@2 robotics

Article

Environment-Specific Route-Library Adaptation for
Decentralized Multi-Robot Navigation via Hybrid RRT and
Behavior Cloning in Grid-Based Industrial Environments

Yovel Atia ! and Chen Giladi %*

W) Check for updates

Academic Editor: Xinjun Liu

Received: 4 June 2026

Revised: 5 July 2026

Accepted: 20 July 2026

Published: 28 July 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

Department of Mechanical Engineering, Ben-Gurion University of the Negev, Beer-Sheva 8410501, Israel
Department of Mechanical Engineering, Sami Shamoon College of Engineering (SCE), 84 Jabotinsky St.,
Ashdod 77245, Israel

*  Correspondence: chengil@sce.ac.il

Abstract

Decentralized multi-robot navigation in grid-based industrial environments must reach
goals and avoid collisions without centralized control or direct communication. We study a
hybrid framework pairing an offline Rapidly-Exploring Random Tree (RRT) expert with a
Behavior Cloning (BC) local policy and route reuse, evaluated in a reproducible simulator;
collisions are predicted blocked-move events, not physical contacts. Our central result is
a quantitative analysis of environment-specific route-library adaptation: a route library
generated for one map and deployed on another leaves robots blocked by unfamiliar
obstacles, whereas regenerating it on the deployment map cuts collisions by 38-85% and
task failures by 43-70% across two- to ten-robot fleets, and replicates on a third corridor
layout (30 seeds; Mann-Whitney p < 10~5; permutation Pperm < 0.001). Simpler remedies,
filtering or repairing invalid routes, recover most of this gain, and a non-learning scripted
connector matches the trained policy: the effect lives in the route library itself. A centralized
prioritized-planning baseline bounds all communication-free variants from above; capping
the online RRT baseline’s planning budget preserves its per-task collision quality but
sharply raises task failures. A collision-history-sharing add-on coordinating through a
shared map rather than messaging gives a limited, layout-dependent benefit not surviving
multiple-comparison correction.

Keywords: decentralized multi-robot navigation; behavior cloning; RRT; route-library
adaptation; imitation learning; collision-history sharing; reproducibility; grid-based
environments; warehouse robotics

1. Introduction

Mobile robots must reach their goals while avoiding collisions with obstacles [1,2].
In structured industrial settings—automated warehouses, in particular—fleets of such
robots must additionally avoid collisions with one another [3]. Operating such fleets
in a decentralized way—each robot deciding from local information, without a central
coordinator or direct inter-robot communication [4]—improves robustness and scalability,
but makes coordination harder; in dense decentralized fleets, the dominant failure mode is
deadlock and collision [5].

Two families of methods dominate grid navigation. Sampling-based planners such as
RRT explore the configuration space and return feasible paths [6], but in dynamic, multi-
robot settings, they incur frequent, costly replanning. Learning-based policies such as
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Behavior Cloning (BC) give fast, low-latency reactive control by imitating expert demon-
strations, but degrade over long horizons and when the deployment environment diverges
from the training data [7]. A hybrid framework that uses a pre-computed RRT route library
together with a BC local policy [8]—reusing well-tested paths while reacting locally—can
capture the strengths of both.

We study exactly such a framework and ask a question central to its practical use:
when does the learned navigation transfer to a new environment, and what governs its quality?
Our answer, obtained from a fully reproducible re-implementation that reuses the original
trained network, RRT planner and route data verbatim, is that the decisive factor is the
match between the route library and the deployment map. A library generated on one map
and deployed unchanged on another leaves robots repeatedly blocked at the new obstacles;
regenerating the library on the deployment map restores performance and sharply reduces
both collisions and task failures. We deliberately position this contribution as a quantitative
analysis of environment-specific route-library adaptation, not as a new navigation architecture:
the BC network and the RRT planner are fixed throughout, and only the route library,
the data-level carrier of the learned navigation skill, changes. To bound the effect, we
compare against the simple library-level remedies a practitioner would try first (filtering,
repairing, or regenerating invalid routes), against a non-learning scripted connector in place
of the BC network, against a mainstream multi-robot path-finding baseline (prioritized
planning with space-time A* over a shared reservation table [9,10], a standard decoupled
multi-robot path-finding baseline commonly compared with conflict-based search and its
bounded-suboptimal variants [11,12]), and against an online RRT baseline evaluated across
planning-budget caps, clarifying the computational trade-off that motivates route reuse.
We further evaluate—across repeated seeded trials—a lightweight collision-history-sharing
add-on that needs no direct inter-robot messaging. The add-on was proposed as future
work in an earlier unpublished M.Sc. thesis by the first author (hereafter the originating
thesis) and is implemented and systematically evaluated here.

Our contributions are:

* A faithful, deterministic, seeded re-implementation of a hybrid RRT + Behavior
Cloning decentralized navigation framework that reuses the original trained BC
network, RRT planner, and route datasets, with the non-scalable multi-processing
prototype replaced by a reproducible single-process scheduler (code and raw results
available in the public repository).

* A quantification of environment-specific route-library adaptation: an environment-
adapted route library cuts collisions by 38-85% (Mann-Whitney U on per-episode
collision counts, all p < 107>, corroborated by permutation tests) and task failures
by 43-70% relative to a Map2-naive library across five fleet sizes (2, 4, 6, 8, 10 robots)
over 30 seeds, recovering much of the collision quality of the default-budget online
RRT baseline at a fraction of its runtime; the effect replicates on a third, structurally
different corridor layout (Map3).

* A baseline analysis that bounds the adaptation effect (Section 3.4): offline filtering, re-
pair, and regeneration of invalid transferred routes; a non-learning scripted connector
replacing the trained BC network; prioritized planning with space-time A* over a
shared reservation table [9-11]; and an online RRT baseline across planning-budget
caps, yielding a compute-versus-quality frontier for the reuse-versus-replan decision.

*  Arepeated-seed evaluation of collision-history sharing—indirect coordination through
a shared map, with no direct messaging—within the full framework, finding only
a limited benefit (on Map1, nominally significant reductions of 9% under selective
and 8% under full participation, p = 0.024 and p = 0.047, neither surviving Holm
correction; a second layout: not significant). This corrects the originating thesis’s
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preliminary finding—a near-halving of collisions inferred from a single unseeded
run—and shows that the effect is undetectable at low task throughput, where too few
tasks accumulate to populate the shared map; we document this regime explicitly.

* A transparent, reproducible methodology in which every figure and number regen-
erates from the provided code and raw results, including the route-filtering and
throughput conditions that determine whether each effect appears.

2. Related Work

Decentralized multi-robot navigation. Decentralized schemes avoid the single point
of failure of centralized coordinators; approaches include cooperative reinforcement learn-
ing with a shared policy and inter-robot information exchange [3] and multi-agent RL more
broadly [13], control-barrier functions [14,15], optimization-based trajectory planning [16],
and swarm-intelligence approaches (reviewed for multi-UAV systems in [17]). Coping
with deadlock and collision in dense fleets remains a persistent difficulty, including for
decentralized aerial swarms [5]. Planning and learning. A* and sampling-based planners
(RRT/RRT*) underpin robot path planning [6,18-20]; Behavior Cloning learns reactive
policies from expert demonstrations [8,21-25], with well-known covariate-shift limits when
the deployment distribution differs from the demonstrations [7]. Hybrid planner—policy
methods combine a model-based planner with a learned model that guides it [26]; the
framework we reuse couples an RRT expert, a BC policy, and route reuse, and—unlike
hybrids that use BC only to smooth or refine planner paths—uses BC for decentralized
reactive control and online RRT only for connecting segments. Skill transfer and adapta-
tion. Transferring a learned policy to a new deployment environment—for example, from
simulation to a real robot—is a core challenge for imitation-learning methods [27]; perfor-
mance hinges on alignment between training and deployment distributions [7]. We give
a concrete grid-navigation instance: adapting the expert route library to the deployment
map restores performance lost to environment mismatch. Throughout, we use route-library
adaptation for the specific, data-level mechanism studied here, and reserve skill transfer for
the broader phenomenon of which it is one instance: the policy and planner are fixed, and
what transfers, or fails to transfer, is the route library that carries the environment-specific
part of the learned behavior. Experience sharing. Multi-agent policies can be improved
by modeling other agents’ behaviors and interactions [28,29], by training against diverse
partner populations [30], and by leveraging human experience [31]; we study a minimal in-
stance that uses no direct messaging—only a shared collision-frequency map—and evaluate
it across repeated seeded trials.

