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Abstract—Shared-workspace multi-manipulator planning re-
peatedly faces a representation decision: exploit efficient de-
coupled/hybrid planning or escalate to coupled composite-space
search. We cast this as coupling-aware exploration over planning
representations: the system probes interaction structure before
deciding whether to exploit cheap decoupled/hybrid planning or
explore a more expensive coupled composite-space representa-
tion. Our framework logs interpretable interaction descriptors,
routes tasks among decoupled, hybrid, and joint-space modes,
and evaluates these policies on 4,000 PyBullet tasks and 32,000
planner runs. Coupling-aware routing improves paired solve
outcomes over random and pure joint-space routing, while
matching the best fixed-mode solve rate in the selection ablation.
The main contribution is a regime-level account of escalation
under interaction uncertainty: coupling descriptors indicate when
hybrid exploitation is sufficient, when deeper coupled search is
warranted, and where selector overhead remains.

Index Terms—multi-manipulator planning, planner selection,
motion planning, shared-workspace robotics, adaptive planning,
exploration

I. INTRODUCTION

Shared-workspace robot cells rarely fail because one arm
cannot move. They fail because several individually plausible
motions compete for the same volume, at the same time,
under a finite planning budget. A pair of collision-free single-
arm paths may still collide when executed synchronously; a
conservative joint-space planner may avoid that interaction but
spend its budget in a much larger search space. This tension
is central to practical multi-manipulator planning.

Most systems resolve the tension with fixed engineering
choices. Decoupled and prioritized planners are fast when
interaction is weak, but brittle when timing matters. Fully
coupled planners represent robot—robot constraints directly, but
their cost grows with the composite configuration space. Hy-
brid stacks sit between these extremes and are often effective
in practice, yet they leave open a policy question: when should
the system escalate its representation of coupling?

We study that question as coupling-aware planner explo-
ration. The selector computes inexpensive interaction probes
and routes each task among decoupled, hybrid, and joint-space
modes. The goal is to make escalation measurable: identify
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regimes where routing choices fail and quantify robustness—
runtime tradeoffs.

Figure 1 summarizes the central empirical observation:
the benchmark organizes into planning regimes in coupling-
feature space rather than around a single globally dominant
routing mode. We therefore frame the result as an empirical
study of escalation policy rather than a leaderboard.

Here, planner exploration means choosing how deeply to
search over planning representations under limited budget:
cheap decoupled/hybrid structure versus more expressive but
expensive coupled search.

The contributions are:

o A coupling-aware formulation of shared-workspace plan-
ning as representation exploration over decoupled,
hybrid-stack, and joint-space routing.

o A coupling-feature telemetry framework that logs syn-
chronized overlap, crossing stress, proximity, congestion,
and conflict density.

e A benchmark-scale empirical comparison with fixed
seeds and paired tasks (4,000 tasks, 32,000 benchmark
runs, 24,000 selection-ablation runs).

e A telemetry-based regime and failure analysis that ex-
plains escalation behavior beyond leaderboard ranking.

II. RELATED WORK

Recent work has renewed interest in multi-robot and multi-
manipulator planning under shared-workspace constraints.
Online coordination for high-DOF manipulators emphasizes
scalable trajectory adjustment and replanning [18], [25],
while scheduling-centric hybrid coordination exploits indi-
vidual plans before escalating to stronger coupled reasoning
[19], [22], [23]. Hierarchical optimization approaches for con-
fined multi-robot manipulation [24] and industrial multi-robot
TAMP pipelines [26] further support this systems perspective.

Learning-based multi-robot planning has also advanced
quickly. Diffusion-based methods generate diverse multi-robot
trajectories and combine learned priors with feasibility han-
dling [20], [21]. Our work is complementary: instead of
replacing classical planners with a learned generator, we study
coupling-aware routing over decoupled, hybrid, and joint-
space modes.
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Fig. 1. Anchor regime map from the selection ablation. Axes show coupling risk and congestion score; point color indicates the fastest successful policy per

task; contour lines indicate task density. The figure shows regime-dependent behavior rather than a single globally dominant routing mode.

