlapx1000

192 {@-—-—R-—-B-———E---8---#] 00 19.0 1 @6
T T T T T T T T T
0 5 10 15 20 H 10 15 20
Goal Exclusion Radius Replan Interval (steps)

Figure 7. Goal exclusion radius (left) and replanning interval
(right). Larger exclusion radius reduces overlap; persistent goals
(Treptan > 1) reduce oscillation.
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Figure 8. Component ablation. Removing goal coordination
(no_goals) has the largest impact on overlap. Removing role bonus
(no_role) improves discovery time, suggesting role-awareness has
mixed effects on compact maps.

role-awareness and achieves the best overall performance on
8080 maps.

3.6. Robustness Analysis

We evaluate three degradation modes on 80x80 maps
(Fig. 9).

Sensor noise at 0/5/10/20% exercises the confidence-
weighted merge. Target discovery degrades gradually: 19.2
targets at 0%, 18.8 at 5%, 17.4 at 10%, and 17.0 at 20%. The
confidence-weighted conflict resolution (Eq. (2)) ensures
that high-confidence observations overwrite noisy ones, lim-
iting the impact on coordination quality.

UAV partial occlusion at 0/30/50/70% masks a fraction
of the drone’s behind-wall observations. Performance is re-
markably stable: 19.2 targets at 0%, 19.6 at 30%, 20.0 at
50%, and 19.0 at 70%. The slight improvement at moder-
ate occlusion levels (30-50%) occurs because the drone’s
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Figure 9. Robustness: sensor noise (left), UAV occlusion (center),
packet loss (right). Packet loss has zero impact on target discovery
across all tested rates.

reduced indoor coverage forces the ground robot to explore
more room interiors, where it is more effective.

Packet loss at 0/10/20/40% has zero impact on targets
found: 19.2 at all loss rates. Missed updates are re-observed
and re-transmitted at subsequent steps; the delta-encoding
mechanism naturally retransmits any cells that were lost.
This robustness to packet loss is a direct consequence of
the peer-to-peer architecture, where each agent’s local map
serves as a persistent backup.

3.7. Scaling and Qualitative Analysis

Agent scaling (2—4 agents) improves discovery from 67.1
to 48.7 steps while overlap grows from 1.1% to 3.7%. Map
scaling (60x60 to 120x 120) shows sublinear coverage de-
cline under fixed step budgets (99.6% to 87.2%). Trajectory
heatmaps confirm complementary exploration: the drone
sweeps open areas while the ground robot concentrates on
room interiors. Full scaling results, trajectory visualizations,
scoring weight sensitivity, and per-step bandwidth analysis
are in Sec. C.

4. Conclusion

We presented MemoryMesh, a shared spatial memory for
ground-air cooperative search-and-rescue that combines
delta-encoded map sharing with a goal-broadcast coordi-
nation protocol. By augmenting compact cell updates with a
single goal coordinate per agent (8 bytes), MemoryMesh en-
ables exclusion-based coordination at communication costs
comparable to pure delta-encoded sharing (approximately
100 KB on 80x80 maps, a >99.5% reduction relative to
full-map sharing).

Our experiments reveal that goal broadcasting with ex-
clusion (the DeltaMapShareGoals variant) is the strongest
coordination mechanism, finding all 20 targets on 80x80
maps with the fastest discovery time (62.6 steps) and the best
inter-agent separation (59.4 cells). The full MemoryMesh
system, which additionally incorporates role-aware scoring
and persistent goal pursuit, achieves the lowest path overlap
(1.1%) on 80x80 maps and the highest coverage (0.698)

on the harder 150x150 environment. However, the role
bonus provides mixed benefits: on compact maps it can steer
agents away from productive frontiers, and the no_role ab-
lation achieves faster discovery (58.8 vs. 67.1 steps). We
report these findings transparently, as they suggest that role-
aware scoring is most beneficial when environments are large
enough to require genuine spatial specialization.

The confidence-weighted conflict resolution handles sen-
sor noise gracefully, with target discovery degrading from
19.2 to 17.0 only at 20% noise. The system is robust to 40%
packet loss with zero impact on target discovery, a direct con-
sequence of the peer-to-peer architecture where each agent’s
local map serves as a persistent backup.

Limitations. Our evaluation uses a 2D grid-world simula-
tor that simplifies real-world challenges such as continuous
motion planning and 3D environments. The role bonus pa-
rameters (pqg = 0.3, pg = 0.5) were tuned on 80x80 maps
and may require adjustment for different environment scales,
as the component ablation suggests these values can hurt
target discovery on compact maps. The pairwise exclusion
mechanism degrades with 4+ agents, as overlap increases
from 1.1% (2 agents) to 3.7% (4 agents). The conflict reso-
lution policy is a simple confidence-then-recency rule; more
sophisticated Bayesian fusion could improve accuracy under
heavy noise.