3. Materials and Methods

All components are implemented in a deterministic, seeded simulator available in
the public repository (experiments/); every result regenerates from the provided code,
with reproduction instructions provided in the public repository. The simulator is written
in Python 3.12.3 (Python Software Foundation, Beaverton, OR, USA) and uses NumPy
2.3, SciPy 1.16 and pandas 2.3 for the simulation and analysis and PyTorch 2.9 for the
trained network, with Matplotlib and seaborn for the figures. The simulator reuses the
original implementation verbatim—the trained BC network (trained_model_NN.pth), the
RRT planner, the offline route datasets and the per-step navigation logic—and replaces
only the original multi-processing /shared-memory harness, which did not scale, with a
single-process round-robin scheduler so that every episode is reproducible from its seed.
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3.1. Environment and Metrics

N robots navigate a 50 x 50 occupancy grid in one of three layouts (Mapl, Map2,
Map3; Figure 1); obstacles are inflated by one cell to account for the robot footprint. Map1
and Map?2 are the block layouts of the originating thesis; Map3 is a structurally different
corridor layout added for this revision, with three shelf bands, staggered bottleneck doors,
and a vertical divider at a matched obstacle density (Section 3.3). The base navigation is
fully decentralized: each robot acts on local observations only, with no shared state and
no inter-robot communication. The optional collision-history sharing of Section 3.5 is the
single exception—it introduces one shared data structure (a global collision-frequency map)
through which a subset of robots coordinate indirectly, in a stigmergy-style manner, without
exchanging messages. Because this map is globally shared, the add-on is message-free
but not information-free: it departs from fully decentralized operation, and we evaluate it
separately as an optional add-on rather than as part of the base framework. Over a fixed
step budget, a task is a robot reaching its goal, after which a new random start/goal pair
is drawn; tasks completed measures throughput. A collision is a predicted blocked-move
event—the robot’s three-step look-ahead lands in a cell occupied by a static obstacle or by
another robot—counted per event, matching the originating thesis’s definition (interactions
with obstacles or other agents), not a physical contact. A task that cannot make progress
within a step cap is counted as a failure; the failure rate is the number of failed tasks divided
by the total number of task attempts (completed plus failed). Because a fixed step budget
yields different numbers of completed tasks across conditions, we report collisions both
absolutely and per completed task, the workload-normalized metric.

Map1l Map2 Map3

0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50
B inflated obstacle [ free cell —— obstacle new in Map2

Figure 1. The three 50 x 50 grid workspaces (Mapl, Map2, Map3): dark gray = inflated obstacle,
white = free cell, with grid ticks every ten cells. Obstacles are inflated by the robot footprint. The
vermillion outlines on Map2 mark the obstacles that are new relative to Mapl—the cells the Map1-
generated route library does not account for. Map3, added in this revision, is a corridor layout with
three shelf bands, staggered bottleneck doors, and a vertical divider at an obstacle density matched
to Mapl.

3.2. Hybrid RRT + Behavior Cloning Framework

An offline RRT expert generates a library of collision-free routes on a map. At runtime,
each robot (i) selects, from the library, routes whose bounding box brings it toward its
goal and that are locally obstacle-free (the Get_best_routes filter); (i) drives toward the
selected route under the trained BC network, which maps the robot’s position, a target
waypoint on that route, and a 5 x 5 local occupancy window to an incremental move—so
the chosen route enters the policy through its target-waypoint input; and (iii) reconnects
with a bounded online RRT segment toward the goal in two cases (Algorithm 1): as a
fallback when no suitable library route is available (the nearest is too far to reach di-
rectly), and—when a three-step look-ahead along the chosen route predicts a blocked cell—
probabilistically, logging the event and reconnecting with a probability that decreases as the
task nears completion (more readily early in a task than near the goal). The BC network is
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a 29-input multi-layer perceptron with hidden layers 256-256-64 (2 position + 2 target-
waypoint + 25 occupancy inputs; ReLU activations; linear two-output head). We use the
original trained weights and RRT/route code without modification.

BC training (from the originating thesis). Because we reuse the trained network
verbatim, its training belongs to the originating thesis; we summarize it here for self-
containment. Demonstrations were generated by an RRT* expert (MATLAB R2023b, The
MathWorks, Inc., Natick, MA, USA; plannerRRTStar) on the Map1 grid with additional
randomly placed obstacles at densities of 0-2%, sampling random start/goal pairs; each
state along an expert route (current position, target waypoint, and the 5 x 5 local occupancy
window) was labeled with the incremental expert step (Ax, Ay) to the next waypoint,
i.e., a two-output regression formulation, with several thousand state-action samples per
generation batch. Training minimized the mean-squared error with Adam (learning rate
10~3, batch size 64) over an 80/20 train/validation split; the architecture comparison in the
thesis (200 epochs) selected among a fully connected network, a convolutional variant, and
gradient boosting, with the fully connected 256-256-64 network, the variant deployed in
the released framework, performing close to the alternatives (the originating thesis reports
an overall validation R? of 88% for the best model in that comparison). Beyond these
settings, the thesis does not document the final training run that produced the shipped
weights (in particular, the exact epoch count, random seed, and demonstration-set snapshot
are unrecorded), which is one more reason we treat the network as a fixed artifact rather
than retraining it. The network is trained once and frozen; whether a learned connector is
necessary at all is tested directly by the scripted-connector ablation of Section 3.4. Figure 2
summarizes the offline and deployment phases, the route-library adaptation test condition,
and the optional collision-history-sharing add-on; Algorithm 1 states the per-robot runtime
decision step, and Table 1 lists the implementation settings, including the online-RRT
iteration cap. In Algorithm 1, robots interact only through the shared map H: every robot
writes its own collisions to H, while only the sharing subset (a fraction ggpqare) reads the
aggregate to bias route choice—there is no direct robot-to-robot messaging. The routine
ONLINERRT (x, g) plans a fresh collision-free segment from x toward goal g, bounded by
that cap.

A Offline: build the route library B Deployment (per robot, per timestep)

Select and filter BGllocal control ]
routes
(grid + opetacies RRT expert planner ] [ I

stored i
routes new waypoint Blocked or
yes, oute too far? no
Offline route library ?:‘I:igr?nlzftl' Adrgggtce

next timestep

C Route-library adaptation experiment (library only) D oOptional collision-history sharing (add-on)
| Vo |
B Condition 1 B Condition 2
| oncition Lo oncition i Shared collision
! VS ! map H
H Naive library . Adapted library H
H (built on Map1) . (built on Map2) i H read/write access
i . i
. P j ! !
\ alternative arms /
q. :\lonfo Selective All
. share 0< <1 =1
Map2 deployment environment (no H read/write) Gshare Gsh:
L
Fixed: BC network + RRT planner Episode condition: fraction of robots that consult H
D Environment / robot state D Planner / BC policy D Route library
Visual key: . ) ===
D Online RRT reconnect D Shared collision map H : 1 Comparison arm (Panel C)

Figure 2. Hybrid RRT + Behavior Cloning framework. (A) Offline, an RRT expert uses the map to
build the route library. (B) At deployment, each robot selects routes, applies BC local control, then
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either reconnects with online RRT or advances to the next timestep. (C) The route-library adaptation
experiment changes only the route library; BC network, RRT planner and Map2 deployment are fixed.
(D) Optional sharing: the bracket marks non-zero-ggare conditions with H read/write access; ggshare
is an episode condition, not an output of H.

Algorithm 1 Per-robot decision step, run independently by each robot i on every scheduler
tick. A predicted blocked-move is a counted event (Section 3.1), not a physical crash, and
does not by itself halt the robot

Require: map M, route library R, BC policy 7pc, shared map H, sharing flag z;, robot state
x;, goal g;, counters c; (steps) and h; (collisions)

1: C < Get_best_routes(R, x;, g;, M)
2: if z; and C # @ then
3: r* < argmin,cc Y ., H[c] > sharing robots prefer low-H routes
4: else if C # @ then
5: r* < route in C nearest x;
6: else
7: r* < current route if still valid, else ONLINERRT (x;, g;) > nearest route too
far/none available
8: end if
9: w < next target waypoint on r*
10: a + 7tpc(x;, w, Wsx5) > BC drives toward w
11: if three-step look-ahead along r* predicts a blocked cell (obstacle or robot) then
12: collisions <— collisions + 1; record cell in h; > counted event, not a crash
13: with prob. 1 — p;: r* <— ONLINERRT (x;, g;); recompute w, a > p;: fraction of r*
done
14: end if
15: x; < advance by a along r*; ¢; <= ¢; +1
16: if x; = g; then > task complete
17: H < H + h;; register task; resample; reset c;, h;
18: else if c; > step cap then
19: register failure; resample; reset c;, i;
20: end if

Table 1. Implementation settings shared by all experiments.