A. Sampling-Based Manipulation Planning

Sampling-based planning remains central in high-
dimensional manipulation: RRT/RRT-Connect/PRM
[1], [2], [3], optimal variants such as RRT* [4], and
informed/batch/tree refinements [5], [6], [7]. Our work does
not propose a new primitive; it studies when to explore
different planning representations for shared-workspace
multi-arm tasks.

B. Multi-Robot and Multi-Manipulator Coordination

Multi-robot planning balances decoupled coordination
against coupled search. Prioritized methods [8], [9] are ef-
ficient but order-sensitive, while coupled formulations scale
poorly; MAPF/CBS formalize this tradeoff in discrete settings
[10]. Hybrid systems exploit cheap representations first and
escalate when needed. We make this escalation explicit and
evaluate it as a routing policy.

C. Planner Portfolios and Algorithm Selection

Planner portfolios choose algorithms from problem features
[11], [12]. In robotics this appears as planner switching and
budgeted routing; the bottleneck is informative descriptors for
interaction-heavy tasks. We therefore use compact coupling
descriptors and evaluate policy behavior directly. Related
learning-guided and optimization-based planning lines [13],
[14], [15], [16], [17] provide context for this routing perspec-
tive.

D. Empirical Robotics Evaluation

Empirical planning claims depend on paired comparisons,
held-out splits, confidence intervals, and failure analysis. We

report Wilson intervals, paired McNemar tests, and bootstrap
runtime intervals on both-solved tasks.

III. PROBLEM FORMULATION

Consider N manipulators operating in a shared workspace.
Robot ¢ has configuration ¢; € C;, start configuration s;, and
goal configuration g;. The composite configuration is

Q=(q,... ey
A synchronized multi-robot path is a set of discrete trajectories
= {mi(0: T)}L,, @)

with execution evaluated at synchronized index ¢ by holding
shorter paths at their final waypoint:

Q(t) = (m(min(t, T1)), ..., 7y (min(t, Tn))).  (3)

The path is valid if each robot begins at its start, reaches its
goal, respects single-robot collision constraints, and satisfies

collide(Q(t)) =0 Vi, “4)

7QN)€C:C1><~'><CN.

including interpolated edge checks between waypoints.

We study planner selection rather than only path generation.
Let A = {ap,am,a;} denote decoupled, hybrid, and joint-
space modes. Given task x = (E, S, G, N), a selector chooses

a = my(p(x)), (5)

where ¢(x) is a vector of coupling features. We evaluate solve
rate, runtime on solved tasks, path length, collision checks, and
failure type rather than optimizing a single scalar. This reflects
the systems tradeoff: small speed gains can be unacceptable
if they introduce unsolved tasks, while predictable overhead
may be acceptable when it improves robustness.
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Fig. 2. HyCoS routing pipeline used in this paper: task input, coupling probe,
selector routing (decoupled / hybrid / joint), synchronized validation, and
fallback escalation when validation fails.

IV. COUPLING-AWARE PLANNING FRAMEWORK
A. Planning Modes

We refer to the hybrid coordination stack as HyCoS, short
for Hybrid Coordination Search. HyCoS is not a new primitive
sampling planner; it is a coordination stack that combines di-
rect single-robot attempts, per-robot sampling-based planning,
synchronized validation, scheduling, and fallback escalation.
In the experiments, HyCoS denotes the fixed always-hybrid
policy. AdaptiveHyCoS denotes an earlier adaptive baseline
included for comparison. CA-HyCoS, short for Coupling-
Aware Hybrid Coordination Search, denotes the final coupling-
aware selector studied in this paper.

The framework routes each task among three planning
modes. The decoupled mode plans individual robot motions
and relies on the HyCoS scheduling component to validate
synchronized execution. It is appropriate when independent
motions do not create shared occupancy conflicts.

The hybrid mode uses the full HyCoS stack: direct attempts,
local sampling-based planning, scheduling, and fallback. It is
fast because many tasks are solved before composite search is
necessary, yet it retains escape routes when simple decoupling
fails.