From perception to precognition. MemoryMesh cur-
rently treats the information gain U (f) as a simple count of
unknown cells. A natural next step toward predictive coor-
dination is to reformulate U (f) as a probabilistic measure
of uncertainty—e.g., the expected entropy reduction over
a learned occupancy or target distribution—so that broad-
cast goals encode predicted future observations rather than
merely announced destinations. Combined with a short-
horizon model of each agent’s likely trajectory, this would
let exclusion zones reflect anticipated coverage, moving the
protocol from reactive map-merging toward genuinely pre-
cognitive coordination.

Future work. Natural extensions include: (1) scaling to
3D simulators such as Habitat [16] for embodied SAR evalu-
ation; (2) learning the frontier scoring weights and exclusion
radius via multi-agent reinforcement learning, potentially
adapting role bonuses to environment characteristics; (3)
extending the exclusion mechanism to handle larger teams
through hierarchical territory negotiation; and (4) incorpo-
rating semantic object hypotheses into memory entries for
richer scene understanding.

Broader impact. Efficient multi-robot coordination has
direct applications in disaster response, reducing the time



to locate survivors. The goal-broadcast protocol’s minimal
bandwidth requirement (8 bytes per agent per step) makes
it particularly suitable for scenarios with degraded commu-
nication infrastructure where coordination quality is critical
but bandwidth is scarce.
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A. Additional Material
B. Related Work

Multi-robot exploration and coordination. Frontier-
based exploration, introduced by Yamauchi [20], assigns
robots to boundaries between known and unknown space.
Subsequent work has extended this to multi-robot set-
tings with utility-based frontier assignment [ 1], information-
theoretic criteria [4], and deep reinforcement learning [8].
Hierarchical decomposition methods partition the environ-
ment into zones [22], while auction-based systems use mar-
ket mechanisms for task allocation [6]. MemoryMesh dif-
fers by maintaining a persistent shared memory that cap-
tures observation recency, confidence, and observer iden-
tity, augmented with a goal-broadcast protocol that enables
exclusion-based coordination.

Communication-constrained multi-agent systems. Sev-
eral works address limited communication in multi-robot
teams. Liu ef al. [11] learn when and what to commu-
nicate for collaborative perception, while Jiang et al. [9]
propose graph-based communication for multi-agent rein-
forcement learning. Kim et al. [10] drop low-value messages
via scheduling mechanisms. Tian et al. [18] use gated com-
munication in cooperative multi-agent tasks. These methods
typically learn communication policies end-to-end, requiring
substantial training data. MemoryMesh takes a complemen-
tary, structured approach: the memory map itself determines
what is novel and worth sharing, requiring no learned com-
munication policy.

Delta and submap communication. A common strategy
for reducing bandwidth in multi-robot mapping is to transmit
only newly observed or changed cells rather than full maps.
Such delta-encoded approaches achieve large compression
ratios relative to full-state sharing but provide no mechanism
for coordinating future exploration. MemoryMesh adopts
delta encoding for cell updates but additionally broadcasts
each agent’s current navigation goal, enabling exclusion-
based coordination that pure delta methods lack. Our experi-
ments include delta-encoded baselines to isolate the contri-
bution of this goal-broadcast coordination layer.

Ground-air heterogeneous teams. UAV-UGV coopera-
tion has been studied for surveillance [7], SLAM [17], and
exploration [ 14]. Drones provide broad situational awareness
while ground robots perform detailed inspection. Prior work
typically assumes reliable full-bandwidth communication
or focuses on mapping accuracy rather than communication
efficiency. MemoryMesh explicitly models the communi-
cation channel through compact, goal-augmented memory
updates that add only 8 bytes per agent per message.

(a) Agent Scaling (b) Map Scaling

B Discovery Time [~
Comm (KB)

Targets Found
5

T T T T T
2 3 4 60x60 80x80 100x100 120%120
Number of Agents Map Size

Figure 10. Scaling: agents (left) and map size (right). Discovery
time improves with more agents but overlap grows; target percent-
age decreases with map area under fixed time budgets.

Shared memory in multi-agent AI. Memory-augmented
multi-agent systems have appeared in embodied Al [5, 13]
and cooperative language agents [21]. Scene graphs [2],
topological maps [3], and spatial memories [15] provide
structured representations for navigation. MemoryMesh ex-
tends these ideas to the multi-agent SAR setting with an ex-
plicit focus on memory exchange protocols, goal-broadcast
coordination, conflict resolution under partial observability,
and decentralized peer-to-peer synchronization.