Component Setting

Grid size 50 x 50 occupancy grid

Obstacle inflation 1 cell (robot footprint)

Robot control Decentralized; no direct inter-robot messaging
Collision-history sharing  Optional, via a shared map H (written and read; no messaging)
Collision definition Predicted blocked-move (three-step look-ahead)

BC input Robot position, target route waypoint, 5 x 5 local occupancy window
BC architecture 29-input MLP, hidden layers 256-256-64

Episode budget 2000 scheduler steps

Per-task step cap 300 steps (else counted as a failure)

Online RRT iteration cap 8000 (hybrid reconnect)/3000 (online baseline)

Seeds per condition 30

Fleet sizes N € {2,4,6,8,10}

Sharing fraction ggpare {0,0.6,1.0} and a 0-1 sweep

Statistical tests Mann-Whitney U, permutation (10%), Spearman p

3.3. Route Libraries and Environment-Specific Adaptation

The framework’s prior knowledge lives in its route library. We compare two libraries in
the Map2 deployment environment: a Map2-naive library (the “original” dataset, generated
by the RRT expert on Map1) and a Map2-adapted library (the “alternative” dataset, whose
routes were shaped by Map2’s obstacle configuration). Following the original pipeline,
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each library is filtered for obstacle-free routes against the map on which it was generated
(Map1 for the original library, Map?2 for the adapted one) and then deployed on Map?2; the
Map2-naive library therefore retains routes that intersect Map2 obstacles, which is precisely
the environment-mismatch the adapted library is meant to overcome. The two filtering
stages are distinct: this offline filter is applied once against the generation map, whereas
the runtime Get_best_routes filter (Algorithm 1) only rejects routes blocked in the robot’s
immediate local occupancy window (other robots and nearby cells). A Map1l-generated
route that crosses a Map2 obstacle outside that local window therefore survives both filters
and stays active, so its three-step look-ahead eventually predicts a blocked move—the
collision the diagnostics below quantify. This setup isolates the route-library-provenance
effect: the BC network, planner, and deployment map are identical, and only the route
library differs. Figure 3 makes the mismatch concrete: routes valid on Mapl (panel A)
cross Map2’s obstacles when deployed unchanged (panel B), and panels C,D illustrate
the deployment consequence on two examples: a robot following a naive Map1 route
reaches a blocked contact where the route would enter a Map?2 obstacle, so online RRT must
plan a fresh collision-free continuation to the goal—the runtime replanning that the static
mismatch forces. Routes in panels C,D are shown after collision-checked simplification for
display: every plotted segment is validated against the Map?2 configuration-space obstacle,
so simplification removes raw-planner jitter without moving a route into obstacle geometry.
Across the entire library, 8.1% of the Map2-naive library’s route cells—spanning 58% of
its routes—fall inside Map2 obstacles. The Map2-adapted library has no such overlap by
construction (its routes are generated by running RRT on Map?2 directly); whether this static
gap translates to a runtime benefit is the subject of Section 4 (Figures 4 and 5).

Table 2 quantifies the two libraries. They contain a comparable number of routes
(3543 vs. 3592 raw; 3304 vs. 3256 after source-map filtering, within about 2%), so the
Map2-adapted library is not simply larger than the Map2-naive one; its routes are modestly
longer (median 33 vs. 37 cells) and cover somewhat more free space (1207 vs. 1363 unique
cells). These differences are small relative to the non-trivial one: the Map2-naive library
leaves 8.1% of its route cells, spanning 58% of its routes, inside Map2 obstacles, which is
the static gap that drives the runtime collision difference reported in Section 4.

Table 2. Route-library diagnostics (both libraries deployed on Map2), computed from the released
route datasets and map layouts. The two libraries hold a comparable number of routes (within about
2%), so the adapted library is not simply larger; their routes differ modestly in median length and
free-cell coverage, but the decisive difference is that the Map2-naive library leaves route cells inside
Map? obstacles while the adapted one does not.

Libra Generated Raw Routes Filtered Median Free Cells Cells in Routes

y on Routes Length Covered Obstacles Overlapping
Map2-naive Mapl 3543 3304 33 1207 8.1% 58%
Map2-adapted Map2 3592 3256 37 1363 0.0% 0%

To test whether the adaptation effect is specific to Map2’s block geometry, this revision
adds a third deployment environment. Map3 (Figure 1) is a corridor-style layout, three
horizontal shelf bands with staggered bottleneck doors and a vertical divider, at an obstacle
density (0.255) matched to Mapl1 (0.259). Its adapted library is generated with the same
offline expert protocol as the existing libraries: seeded random start/goal pairs, the same
RRT planner at the same iteration cap, 3600 raw routes stored and then filtered against
the generation map, exactly as in Section 3.3. The Map3-naive condition deploys the
Mapl-generated library on Map3 unchanged, mirroring the Map2 experiment.
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C
Mapl library on Map1l - valid routes Example 1 - blocked, then online-RRT reconnect

»*
/m\

B D
Mapl library on Map2 - route-obstacle conflicts Example 2 - blocked, then online-RRT reconnect

TR
Tl

[ physical obstacle Map1 stored route (A, B) % blocked contact (C, D) == invalid naive continuation (C, D) ® start (C, D)

[ ] 1-cell inflation route-obstacle conflict cell () = naive route followed (C, D) === online-RRT reconnect to goal (C, D) ¥ goal (C, D)
Figure 3. Route libraries encode the map on which they were built. Color and marker encodings are
decoded in the bottom legend strip; the obstacle mask is shown in two gray tones (darker = physical
obstacle, lighter = one-cell robot-footprint inflation) and is the same configuration-space mask the
planner collision-checks against, so a valid route never overlaps it. (A) Sampled subset (n = 80) of the
Mapl-generated library on Mapl is valid. (B) The same sampled subset evaluated on Map2; orange
hatching marks route—obstacle conflict cells (sampled route cells overlapping the Map2 obstacle mask).
(C,D) Two examples of the deployment recovery step: the robot follows a naive Map1-library route
(orange) from the start S until a blocked contact (x) where the route would enter a Map2 obstacle
(invalid continuation dashed); online RRT then plans a fresh collision-free continuation (blue) from
the contact to the goal G. Arrows show travel direction.

3.4. Baselines and Ablations

Four baseline families, added in this revision, bound the adaptation effect from below
and above. All reuse the exact episode protocol, metrics, and seeds of the main experiments.

Library-level remedies. Before deployment, the Map2-naive library is transformed
offline in one of three ways a practitioner would try first: filtering drops every transferred
route that intersects a deployment-map obstacle; repair keeps each invalid route’s valid
segments and reconnects the gaps with the same RRT planner running on the deployment
map; regeneration replans each invalid route end-to-end on the deployment map. Valid
routes pass through untouched, and each transform is applied once with a fixed seed, so all
episodes deploy identical transformed libraries. Full regeneration of the entire library on
the deployment map is the Map2-adapted condition itself, so the three remedies interpolate
between the naive and adapted endpoints.
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Non-learning connector. In the deployed framework, the trained BC network serves
as a local connector that walks the robot onto a selected route whose start lies two to seven
cells away. To test whether learning is necessary for this role, we replace it with a scripted
greedy controller with the identical interface: unit steps toward the target with deterministic
obstacle-avoiding deviations of £45° and £90°, success within 1.5 cells, failure after
100 steps. Everything else, including the route library and planner, is unchanged.

Prioritized planning. As a mainstream multi-robot path-finding baseline we add
decoupled prioritized planning [9] with space-time A* over a shared reservation table [10],
a standard decoupled multi-robot path-finding baseline commonly compared with conflict-
based search and its bounded-suboptimal variants [11,12]. Robots plan in fixed priority
order, reserving cells and edges in space-time; each new task triggers a replan around
all current reservations. We state plainly that this baseline is not communication-free: the
reservation table is shared, centralized information, so prioritized planning bounds what
coordination through shared state can achieve on the same tasks rather than competing
under the framework’s constraints. Execution-time blocked moves (which the reservation
table makes structurally rare) are counted with the same collision metric.

Compute-budget frontier for online RRT. The online RRT baseline replans from
scratch as tasks arrive, so its collision advantage is bought with planning compute. To
make the comparison budget-aware (rather than only reporting its runtime), we rerun the
online baseline with its per-call iteration cap reduced from the default 3000 to 1000 and to
300, tracing a compute-versus-quality frontier that can be compared directly against the
hybrid’s runtime (Section 4).

3.5. Collision-History Sharing

As a lightweight add-on that needs no direct robot-to-robot message passing (proposed
as future work in the originating thesis), a global per-cell map H accumulates the collisions
logged during completed tasks: coordination, when enabled, is indirect—through this shared
map rather than through messages exchanged between robots. The robots in a randomly
chosen subset—a fraction ggpqre, fixed per episode—bias their route selection toward rarely-
collided cells, selecting, among valid candidate routes, the one that minimizes the summed
collision history Y., H|[c] along its cells, while the rest plan normally. ggpare = 0 is no
sharing, 0 < gghare < 1 selective, ggpare = 1 full sharing. Every robot writes its own logged
collisions into H upon completing a task, while only the sharing subset reads the aggregate;
no robot exchanges messages with another. Collision records from tasks that fail (exceed
the per-task step cap) are discarded with the task rather than added to H, so H reflects the
collision history of completed tasks only. Because H accrues only as tasks complete, the
mechanism can act only once enough collision history has been observed; we therefore run
these episodes to a high task throughput (2000 scheduler steps, ~245 completed tasks at
five robots).

3.6. Experimental Design

With 30 seeds per condition (doubled from 15 in this revision to raise statistical power)
we run eleven experiments (Table 3): (i) a route-library adaptation experiment on Map2
comparing the Map2-naive and Map2-adapted libraries across fleet sizes N € {2,4,6,8,10};
(ii) an online RRT baseline over the same fleet sizes; (iii) a collision-history-sharing ab-
lation (Gspare € {0,0.6,1.0} at five robots) on both maps; (iv) an access-fraction sweep
(Gshare € {0,0.2,0.4,0.6,0.8,1.0}); (v) a sharing scalability sweep (N € {2,4,6,8,10},
with and without selective sharing); (vi) a throughput-dependence sweep (Mapl, five
robots, gshare € {0,0.6,1.0} over episode lengths from 300 to 2000 steps); and, new
in this revision (Section 3.4), (vii) the library-remedy baselines (filter, repair, regener-
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ate) on Map2; (viii) the scripted-connector ablation on Map2 with both libraries; (ix) a
prioritized-planning baseline on Map2; (x) the online RRT compute-budget frontier (iteration
caps 1000 and 300); and (xi) the Map3 transfer experiment (Map1l-generated vs. Map3-
generated library on Map3). Each of the main experiments runs for 2000 scheduler
steps—about 245 completed tasks at five robots—so that the shared collision database
fills before collision-rate comparisons are made; the throughput sweep additionally
varies the episode length to expose the short-horizon regime in which the database
stays nearly empty. We report mean + SD, Mann-Whitney U-tests (one-sided, where
directional), permutation tests (10* label permutations, reported alongside every head-
line Mann-Whitney result), Holm-Bonferroni correction within each comparison family;,
simulation-based post hoc power analyses for the sharing comparisons, and Spearman
trends. Scripts (sim_rrtbc.py, sim_rrt_online.py, sim_prioritized.py, scenario.py,
lib_variants.py, gen_map3.py, run_experiments_rrtbc.py, run_experiments_rrt_
online.py, run_experiments_revision.py, analyze_rrtbc.py, analyze_revision.py,
make_heatmaps_rrtbc.py) and raw results are available in the public repository.