The joint mode invokes a composite-space RRT-style plan-
ner. It represents inter-robot collision constraints directly, but
is most exposed to dimensionality and sampling burden. In our
implementation, joint mode may fall back to hybrid planning
after a small joint budget is exhausted.

B. Coupling Features

The selector uses features computed before planning from
sampled straight-line probes between starts and goals. These
features are not physical probabilities; they are normalized
stress indicators designed to expose likely interaction structure.

For a pair of robots (i, j), let

gi(a) = (1 — a)s; + agi, (6)

and similarly for g;(c). The synchronous path-overlap fea-
ture estimates the fraction of paired samples for which both
robots moving at the same interpolation parameter produce a
composite collision:

1 K
fsync=|7,K(Z " 1{collide(Quy (e can)}. (7)

i,j)EP k=1

The asynchronous crossing feature samples independent inter-
polation parameters:

fcross = Ea,ﬁ [1{COHide(Qij (Oé, ﬁ))}] ) (8)

which is meant to detect ordering-sensitive conflicts that may
not occur under perfectly synchronized motion.

We also compute a midpoint proximity feature fiiq, a
congestion proxy fcong based on robot count and obstacle
count, and a joint conflict density term fge,s that scales path
overlap by normalized motion magnitude. The aggregate risk
score used for threshold routing is

7 = 0.28 fsync + 0.22 feross + 0.18 finia
+ 0']—7fcong + 0']—5fdens'

The weights in (9) are heuristic calibration constants, selected
during pilot runs to keep each normalized feature on a compa-
rable influence scale while preserving monotonic risk ordering.
We do not claim these coefficients are universal or physically
derived; they are benchmark-specific operating values used for
transparent thresholding and visualization. The learned CA-
HyCoS selector uses seven inputs: the five coupling terms in
Eq. (9), plus normalized robot count and normalized motion
magnitude. The scalar risk r is used only for visualization,
threshold routing, and regime analysis.

€))

C. Telemetry

Every run logs selected mode, fallback usage, collision
checks, coupling features, solve status, runtime, and failure
reason. These logs separate first-choice success from escala-
tion recovery and drive all figures/tables.

V. PLANNER SELECTION PoLICY
A. Learned and Threshold Policies

CA-HyCoS is the learned coupling-aware selector used as
the final adaptive policy. We also evaluate a threshold-only
policy over the scalar risk score r. The learned policy is a
random forest trained on empirical oracle labels: the fastest
successful logged mode mapped to decoupled, hybrid, or joint
classes.

The second policy is a two-threshold rule over r:

ap, T < Tlow,

m(r) = am, Tow <7 < Thigh, (10)

aj, T 2 Thigh-

The calibrated thresholds are 75w, = 0.05 and Thign = 0.75,
with held-out threshold accuracy 0.6495 on the mode-label
objective. A conservative default rule is used when no learned
model or calibrated thresholds are available. Algorithm 1
summarizes the online routing and fallback logic used in our
implementation.

B. Fallback Logic

Routing is not a hard commitment. If joint mode fails within
budget, the planner falls back to the hybrid stack; if decoupled
mode fails, it escalates to hybrid planning. This keeps early
routing reversible at the cost of extra overhead.



Algorithm 1 CA-HyCoS adaptive selector (runtime policy)

Require: task (E, S, G), feature probe ¢(-), selector w, modes

{ap,am,as}

1: compute coupling features z <+ ¢(F,S,G) and risk
summary r

2: choose routing mode a + 7(2)
policy

3: run planner in mode @ and obtain candidate plan II

4: if II is missing or invalid under synchronized validation
then

5: escalate/fallback (e.g., ap — ag or ay — ag),
recompute 11

6: end if

7. return II (or failure)

> learned or threshold

TABLE I
ENVIRONMENT DETAILS FOR THE 4,000-TASK BENCHMARK.