C. Supplementary Material
C.1. Scaling Analysis

Agent scaling. Increasing from 2 to 3 to 4 agents (adding
ground robots) improves both targets found and discovery
speed: 19.2 targets in 67.1 steps (2 agents), 20.0 in 56.0
steps (3 agents), 20.0 in 48.7 steps (4 agents). Coverage
grows from 97.2% to 99.2% to 99.8%, confirming that Mem-
oryMesh scales effectively with additional agents. Path over-
lap increases from 1.1% to 2.9% to 3.7%, as the pairwise ex-
clusion mechanism becomes less effective with more agents
competing for frontier space. Communication grows sublin-
early: 101 KB (2 agents), 119 KB (3), 139 KB (4).

Map scaling. On progressively larger maps (all using
200 steps except 150x 150 which uses 300 steps): 60x60
achieves 99.6% coverage with 10.8/11 targets, 80x80
achieves 97.2% coverage with 19.2/20 targets, 100x 100
achieves 94.3% with 28.0/31 targets, and 120x 120 achieves
87.2% with 37.4/45 targets. Coverage scales sublinearly
with map area, as the fixed step budget becomes increasingly
constraining. The 150x 150 results in Tab. 2 (with extended
300-step budget) confirm that MemoryMesh maintains its
coordination advantages at larger scales.

C.2. Qualitative Analysis and Failure Modes

Fig. 11 shows a representative run: the drone sweeps broad
areas while the ground robot concentrates on room interiors,
confirming complementary exploration patterns induced by
the role-aware scoring. Two failure modes persist: (1) targets
deep inside narrow-entrance rooms delay discovery, as the
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Figure 11. Trajectory heatmaps. Left: environment. Center:
drone (orange). Right: ground robot (blue). Goal exclusion zones
produce spatially separated exploration patterns.

Table 4. Scoring weight sensitivity on 80x80 (5 seeds). “Low”
and “High” denote halved and doubled values for the named weight.

Variant Tgt. Disc.| Ovlp.] Sep.T

Default 192 67.1 011 489
Low info (a=1) 19.6 63.7 012 559
High info (a=4) 19.8 67.1 015 472
Low dist (5=0.25) 18.8 61.1 .015 62.0
High dist (8=1) 20.0 628 013 546
Low sep (0=2.5) 194 63.0 022 495
High sep (6=10) 20.0 61.7 006 574

ground robot must navigate through doorways (accounting
for variance across seeds); (2) on compact maps (80 80), the
role bonus can steer the drone away from productive frontiers
near walls, explaining why the no_role variant achieves faster
discovery in the component ablation (Tab. 3).

C.3. Scoring Weight Sensitivity

We vary each scoring weight individually while keeping oth-
ers at default values (=2, 3=0.5, §=5, pg=0.3, pg=0.5)
on the 80x80 environment.

The system is moderately sensitive to the separation
weight §: halving it roughly doubles overlap (from 1.1%
to 2.2%), while doubling it nearly halves overlap (to 0.6%)
and improves separation from 48.9 to 57.4 cells. The dis-
tance weight [ has a strong effect on separation: low dis-
tance penalty (6=0.25) increases separation to 62.0 cells
but reduces targets found. The information gain weight «
has moderate effects. Overall, the system is robust to 2x
parameter perturbations across all weights.

C.4. Per-Step Bandwidth Analysis

Tab. 5 reports per-step communication statistics for each
method on 80x80 maps (200 steps).

MemoryMesh and DeltaMapShareGoals consume ap-
proximately 0.5 KB/step, well within typical wireless link
budgets even in degraded environments. The goal coordinate
adds only 8 bytes per message (4% overhead over DeltaMap-
Share’s per-step cost). At 150x 150, per-step cost increases
to approximately 0.69 KB/step (208 KB / 300 steps), remain-
ing practical for low-bandwidth radio links.

Table 5. Per-step bandwidth on 80x80. Total bandwidth divided
by 200 steps.

Method Total KB KB/step
Independent 0 0
RawMapShare 20,621 103.1
DeltaMapShare 99 0.49
PeriodicSync 1,924 9.6
DeltaPeriodicSync 150 0.75
Heur. Frontier 2,503 12.5
DeltaMapShareGoals 100 0.50
MemoryMesh 101 0.50

Table 6. Full comparison on 150x150 (5 seeds, 40 targets, 300
steps).

Method Cov. Tgt. Disc.{ KBJ| Ovlp.} Sep.T
Independent .625 24.8 1324 0 .015 100.5
RawMapShare 682 274 144.7 61,247 .003 105.6
DeltaMapShare .682 27.4 14477 200 .003 105.6
PeriodicSync .664 240 131.4 5982 .006 100.5
DeltaPeriodSync .664 240 1314 354 .006 100.5
Heur. Frontier 507 18.6 149.7 17,191 .000 150.9
DeltaMapShareGoals .695 25.4 131.0 205 .000 128.1
MemoryMesh 698 25.6 136.8 208 .002 118.2

C.5. Full 150x150 Comparison

Tab. 6 extends Tab. 2 with all seven baselines on 150x 150
maps.
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