Table 3. Experimental design. All conditions use 30 seeds; “library” is the route set deployed
(naive = generated on Map1; adapted = generated on the deployment map; native = generated on the
same map). Online RRT and prioritized planning use no library; the experiments below the rule are
new in this revision.

Experiment Map Library N qshare Steps
Route-library adaptation =~ Map2 naive vs. adapted 2,4,6,8,10 0 2000
Online RRT baseline Map2 none (online) 2,4,6,8,10 — 2000
Sharing ablation Map1, Map2 native 5 0,0.6,1.0 2000
Access-fraction sweep Mapl native 5 0-1 (step 0.2) 2000
Sharing scalability Mapl native 2,4,6,8,10 0,0.6 2000
Throughput dependence Mapl native 5 0,0.6,1.0 300-2000
Library remedies Map2 naive: filter/repair/regen. 2,4,6,8,10 0 2000
Scripted connector Map2 naive, adapted 2,4,6,8,10 0 2000
Prioritized planning Map2 none (reservations) 2,4,6,8,10 — 2000
Online RRT budget caps  Map2 none (online) 2,4,6,8,10 — 2000
Map3 transfer Map3 naive vs. adapted 2,4,6,8,10 0 2000
4. Results

The figures separate three effects. Figure 4 measures the result of route-library adapta-
tion; Figures 5 and 6 diagnose the failure mechanism by locating and classifying collisions;
and Figures 7 and 8 quantify the computational trade-off against online RRT. The final
Figures 9-11 evaluate the optional collision-history-sharing add-on.

4.1. Environment-Adapted Route Libraries Restore Navigation Quality

Deploying the Map2-adapted library instead of the Map2-naive library on Map?2
sharply improves navigation (Figure 4). At four robots, the Map2-naive library incurs
718 &£ 62 collisions and a 0.23 task-failure rate, while the Map2-adapted library incurs
210 = 34 collisions and a 0.08 failure rate—a 71% reduction in collisions (Mann-Whitney U
on per-episode collision counts, p < 107°) and a 64% reduction in failures (the significance
test is on collisions; failure rates are reported descriptively; full per-fleet-size numbers,
bootstrap CIs and effect sizes in Table 4). The reduction is largest where obstacle mismatch
dominates (85% at two robots) and remains substantial as agent-agent interference grows
(55% at six, 38% at ten robots); the adapted library’s collision rate (per completed task)
and failure rate stay below the naive library’s at every fleet size N € {2,4,6,8,10} tested,
all with p < 107°. This is the environment-specific route-library-adaptation effect: the
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BC network and planner are unchanged, so the gain comes entirely from aligning the
route library with the deployment geometry. The collision heatmaps (Figure 5) make the
mechanism visible—the Map2-naive library produces collisions inside Map2’s obstacle
regions (routes inherited from Map1 cut through walls that did not exist there), whereas
the Map2-adapted library confines residual collisions to natural high-traffic corridors.

A Collisions per completed task B Task-failure rate
35 A

7 B
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L

fary
wv
L

3.
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Vs naive at

collisions per completed task
task-failure rate (%)
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2 ke 101
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Hybrid: naive —— Hybrid: adapted =—A-: Online RRT

Figure 4. Map?2 transfer performance versus fleet size N, over 30 seeds. Markers show seed means;
(A) collisions per completed task and (B) task-failure rate (failed tasks as a percentage of attempted
tasks). Shaded bands are percentile-bootstrap 95% confidence intervals for the mean across seeds.
Three methods are compared: the hybrid framework with a Map2-naive route library (orange), the
hybrid framework with a Map2-adapted library (blue), and online RRT (black, dashed). The Map2-
adapted library substantially improves the hybrid framework relative to the Map2-naive library
across fleet sizes—reducing collisions by, e.g., about 73% at N = 4 (bracket in panel (A))—while
online RRT remains the lowest-rate replanning baseline on both metrics.

Table 4. Full route-library adaptation results on Map2 (30 seeds, 2000 scheduler steps). Tasks is
the mean number of completed tasks (rounded to an integer); collisions are mean =+ SD; collisions
per completed task are reported with a percentile bootstrap 95% CI. The Reduction column is the
percentage reduction in mean collisions relative to the Map2-naive hybrid; the Mann-Whitney U
p-value (one-sided, naive > method), the one-sided permutation Pperm (104 resamples), and Cliff’s &
are computed against that same baseline. The Map2-adapted hybrid and the online RRT baseline
both improve on the naive library at every fleet size, with 6 = 1 and p < 10~° throughout.

N  Method Tasks Collisions Coll./Task [95% CI]  Fail Rate Reduction p Pperm ")
Map2-naive hybrid 93 279 + 37 3.02[2.85, 3.19] 0.20 — — — —
2 Map2-adapted hybrid 99 41+18 0.42[0.36, 0.49] 0.06 85% <107  <0.001 1.00
Online RRT 118 27 +10 0.23[0.20, 0.26] 0.01 90% <107  <0.001 1.00
Map2-naive hybrid 177 718 £ 62 4.08 [3.91, 4.25] 0.23 — — — —
4 Map2-adapted hybrid 190 210+ 34 1.11 [1.04, 1.18] 0.08 71% <107  <0.001 1.00
Online RRT 221 178 £27 0.81[0.76, 0.86] 0.04 75% <1075  <0.001 1.00
Map2-naive hybrid 255 1272+ 94 5.01 [4.84, 5.20] 0.26 — — — —
6  Map2-adapted hybrid 275 573 + 69 2.09 [1.99, 2.18] 0.12 55% <107  <0.001 1.00
Online RRT 311 436 + 46 1.41[1.35, 1.46] 0.07 66% <107  <0.001 1.00
Map2-naive hybrid 329 1942 + 124 5.92[5.71, 6.15] 0.29 — — — —
8 Map2-adapted hybrid 350 1045 + 87 3.00 [2.89, 3.10] 0.16 46% <107 <0.001 1.00
Online RRT 396 787 + 54 1.99 [1.93, 2.04] 0.09 59% <107  <0.001 1.00
Map2-naive hybrid 399 2689 £113 6.75 [6.62, 6.89] 0.32 — — — —
10  Map2-adapted hybrid 427 1654 + 105 3.87[3.78, 3.98] 0.18 38% <107  <0.001 1.00
Online RRT 466 1274+ 76 2.73 [2.66, 2.80] 0.12 53% <107  <0.001 1.00
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Figure 5. Projected blocked-contact density on Map2 (panels (A-F); rows = fleet size N = 4, N = 10;
columns = method). A blocked contact is counted when a robot’s three-step look-ahead predicts
the next cell is occupied; the event is assigned to the free cell immediately preceding the blocked
transition and smoothed within the free-space mask with a mass-conserving Gaussian kernel, so
the density sits on the reachable side of the geometry and never inside it. Obstacles are drawn
opaque above the density in two grays (darker core = physical obstacle, lighter one-cell ring = robot-
footprint/configuration-space inflation) with a boundary outline; white = zero (no displayed density).
Color encodes blocked-contact events per grid cell per 100 completed tasks, aggregated over 30 seeds
on a single shared scale (color bar); the scale bar in panel (F) spans ten cells. A dashed contour at the
same absolute level H > 1.1 in every panel bounds the high-density regions, and a small crosshair
marks the maximum of the plotted density in the Map2-naive panels (A,D); both annotations are
read directly from the displayed field. The Map2-naive hybrid concentrates blocked contacts against
the obstacles its transferred Map1 routes steer into, whereas the Map2-adapted hybrid and online
RRT leave only diffuse residual contacts along the central corridors—reaching the high-density
contour nowhere.
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Figure 6. Collision composition on Map2 (collisions per completed task), split into static-obstacle
(hatched) and robot-robot events. (A,B) Stacked bars at N = 4 and N = 10 for the three methods
(error bars: bootstrap 95% CI of the total). (C) The Map2-naive library’s two components versus fleet
size: a large static-obstacle component (absent from the other two methods) dominates at small fleets
and persists, while robot-robot congestion grows with N and overtakes it near N = 8. The adapted
hybrid and online RRT incur essentially no obstacle collisions (all fleet sizes in Table 5).
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Table 5. Collision composition on Map2 at all fleet sizes (30 seeds, 2000 steps): static-obstacle
and robot-robot collisions per completed task, and the static-obstacle fraction. The static-obstacle
component is exclusive to the Map2-naive library and roughly constant across N (it dominates at
small fleets and is overtaken by robot-robot congestion at the largest fleets); the adapted hybrid and
online RRT incur no obstacle collisions at any N. Full-fleet complement to Figure 6.