Env. Robots Layout Coupling character Tasks
1 1 Separated workspace No inter-robot coupling 1000
2 2 Partial overlap Moderate coupling 1000
3 3 Central interaction region Medium-high coupling 1000
4 5 Dense shared workspace High coupling 1000

C. Why the Selector Is Not an Oracle

We define the oracle mode label as the mode class of
the fastest successful planner on that task among the logged
candidate planners. The learned selector’s oracle-match accu-
racy is modest because fastest-planner labels are noisy and
often separated by small runtime differences. In the held-out
environment split, oracle match is 31.7% with 100.0% solve
rate and median runtime gap 0.0087 s. Its value is robust
escalation behavior, not exact oracle imitation.

VI. EXPERIMENTAL SETUP
A. Benchmark

Experiments use PyBullet shared-workspace scenes with
URS5-like manipulators. The full benchmark contains 4,000
tasks from four environments, 100 seeds, and 10 start—goal
pairs per seed. Each task is evaluated with eight planners,
producing 32,000 rows. The selection ablation evaluates six
routing policies on the same tasks, producing 24,000 rows.

The full benchmark planners are BasicRRT, RRTConnect,
Prioritized, Sequential, JointSpaceRRT, HyCoS, AdaptiveHy-
CoS, and CA-HyCoS. The selection-ablation policies are
Adaptive, Decoupled, Hybrid, Joint, Threshold, and Random
under identical task seeds and validation.

B. Metrics

We report solve rate with Wilson confidence intervals,
median runtime on solved tasks, path length, collision-check
counts, fallback frequency, and failure type. For paired solve-
rate comparisons, we use McNemar tests between CA-HyCoS
and each selection baseline. For runtime, we report bootstrap
confidence intervals on paired differences over tasks solved by
both planners. This both-solved runtime statistic is useful but

TABLE II
SELECTION ABLATION OVER 4,000 PAIRED TASKS. SOLVE INTERVALS ARE
WILSON 95% INTERVALS. MEDIAN RUNTIME IS COMPUTED ON SOLVED

TASKS.
Policy Solve rate Med. rt (s)
CA-HyCoS 99.95 [99.82, 99.99]  0.0374
Decoupled  99.88 [99.71, 99.95]  0.0518
Hybrid 99.95 [99.82, 99.99]  0.0124
Joint 97.72 [97.22, 98.14]  0.0374
Threshold  99.95 [99.82, 99.99]  0.0356
Random 99.03 [98.67, 99.29]  0.0323

TABLE III
FULL BENCHMARK SUMMARY OVER 32,000 RUNS. HYCOS AND
CA-HYCOS MATCH THE HIGHEST SOLVE RATE; HYCOS HAS THE LOWEST
MEDIAN RUNTIME ON THIS SUITE.

Planner Solve (%) Med. 1t (s)
BasicRRT 71.35 0.0099
RRTConnect 74.75 0.0097
Prioritized 96.93 0.0312
Sequential 94.85 0.0389
JointSpaceRRT 97.63 0.0155
HyCoS 99.95 0.0057
AdaptiveHyCoS 97.80 0.0185
CA-HyCoS 99.95 0.0194

incomplete: it excludes tasks on which one planner fails, so it
must be interpreted alongside solve rate.

VII. RESULTS
A. Finding 1: Coupling-Aware Routing Avoids Bad Extremes

The first result is that coupling-aware routing reduces the
most damaging planner choices. In Table II, CA-HyCoS solves
99.95% of tasks, matching AlwaysHybrid and ThresholdOnly
within the reported precision. Its clearest paired gains are
against AlwaysJoint and RandomSelection: 90 adaptive-only
successes versus one joint-only success over 4,000 tasks
(p = 2.84 x 10729, and 37 adaptive-only successes versus
no random-only successes (p = 3.25 x 1079).

The lesson is not that joint-space planning is weak; it is
that pure joint-space commitment is a poor default under a
finite budget. Coupling-aware selection improves robustness
by deciding when coupled search is worth invoking, rather
than invoking it everywhere.

B. Finding 2: Hybrid Planning Is the Dominant Default

AlwaysHybrid matches adaptive solve rate and has lower
median runtime. In the full benchmark, HyCoS reaches
99.95% solve with median solved runtime 0.0057 s versus
0.0194 s for CA-HyCoS. This reinforces the regime interpre-
tation in Fig. 1: hybrid exploitation is often sufficient, while
coupling-aware escalation helps avoid poor routing extremes.