N  Method Static-Obstacle/Task  Robot-Robot/Task  Static Fraction
Map2-naive hybrid 2.62 0.40 87%
2 Map2-adapted hybrid 0.00 0.42 0%
Online RRT 0.00 0.23 0%
Map2-naive hybrid 2.73 1.35 67%
4  Map2-adapted hybrid 0.00 111 0%
Online RRT 0.00 0.81 0%
Map2-naive hybrid 2.84 2.18 57%
6  Map2-adapted hybrid 0.00 2.09 0%
Online RRT 0.00 141 0%
Map2-naive hybrid 2.81 3.12 47%
8  Map2-adapted hybrid 0.00 3.00 0%
Online RRT 0.00 1.99 0%
Map2-naive hybrid 2.85 3.90 42%
10 Map2-adapted hybrid 0.00 3.87 0%
Online RRT 0.00 2.73 0%

4.2. Library-Level Baselines Bound the Adaptation Effect

Tables 6 and 7 place the adaptation effect among the baselines of Section 3.4: Table 6
covers the offline library-level remedies and Table 7 the connector ablation and the alter-
native planners. The three offline library remedies recover most of the gap between the
Map2-naive and Map2-adapted libraries: filtering (which keeps 1387 of the 3600 transferred
routes) cuts collisions by 43-86% relative to the naive library across fleet sizes, repair by
39-86%, and full regeneration by 47-89%, bracketing the adapted library’s 38-85%; all
fifteen comparisons survive Holm correction within the family (p < 107>, permutation
tests in agreement). Filtering removes the obstacle-crossing routes (and with them most of
the static-obstacle collision component) at the cost of a thinner library, repair additionally
restores coverage, and regeneration attains the lowest collision and failure rates of the
three at every fleet size. Replacing the trained BC connector with the scripted greedy
controller does not degrade navigation; the scripted variant incurs fewer mean collisions at
every fleet size (Mann-Whitney BC > scripted, p = 0.048 and p = 0.026 at two and four
robots, p < 1072 at six to ten; e.g., 1486 £ 112 vs. 1654 & 105 per episode at ten robots)
with a lower task-failure rate. The learned connector is therefore not what carries the
framework’s navigation quality on these grids, which is consistent with, and sharpens,
the central claim of this paper: the environment-specific knowledge lives in the route
library, not in the connector that follows it (Section 5). The same holds on the Map2-naive
library, where the scripted connector also incurs fewer mean collisions than the BC hy-
brid at every fleet size (e.g., 2431 4= 117 vs. 2689 4 113 per episode at ten robots), so the
connector choice does not interact with library provenance. Prioritized planning over a
shared reservation table, which coordinates through centralized information the decen-
tralized framework does not use, dominates every communication-free method on this
benchmark: it completes roughly twice as many tasks (e.g., 865 vs. 427 per episode at ten
robots) with near-zero blocked moves (0.02-0.14 per completed task) and a failure rate at or
below 0.01, bounding from above what coordination through shared state achieves on the
same tasks.
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Table 6. Offline library-level remedies on Map2 (30 seeds, 2000 steps). Tasks is the mean number of
completed tasks; collisions are mean + SD per episode; collisions per completed task carry a percentile
bootstrap 95% CI. Reduction, p and pperm compare each method against the Map2-naive hybrid
on mean per-episode collision counts: Reduction is the percentage reduction in mean collisions, p
is a one-sided Mann-Whitney U-test (naive > method) and pperm is a one-sided permutation test
(10* resamples) in the same direction. The filtered, repaired and regenerated rows apply offline
transforms to the naive library before deployment; the Map2-adapted row deploys the library
generated on Map? itself. Row labels prefixed with “+” denote the Map2-naive library after the
named offline transform (filtered, repaired or regenerated).

N Method Tasks Collisions Coll./Task [95% CI] Fail Rate Reduction p Pperm
Map2-naive hybrid 93 279 + 37 3.02 [2.85, 3.19] 0.20 — — —
+ Filtered library 99 40+19 0.40 [0.33, 0.48] 0.11 86% <107 <0.001
2+ Repaired library 98 39+17 0.41[0.34, 0.48] 0.10 86% <107>  <0.001
+ Regenerated library 118 324+10 0.27 [0.24, 0.30] 0.07 89% <107 <0.001
Map2-adapted hybrid 99 41+18 0.42[0.36, 0.49] 0.06 85% <1075 <0.001
Map2-naive hybrid 177 718 £ 62 4.08 [3.91, 4.25] 0.23 — — —
+ Filtered library 195 204 +32 1.04 [0.98, 1.10] 0.15 72% <107®  <0.001
4 + Repaired library 188 222 +44 1.18 [1.10, 1.27] 0.13 69% <107 <0.001
+ Regenerated library 226 196 + 33 0.87 [0.82, 0.93] 0.10 73% <107  <0.001
Map2-adapted hybrid 190 210+ 34 1.11 [1.04, 1.18] 0.08 71% <107 <0.001
Map2-naive hybrid 255 1272 +94 5.01 [4.84, 5.20] 0.26 — — —
+ Filtered library 277 543 + 63 1.96 [1.87, 2.05] 0.19 57% <107>  <0.001
6 + Repaired library 274 555 4+ 60 2.03 [1.95,2.12] 0.16 56% <107  <0.001
+ Regenerated library 329 469 + 46 1.43 [1.37,1.48] 0.13 63% <107  <0.001
Map2-adapted hybrid 275 573 + 69 2.09 [1.99, 2.18] 0.12 55% <107 <0.001
Map2-naive hybrid 329 1942 +124 5.92[5.71, 6.15] 0.29 — — —
+ Filtered library 357 986 + 84 2.77 [2.67,2.88] 0.21 49% <107>  <0.001
8  + Repaired library 352 1016 + 85 2.89 [2.79,2.99] 0.20 48% <107 <0.001
+ Regenerated library 425 874 + 88 2.06 [1.98, 2.14] 0.15 55% <107°  <0.001
Map2-adapted hybrid 350 1045 + 87 3.00 [2.89, 3.10] 0.16 46% <107 <0.001
Map2-naive hybrid 399 2689 +£113 6.75 [6.62, 6.89] 0.32 — — —
+ Filtered library 430 1521 +117 3.55[3.42, 3.67] 0.24 43% <107°  <0.001
10 + Repaired library 424 1641 +111 3.87[3.77, 3.98] 0.23 39% <107  <0.001
+ Regenerated library 515 1417 +113 2.76 [2.67,2.85] 0.18 47% <107°  <0.001
Map2-adapted hybrid 427 1654 +105 3.87 [3.78, 3.98] 0.18 38% <107 <0.001

4.3. The Adaptation Effect Replicates on a Third Layout

Table 8 repeats the transfer experiment on Map3, whose corridor structure, bottleneck
doors, and vertical divider differ qualitatively from Map2’s block geometry. Deploying the
Mapl-generated library unchanged leaves robots nearly unable to navigate: the corridor
walls block most transferred routes, producing 30-38 collisions per completed task and task-
failure rates of 0.77-0.80. Regenerating the library on Map3 removes 65-96% of collisions
(largest at two robots and decreasing with fleet size as agent-agent interference grows,
mirroring Map?2), restores per-task collision rates to 0.49-4.90, and drops the failure rate to
0.14-0.25; every comparison survives Holm correction (p < 107>, permutation agreement,
Cliff’s 6 = 1.00 at all five fleet sizes). This replication supports reading the Map2 result as a
property of route-library provenance rather than of one particular layout, although two
deployment layouts remain a limited sample of industrial geometry (Section 5).
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Table 7. Alternative planners and connector ablation on Map2 (30 seeds, 2000 steps). The Map2-naive
hybrid row is repeated from Table 6 as the shared reference for the Reduction column. Tasks is the
mean number of completed tasks; collisions are mean 4 SD per episode; collisions per completed
task carry a percentile bootstrap 95% CI. Reduction, p and pperm compare each method against the
Map2-naive hybrid on mean per-episode collision counts: Reduction is the percentage reduction in
mean collisions, p is a one-sided Mann-Whitney U-test (naive > method) and Pperm is a one-sided
permutation test (10* resamples) in the same direction. The scripted row replaces the trained BC
connector with a greedy non-learning controller on the adapted library (the corresponding naive-
library scripted comparison is summarized in the text); prioritized planning coordinates the fleet
through a shared space-time reservation table, so unlike the hybrid it is not communication-free; the
online RRT rows replan continuously under the stated iteration cap.

N  Method Tasks Collisions Coll./Task [95% CI] Fail Rate Reduction p Pperm
Map2-naive hybrid 93 279 £+ 37 3.02 [2.85,3.19] 0.20 — — —
Scripted connector (adapted) 99 33+15 0.34[0.29, 0.40] 0.02 88% <107®  <0.001

2 Prioritized planning 173 3+2 0.02 [0.02, 0.02] 0.00 99% <107°  <0.001
Online RRT (cap 3000) 118 27 £10 0.23[0.20, 0.26] 0.01 90% <107°  <0.001
Online RRT (cap 1000) 120 30+13 0.26 [0.22, 0.30] 0.05 89% <10~°  <0.001
Online RRT (cap 300) 147 46 + 18 0.31[0.27, 0.36] 0.44 84% <107°>  <0.001
Map2-naive hybrid 177 718 £ 62 4.08 [3.91, 4.25] 0.23 — — —
Scripted connector (adapted) 192 194 + 36 1.01 [0.94, 1.08] 0.04 73% <107  <0.001

4 Prioritized planning 347 16 +3 0.05[0.04, 0.05] 0.00 98% <1075 <0.001
Online RRT (cap 3000) 221 178 £27 0.81 [0.76, 0.86] 0.04 75% <107°  <0.001
Online RRT (cap 1000) 230 186 +28 0.81 [0.77, 0.86] 0.09 74% <107°  <0.001
Online RRT (cap 300) 290 225 + 37 0.78[0.73, 0.82] 0.48 69% <107°  <0.001
Map2-naive hybrid 255 1272 +94 5.01 [4.84, 5.20] 0.26 — — —
Scripted connector (adapted) 280 475+ 74 1.70 [1.60, 1.80] 0.05 63% <107°  <0.001

6 Prioritized planning 521 35+4 0.07 [0.07, 0.07] 0.00 97% <107°  <0.001
Online RRT (cap 3000) 311 436 £+ 46 1.41[1.35,1.46] 0.07 66% <107®  <0.001
Online RRT (cap 1000) 332 462 +42 1.39 [1.34, 1.45] 0.14 64% <107°  <0.001
Online RRT (cap 300) 428 551 +55 1.29 [1.24, 1.34] 0.53 57% <107°  <0.001
Map2-naive hybrid 329 1942 +124 592 [5.71, 6.15] 0.29 — — —
Scripted connector (adapted) 363 891 & 66 2.45[2.39, 2.53] 0.07 54% <107®  <0.001

8 Prioritized planning 693 75+ 10 0.11 [0.10, 0.11] 0.00 96% <107°  <0.001
Online RRT (cap 3000) 396 787 £ 54 1.99 [1.93, 2.04] 0.09 59% <107®  <0.001
Online RRT (cap 1000) 422 844 +£55 2.00 [1.95, 2.05] 0.18 57% <107°  <0.001
Online RRT (cap 300) 557 1047 +90 1.88 [1.82,1.96] 0.57 46% <107®  <0.001
Map2-naive hybrid 399 2689 + 113 6.75 [6.62, 6.89] 0.32 — — —
Scripted connector (adapted) 434 1486 £ 112 3.43[3.32, 3.54] 0.10 45% <107  <0.001

10 Prioritized planning 865 120+ 10 0.14 [0.13, 0.14] 0.01 96% <107°  <0.001
Online RRT (cap 3000) 466 1274+ 76 2.73 [2.66, 2.80] 0.12 53% <107°  <0.001
Online RRT (cap 1000) 511 1350+ 73 2.65[2.59,2.71] 0.22 50% <107°  <0.001
Online RRT (cap 300) 689 1616 +92 2.35[2.29,2.41] 0.60 40% <107°>  <0.001

4.4. Throughput, Collision Composition, and Planning Cost Across Fleet Density

Throughput (tasks completed within the fixed budget) increases with fleet size on
Map?2: the completed-task counts in Table 4 rise monotonically with N for every method.
The collision rate per completed task also increases gradually with density as path intersec-
tions become more frequent, reproducing the qualitative scalability behavior reported in
the originating thesis; the same throughput trend appears in the Map1 scalability sweep
(Figure 9, left; Spearman p = +0.98 between fleet size and tasks, p < 0.001). Decomposing
collisions by type (Figure 6) shows why: the Map2-naive library carries a large static-obstacle
collision component—roughly 2.7-2.9 collisions per completed task at every fleet size (its
routes cross Map2 walls)—that is essentially absent from the Map2-adapted hybrid and
from online RRT, both of which plan around the static obstacles and so incur no obstacle
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collisions. This map-mismatch component dominates the naive library’s collisions at small
fleets and persists undiminished as N grows, even as robot—robot congestion—the residual
common to all three methods—rises with density and overtakes it at the largest fleets.
Figure 6 shows N = 4 and N = 10; the complete breakdown for all fleet sizes is given in
Table 5. This separates the map-mismatch failure mode (curable by adapting the library
and roughly constant in N) from the remaining density-driven congestion.

Table 8. Transfer on Map3 (corridor/bottleneck layout; 30 seeds, 2000 steps). The Map3-naive hybrid
deploys the Mapl-generated route library on Map3 unchanged; the Map3-adapted hybrid uses a
library generated on Map3 itself. Collisions are mean & SD per episode and collisions per completed
task carry a percentile bootstrap 95% CI. Reduction, p, pperm and Cliff’s § are computed against the
Map3-naive hybrid on per-episode collision counts, with p from a one-sided Mann-Whitney U-test
(naive > adapted) and pperm from a one-sided permutation test (10* resamples) in the same direction.

N  Method Tasks Collisions Coll./Task [95% CI] Fail Rate Reduction p Pperm )
2 Map3-naive hybrid 33 983 + 63 30.47 [28.22, 32.97] 0.77 — — — —
Map3-adapted hybrid 90 44+16 0.49 [0.43, 0.55] 0.14 96% <1075 <0.001 1.00
4 Map3-naive hybrid 64 2086 + 77 32.95[31.46, 34.51] 0.78 — — — —
Map3-adapted hybrid 178 285 +42 1.61 [1.52,1.70] 0.18 86% <107° <0.001 1.00
6 Map3-naive hybrid 92 3286+ 100  36.27 [34.68, 38.11] 0.80 — — — —
Map3-adapted hybrid 264 673 +71 2.56 [2.45, 2.68] 0.19 80% <107% <0.001 1.00
3 Map3-naive hybrid 127 4476 +£102 35.40 [34.29, 36.47] 0.79 — — — —
Map3-adapted hybrid 338 1277 + 107 3.79 [3.65, 3.94] 0.22 71% <1075 <0.001 1.00
10 Map3-naive hybrid 155 5862 + 138 38.02 [36.96, 39.15] 0.80 — — — —
Map3-adapted hybrid 418 2047 +£120 4.90 [4.76, 5.04] 0.25 65% <107° <0.001 1.00

Compared to the online RRT baseline (Figure 4), online RRT achieves the lowest
collision and failure rates—unsurprisingly, as it computes a fresh path toward each goal—
but at a steep and growing computational cost (Figure 8, Table 9): its search had to be
bounded (capped RRT iterations) merely to remain tractable at higher densities, and each
episode was markedly slower than the route-reusing hybrid, which invokes the planner
only to reconnect. The environment-adapted hybrid closes most of the gap to online RRT
(e.g., 1.11 vs. 0.81 collisions per task at four robots, 3.87 vs. 2.73 at ten) while avoiding fresh
planning for every task—the efficiency trade-off that motivates the hybrid design. To make
this comparison budget-aware rather than merely descriptive, the frontier in Figure 7 reruns
the online baseline at reduced per-call iteration caps (1000 and 300, versus the default 3000)
alongside the hybrid variants and prioritized planning. The outcome is more nuanced than
the descriptive comparison suggests. Tightening the cap collapses the online baseline’s
runtime (922 to 88 to 53 s per episode at ten robots) while leaving collisions per completed
task nearly unchanged (2.73, 2.65, 2.35): RRT’s per-iteration cost grows with tree size, so
most of the default-cap runtime is spent inside searches that run to the cap. What the larger
budget buys is reliability: the task-failure rate rises from 0.12 (cap 3000) to 0.22 (cap 1000) to
0.60 (cap 300) at ten robots, so at the tightest cap a majority of assigned tasks are abandoned
and the per-completed-task statistics cover only the easier tasks. At the intermediate cap,
online replanning is competitive with the adapted hybrid on this benchmark (lower runtime
and per-task collisions at a somewhat higher failure rate), so the budget-fair comparison
narrows the hybrid’s advantage: what remains is its far lower planner usage (at most
0.05 planner calls per completed task versus 1.2-2.5 for the default-cap online baseline,
and up to 3.7 at the reduced caps, where failed attempts recur), which matters when
each planning call is expensive. We report this narrowing openly; it sharpens, rather
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than undermines, the contribution, which is the route-library adaptation analysis, not a
superiority claim for the hybrid over online planning.

Table 9. Planning cost on Map2 (30 seeds, 2000 steps). Runtime is mean & SD wall-clock for the navi-
gation loop on one pinned CPU thread (11th Gen Intel Core i7-11700KF, 3.60 GHz; Intel Corporation,
Santa Clara, CA, USA; Python 3.12.3), excluding scenario construction, figure rendering and disk
1/0; the RRT-calls-per-task column is the number of online RRT planner invocations per completed
task. Online RRT attains the lowest collision rate but at far higher planning cost; the adapted hybrid
reuses routes and calls the planner rarely.