C. Finding 3: Selection Buys Robustness, Not Free Speed

On tasks solved by both planners, CA-HyCoS is slower on
average than the fixed baselines. For example, AlwaysHybrid
is faster by a mean of 0.470 s on the both-solved subset, with
bootstrap 95% interval [0.398,0.551] s. This runtime gap is
the price of feature computation, conservative routing, and
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Fig. 3. Selector boundary in coupling-risk and congestion space with median-
fixed remaining features. Colored regions indicate predicted planner class and
black contours indicate selector confidence levels.

TABLE IV
STRESS SUBSETS FROM THE SELECTION ABLATION. VALUES ARE SOLVE
RATES.
Subset n  CA-HyCoS Hybrid Joint / Random

99.92%
99.95%

99.92%
99.95%

97.74% 1 99.00%
97.50% / 98.85%

High coupling ( high-risk bin) 1196
Large robot count (> 3) 2000

occasional recovery. This mean gap is larger than the median
gap because fallback-heavy cases create a long runtime tail.

Coupling-aware selection improves robustness against poor
routing but is not yet speed-optimal against the strongest fixed
hybrid policy.

D. Finding 4: The Selector Is Conservative Rather Than
Oracle-Like

The oracle analysis reinforces the same point. AlwaysHy-
brid has the smallest mean runtime gap to the fastest successful
planner, with an oracle-close rate of 84.9% under a 0.01 s
threshold. CA-HyCoS is less often runtime-close to the oracle
(48.6%), but has a near-zero solve gap.

Held-out splits show similar behavior. Training on envi-
ronments 1-3 and testing on environment 4 yields a 100.0%
selector solve rate and zero solve gap relative to the oracle,
but only 31.7% exact oracle-planner match. The selector often
chooses a reliable mode rather than the fastest logged option,
which is acceptable for a robustness-oriented system but leaves
room for budget-aware selection.

VIII. WHERE SELECTION MATTERS

A central question is whether explicit selection is necessary
when the hybrid stack is already strong. On this benchmark,
the necessity argument is not “adaptive beats hybrid every-
where.” It is that adaptive routing avoids poor escalation
extremes in coordination-stress subsets while preserving the
same high solve regime as hybrid.
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Fig. 4. Robot-count stress trends for the adaptive selector. Fallback and joint-
mode invocation vary with robot count, while the adaptive selector maintains
near-zero solve gap relative to hybrid.

Table IV shows the pattern directly: in high-coupling
and larger-robot subsets, adaptive and hybrid preserve near-
identical solve performance, while pure joint-space and ran-
dom routing drop. This is where selection is useful as a
systems safeguard: it avoids repeatedly selecting weak extreme
modes under coordination stress.

A. Feature Sensitivity and Runtime-Cost Transparency

To test fragility, we perturb Eq. (9) weights by +20%
one term at a time and recompute risk ranking offline. The
perturbed scores remain strongly aligned with baseline risk
(Pearson correlation > 0.997 across all perturbations), which
indicates the regime ordering is not dominated by a single
coefficient choice.

For runtime cost, telemetry shows adaptive median runtime
0.0375 s, median 276.5 collision checks, and fallback rate
28.8%. These are not component timers, but indicate overhead
from feature computation, validation, and fallback.

B. Why Hybrid Dominance Does Not Invalidate the Study

Hybrid dominance supports, rather than contradicts, the
paper’s premise: escalation policy is central. The hybrid stack
succeeds because it encodes effective escalation behavior. The
adaptive selector’s role is to make this decision process ex-
plicit, auditable, and analyzable by regime, instead of treating
escalation as opaque implementation detail.

IX. PLANNING REGIME ANALYSIS
A. Risk Bins

We divide tasks into tertiles by aggregate coupling risk: low
risk 7 < 0.1008, medium risk 0.1008 < r < 0.2453, and high
risk above that threshold. AlwaysHybrid is dominant in all
three bins when dominance is defined as highest solve rate
with median-runtime tie-break. In low-risk tasks, decoupled
and hybrid policies solve all tasks, while AlwaysJoint drops
to 98.7%. In high-risk tasks, adaptive and hybrid both solve
99.9%, while AlwaysJoint remains around 97.2%.