N  Method Runtime (s) RRT Calls/Task Coll./Task Fail Rate
Map2-naive hybrid 28.7+4.9 0.07 3.02 0.20
2 Map2-adapted hybrid 22.8+2.8 0.02 0.42 0.06
Online RRT 112.7 £79.7 1.15 0.23 0.01
Map2-naive hybrid 60.7 6.5 0.08 4.08 0.23
4  Map2-adapted hybrid 495+29 0.03 1.11 0.08
Online RRT 262.0 +158.0 1.44 0.81 0.04
Map2-naive hybrid 110.1 £10.7 0.12 5.01 0.26
6  Map2-adapted hybrid 87.8+73 0.04 2.09 0.12
Online RRT 462.4 +251.3 1.77 1.41 0.07
Map2-naive hybrid 153.0 £ 13.7 0.14 5.92 0.29
8 Map2-adapted hybrid 1324 £9.8 0.05 3.00 0.16
Online RRT 655.6 +330.1 2.07 1.99 0.09
Map2-naive hybrid 210.0 +19.6 0.16 6.75 0.32
10 Map2-adapted hybrid  184.6 +12.1 0.05 3.87 0.18
Online RRT 921.9 +470.9 2.45 2.73 0.12

Compute budget vs collision rate (Map2)

71 Map2-naive hybrid
Map2-adapted hybrid
6 online RRT, cap 3000

online RRT, cap 1000
online RRT, cap 300
prioritized planning
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Figure 7. Compute-budget frontier on Map2: mean episode runtime against collisions per completed
task for the hybrid variants, prioritized planning, and the online RRT baseline at three planning-
budget caps (3000, 1000, 300 iterations per call), one marker per method and fleet size; each method’s
N = 10 marker is annotated with its task-failure rate. Reducing the online planner’s budget collapses
its runtime with little change in collisions per completed task, but its task-failure rate rises steeply
(0.12, 0.22, 0.60 at ten robots for caps 3000, 1000, 300), so its completed-task statistics increasingly
reflect only the easier tasks; prioritized planning, which coordinates through a centralized reservation
table, dominates all communication-free methods.
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Planning-cost vs collision-rate trade-off (Map2)

Map2-naive hybrid
—#li- Map2-adapted hybrid
- Online RRT

collisions per completed task

400 600 800 1000 1200 1400
runtime / episode (s)

Figure 8. Planning-cost vs. collision-rate trade-off on Map2: mean wall-clock runtime per episode
against collisions per completed task, one marker per method and fleet size (N = 2,4,6,8,10,
annotated); horizontal bars are the across-seed runtime standard deviation and vertical bars the
percentile bootstrap 95% confidence interval on collisions per completed task. Online RRT reaches
the lowest collision rate but at roughly five times the Map2-adapted hybrid’s runtime (e.g., 922s vs.
185s at ten robots, calling the planner ~2.5 times per task versus at most 0.05 for the Map2-adapted
hybrid; the Map2-naive hybrid calls it more often, up to 0.16 per task); the Map2-adapted hybrid
recovers most of that collision reduction at a fraction of the cost, while the Map2-naive hybrid costs
about as much yet collides far more (Table 9).

4.5. Collision-History Sharing Gives Only a Limited Benefit

Evaluated at a high task throughput (2000 scheduler steps, ~245 completed tasks at
five robots), collision-history sharing yields only a limited benefit within the full framework
(Table 10). In that table, the Change column and the significance tests refer to the mean
per-episode collision count (the quantity tested), while Coll./task is the corresponding
workload-normalized rate, which changes by a similar amount; p is the one-sided Mann-—
Whitney U-test against no sharing, pyom applies a Holm—Bonferroni correction across
the four ablation comparisons, and the Significant column is judged after correction. On
Map1 at five robots, the mean per-episode collision count falls from 367 £ 64 (no sharing)
to 333 & 53 under selective access (Jspare = 0.6) and 339 & 58 under full access: selective
sharing gives a modest, nominally significant 9% reduction in collision count (Mann—
Whitney U on these per-episode counts, one-sided p = 0.024; permutation p = 0.014),
and full sharing an 8% reduction (p = 0.047; permutation p = 0.041); the corresponding
collisions-per-completed-task rate falls from 1.45 to 1.34 (selective) and 1.38 (full), with
the slightly smaller relative change reflecting the near-constant task count. The sharing
analysis comprises four comparisons (two maps x two participation levels), which we
treat as a single family and report both nominally and with a Holm correction (Table 10).
Both Mapl comparisons are nominally significant, but neither survives the family-wise
correction (Holm-adjusted p = 0.097 and p = 0.14); therefore, we read the sharing benefit
as limited and layout-dependent rather than robustly established. A simulation-based post
hoc power analysis places the power to detect the observed Map1 effects at n = 30 seeds per
arm at 0.62 (selective) and 0.53 (full), and the minimal collision reduction detectable with
0.80 power at this sample size is about 15% of the no-sharing mean, so the effects of roughly
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the observed magnitude sit near the detection threshold and smaller ones could escape
it. We find no evidence that full sharing increases collisions relative to selective access
(one-sided p = 0.40 in that direction), and no monotonic dose-response: the access-fraction
sweep is essentially flat (Figure 10; Spearman p = —0.06, p = 0.44). On Map2, the effect
is smaller and not significant (full 5%, p = 0.16; selective 2%, p = 0.43). The framework’s
three-step look-ahead and environment-matched routes already keep collisions manage-
able, leaving little persistent congestion for the shared map to act on—so the near-halving
reported from the originating thesis’s single preliminary run is not reproduced here. Cru-
cially, this small benefit is undetectable at low task throughput (Figure 11): because the shared
map H fills only as tasks complete (panel A), short episodes leave it nearly empty, and
the collision-rate gap between full and no sharing is statistically indistinguishable from
zero (panels B,C). In this regime, we cannot separate two compatible explanations—the
mechanism has little accumulated history to act on, and few completed tasks give the test
little power to detect such a small effect—so we report only that sharing has no measurable
effect below roughly 1000 scheduler steps (the horizon at which the bootstrap interval first
excludes zero in Figure 11), without claiming that the underlying effect is exactly zero.

Table 10. Collision-history sharing on the native route library of each map (five robots, 30 seeds,
2000 steps). One-sided permutation tests (pperm, 10,000 resamples) are reported alongside the Mann—
Whitney U-tests. Both Map1 conditions are nominally significant before correction, and neither
survives Holm correction.

Map Gshare Collisions Coll./Task Tasks Change p Pperm PHolm Significant

0.0 367 + 64 1.45 254 — — — — —
Mapl 0.6 333 +53 1.34 249 —9.3% 0.024 0.014 0.097 no

1.0 339 + 58 1.38 245 —7.7% 0.047 0.041 0.140 no

0.0 380 + 62 1.64 233 — — — — —
Map2 0.6 374+ 49 1.62 231 —1.6% 0.432 0.343 0.432 no

1.0 362 + 62 1.56 233 —4.7% 0.156 0.130 0.311 no
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Figure 9. Collision-history sharing at realistic task throughput (Map1, 30 seeds): throughput (A) and
collisions per completed task (B) versus fleet size, with and without selective sharing (gshare = 0.6);
the shaded band around each curve is the percentile bootstrap 95% confidence interval across the
30 seeds. Selective sharing preserves throughput and produces only small changes in collision rate;
the five-robot ablation (Table 10) shows that this selective-access effect does not survive multiple-
comparison correction.
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No dose-response across sharing access fraction
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Figure 10. Access-fraction sweep (Map1, five robots, 30 seeds): collisions per completed task versus
the fraction ggp,re Of robots with collision-history access. Points are means with percentile bootstrap
95% confidence intervals (not connected, to avoid implying a dose-response); the dashed line is
the no-sharing baseline. The sweep is essentially flat (Spearman p = —0.06, p = 0.44): there is no
monotonic dose-response.
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Figure 11. Throughput dependence of collision-history sharing (Map1, five robots). (A) The shared
collision map H populates only as tasks complete (a representative run, seed 0). (B) Collisions per
completed task for the three sharing levels (ggpare = 0,0.6,1.0) across episode lengths; error bars are
bootstrap 95% ClIs. (C) Full-sharing collision reduction versus episode length, with a bootstrap 95%
CI band (gray) about the zero reference line: the difference is statistically indistinguishable from zero
at short horizons (when H is nearly empty) and becomes measurable only once enough completed
tasks have populated H.

5. Discussion
5.1. What Governs Navigation Quality

The dominant factor in this decentralized framework is the alignment between the
route library and the deployment environment. Because the BC policy imitates expert
routes, its behavior is only as good as the routes it can draw on: a library generated for a dif-
ferent map carries that map’s assumptions—including paths through cells that are obstacles
in the new environment—and the robots inherit those mistakes. Adapting the library to the
deployment map restores performance, transferring the learned navigation skill with the
planner and policy unchanged. This is a concrete, measurable instance of the covariate-shift
limitation of imitation learning [7], and of its remedy by distribution alignment.

This sensitivity to the gap between training and deployment conditions is not specific
to our setup. Learning-based navigation is known to be sensitive to distribution drift
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between the conditions a policy is trained on and those it meets at deployment [32], and
methods that learn purely from demonstration similarly falter once a robot must act in
cluttered configurations outside the demonstrated range [33]. Our route-library result is
the grid-navigation instance of the same phenomenon: the policy is only as good as the
offline routes it imitates, so realigning those routes to the deployment map is what restores
performance. A complementary route to robustness, pursued mainly in manipulation, is
to distill a large corpus of sampling-planner solutions into a single reactive policy that
generalizes across scene layouts [34]; our results indicate that, for a fixed policy, the cheaper
lever of regenerating the route library on the target map is already decisive.

Behavior Cloning is attractive here precisely because it is the simplest form of imita-
tion learning—a supervised mapping from observations to actions that needs neither a
reward function nor a dynamics model [35,36]. That simplicity is also its weakness: with
no mechanism to correct for states unseen in the demonstrations, environment-specific
assumptions are baked into the policy, which is why demonstration- or planner-derived
priors are frequently paired with additional components to improve generalization [37].
Our hybrid retains BC for fast reactive control and delegates only the harder, environment-
specific reconnection to the planner, which localizes the covariate-shift problem to the
route library.

The BC network itself is trained once, offline, and remains frozen at deployment: no
weight is updated during or between episodes. The framework’s response to dynamically
changing congestion therefore comes not from the policy but from the machinery around it:
the runtime route filter rejects routes blocked in the robot’s local occupancy window at the
moment of selection, the probabilistic online-RRT reconnection replans around persistent
blockages, and, when the optional add-on is enabled, the shared collision-history map
biases route choice away from cells where congestion has repeatedly occurred. This division
of labor is deliberate, as it keeps the learned component simple and auditable, but it also
means the policy cannot specialize to congestion patterns it never saw during training;
online adaptation of the policy parameters themselves, for example through adaptive-critic
learning schemes [38], is an orthogonal extension outside the scope of this study. The
scripted-connector ablation (Section 4.2) reinforces this reading from the other side: on
these grids, a deterministic greedy controller with the same interface performs at least as
well as the trained network, so the learned component is the replaceable part of the pipeline
and the route library is the load-bearing one. We retain the BC connector as the faithful
re-implementation target, but a deployment on comparable grid worlds could simplify it
away; whether learned connectors pay off in richer dynamics, where greedy unit steps are
no longer near-optimal, is a question this benchmark cannot answer.

5.2. The Role of Collision-History Sharing

Collision-history sharing is a low-cost way to steer robots away from cells that have
repeatedly caused collisions, requiring no direct inter-robot messaging. Evaluated within
the full hybrid framework and at a realistic task throughput, its benefit is limited: sharing
yields small, nominally significant reductions on Map1 (9% under selective and 8% un-
der full participation, neither surviving Holm correction across the sharing comparisons),
while a second layout shows no significant change, and there is no clear dose-response.
The mechanism is most useful where the base navigation leaves persistent congestion;
here, the framework’s three-step look-ahead and environment-matched routes already
keep collisions manageable, so little remains for the shared map to remove—and the
near-halving reported from the originating thesis’s single preliminary run does not re-
produce over repeated, seeded trials. The effect also depends on the shared map having
accumulated enough history: at low throughput, the database stays nearly empty, and no
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effect is detectable, so reporting this throughput dependence is essential to evaluating the
mechanism fairly.

Collision-history sharing is an indirect, stigmergy-like form of coordination: robots
influence one another only through a shared spatial record of where collisions recur,
never through direct messages. This contrasts with the bulk of decentralized multi-robot
navigation, where coordination is achieved through explicit communication—for exam-
ple, decentralized multi-agent RRT in which agents pass a planning token and exchange
planned trajectories to guarantee mutual collision avoidance [39]—and with classical re-
active schemes that must resolve static-obstacle and inter-robot collisions at once and are
prone to local-minima deadlock [40]. The appeal of a message-free shared signal is its
near-zero coordination cost; our results temper that appeal by showing that, once the base
navigation is strong, the residual congestion that such a signal can remove is small.

5.3. Generality and Relation to Planning—Learning Hybrids

The framework is within a broad and active effort to combine classical planning
with learning, spanning sampling-based planners, supervised policies, and reinforcement
learning [41]. Sampling-based planners such as RRT remain a workhorse for mobile robot
path planning, and their cost is dominated by collision checking [42] and by parame-
ters such as step size and iteration budget [43]; pairing them with learned components
is increasingly common in industrial mobile robotics, for example, combining an RRT
global planner with learned perception inside an ROS navigation stack [44]. Other hybrids
augment a reinforcement-learning agent’s action space with a motion planner [45], or
pair a demonstration-learned task model with a sampling-based planner so that a robot
reproduces demonstrated behavior while still avoiding obstacles absent from the demon-
strations [46]. Against this backdrop, our contribution is deliberately narrow: we reuse
the original planner and policy verbatim and isolate the effect of route-library provenance,
which is what lets the adaptation effect be attributed cleanly rather than confounded with
architectural changes.

It is also worth delineating where the discrete-grid framework studied here stops
and continuous-space methods with formal guarantees begin. Our robots move on a
grid with an idealized kinematic model, so safety is enforced combinatorially (collision-
checked routes and look-ahead) rather than analytically. In continuous state spaces, safe
multi-robot coordination is instead certified through control-theoretic machinery, most
prominently control-barrier functions [47], including safety-barrier certificates for collision-
free multi-robot systems [48]. Likewise, when convergence time must be guaranteed,
rather than measured, fixed-time stabilization theory [49] and adaptive-critic learning
control [38] provide prescribed-performance alternatives. These families address controller-
level guarantees for continuous dynamics that our discrete framework neither needs nor
provides; conversely, the route-library provenance question we quantify arises whenever
plans are reused across environments, regardless of the underlying controller. Extending
the present framework toward continuous spaces or higher dynamicity would make those
tools the natural complement, with the route library supplying environment-specific priors
and the certified controller supplying safety and convergence guarantees.

5.4. Limitations

The study is in grid-based simulation; real deployments add sensing noise, continuous
dynamics, and safety constraints. Sensing, in particular, is idealized: each robot reads its
own pose and a 5 x 5 local occupancy window directly from the simulator, with no sensor
noise, no localization uncertainty, and no perception latency, so the reported numbers
should be read as an upper bound on what a physical fleet with real sensing would
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achieve, and how the route-selection and look-ahead mechanisms degrade under noisy
pose estimates remains untested. Behavior-cloning policies, in particular, carry a well-
documented sim-to-real gap, so a simulation-trained policy needs physical validation before
its numbers can be expected to transfer [50]. Absolute counts depend on modeling choices
(the collision metric counts predicted blocked-move events; the shared map accumulates
without decay; the access subset is fixed per episode), so the robust claims are the large
route-library-adaptation effects and their directional consistency across seeds—not the
precise magnitudes, and not the marginal collision-history-sharing effect, which does
not survive multiple-comparison correction. The evaluation now spans three layouts,
block geometry (Map1, Map2) and a corridor/bottleneck structure (Map3), but three hand-
authored 50 x 50 grids remain a limited sample of industrial floor plans, so claims about
warehouse environments in general should be read with that scope in mind.

5.5. Future Work

Several directions follow directly from these limitations. The environment-adapted
route library here was produced offline, and real warehouse layouts drift over time; because
offline plans are computed once and grow stale as the scene changes [51], generating
such adaptation online and at scale is a natural next step, for example, by triggering
incremental library repair (Section 3.4) from an online replanning behavior tree [51], or
by handling moving obstacles through sequential neural control-barrier certificates [32].
Further directions include comparing against optimal multi-robot solvers (e.g., conflict-
based search [11], whose suboptimal variants [12] extend the prioritized baseline added
here), deep-reinforcement-learning navigation baselines (excluded here because training
a new policy would confound the isolated route-library question), and continuous-space
collision-avoidance methods (e.g., ORCA [52]), adding a decaying shared collision-history
map, and validating the framework on physical robots.

6. Conclusions

We presented a faithful, fully reproducible re-implementation of a hybrid RRT + Behav-
ior Cloning framework for decentralized multi-robot navigation in grid-based industrial
environments, reusing the original trained network, planner and route data, and a quan-
titative analysis of environment-specific route-library adaptation within it. Our central
finding is that navigation quality is governed by the match between the expert route library
and the deployment environment: regenerating the library on the deployment map cuts
collisions by 38-85% and task failures by 43-70% relative to a Map2-naive library across
five fleet sizes (2, 4, 6, 8, 10 robots) over 30 seeds, with Mann—-Whitney and permutation
tests in agreement, and the effect replicates on a third, structurally different corridor layout
(65-96% collision reductions on Map3). The baselines added in this revision bound the
effect: offline filtering, repair, or regeneration of invalid routes recovers most of the gain; a
scripted connector in place of the trained BC network performs at least as well, locating the
environment-specific knowledge in the route library rather than in the learned connector;
prioritized planning over a shared reservation table bounds from above what centralized
information achieves; and capping the online RRT baseline’s planning budget preserves
its per-task collision quality at far lower runtime while sharply raising its task-failure
rate, so the reuse-versus-replan decision trades planner usage against task reliability. A
collision-history-sharing add-on that coordinates through a shared map rather than direct
messaging, evaluated across repeated seeded trials, gives only a limited benefit—nominally
significant 8-9% collision reductions on Map1 (not surviving multiple-comparison correc-
tion), but no significant change on a second layout—so the near-halving suggested by the
originating thesis’s preliminary single run does not reproduce within the full framework,
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and the effect is undetectable at low task throughput. By making the deterministic code
and raw results available in the public repository—and by documenting the throughput
and route-filtering conditions under which each effect appears—we aim to make these
results directly reproducible and the framework a reliable basis for further work.
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