Thus, higher heuristic coupling risk does not imply “use
joint-space planning everywhere.” In this benchmark, high-
risk tasks often benefit from trying cheap structured solutions
before escalating. Coupling risk is best interpreted as a signal
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for careful escalation, not a command to search the full
composite space.

B. What Coupling Risk Captures

The coupling features are most informative when they
describe how independent motions interact in time. Syn-
chronous overlap catches collisions under matched progress.
Asynchronous crossing stress catches shared workspace use at
different progress values. Midpoint proximity captures arms
meeting near fixtures or central obstacles, while congestion
and joint conflict density provide scene context.

Feature ablations show small drops in oracle-mode predic-
tion accuracy when removing individual features. Congestion
score produces the largest drop, 0.0035, followed by normal-
ized robot count, proximity risk, and joint conflict density. The
robust finding is not that any single feature predicts the winner,
but that the feature vector supports interpretable regimes and
stable avoidance of poor routing.

C. Escalation Boundary

The regime boundary analysis finds a heuristic joint-versus-
rest split around r = 0.3903, but no sharp phase transition.
This is expected: continuous manipulation regimes are shaped
by obstacle layout, robot count, start—goal geometry, and
timing. The practical role of r is to order tasks by coupling
stress, while the full feature vector and fallback logic handle
ambiguity near boundaries.

X. FAILURE ANALYSIS

The failure logs show four recurring patterns: synchro-
nized occupancy conflict, congestion-driven no-path outcomes,
narrow-passage interpolation failure, and scheduler failure. All
four are coordination failures rather than simple single-arm
planning failures.

These failures explain both sides of the escalation tradeoff.
Pure decoupling can miss synchronized conflicts; pure joint-
space planning can spend its budget in a high-dimensional
space when a structured hybrid solution would have been
found quickly.

XI. DISCUSSION

Coupling is an operational measure of how strongly each
robot’s success depends on the timing and geometry of the
others. The proposed features approximate this dependency
before full planning: cheap and imperfect, but useful for
escalation guidance.

Hybrid planning performs well because many tasks do not
require composite-space search from the first sample. Direct
paths, individual-arm RRT-Connect attempts, and scheduling
solve many cases; fallback recovers some tasks that defeat pure
decoupling. This explains why AlwaysHybrid is the strongest
fixed baseline.

The adaptive selector should therefore be viewed as a
baseline for coupling-aware routing, not a final algorithm.
Its value is to make escalation observable, auditable, and
analyzable by regime. It improves robustness over poor routing
choices, but does not beat the hybrid stack’s runtime.

XII. LIMITATIONS

This study is simulator-only. Experiments use PyBullet,
fixed robot models, and a finite set of shared-workspace
environments. We do not evaluate perception noise, calibration
error, controller tracking error, object uncertainty, or hardware
execution; the results are planning-system evidence, not de-
ployment evidence.

The environments are fixed rather than procedurally gen-
erated. The coupling metrics are heuristic descriptors rather
than calibrated physical probabilities, and runtime compar-
isons remain implementation-sensitive. The selector has no
completeness or optimality guarantee.

XIII. CONCLUSION

This paper presented an empirical study of coupling-aware
planner selection for shared-workspace multi-manipulator
planning. The central result is not universal planner domi-
nance. It is that coupling-aware escalation provides a useful
way to reason about when planning should remain decoupled
or hybrid and when it should invoke coupled search.

Across 4,000 tasks and 32,000 full benchmark runs,
coupling-aware selection improves paired solve outcomes over
random and pure joint routing while matching the best fixed-
mode solve rate. The always-hybrid stack remains the fastest
fixed policy, pointing to the next step: budget-aware selectors
that learn when to trust a strong hybrid default. More broadly,
multi-manipulator planning papers should report not only
which planner wins, but why the winning regime changes with
task coupling.
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