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Abstract

Heterogeneous robot teams are valuable because their members are not interchangeable, but that
same non-interchangeability creates a coordination problem: whether one robot’s action advances
the team or merely consumes its own time and energy often depends on how the action changes
a partner’s resources, feasible actions, or future task value, rather than on the acting robot’s
local observation alone. This half-time report studies that directed, state-dependent effect, which
it calls directed partner dependence, and asks how compact representations of it can improve
decentralised coordination when introduced at three layers of the decision process: partner state
in the observation, partner effect in the reward, and partner selection in the interaction topology.
Ecological symbiosis contributes only a vocabulary for the sign of these effects (mutualism,
commensalism, parasitism, neutrality); it is not treated as a biological explanation of robot
behaviour or as a general theory of cooperation.

Four studies instantiate this representation hierarchy. At the observation layer, partner battery-
state sharing in a two-AMR warehouse reduces task completion time by 10.7% and improves
workload/energy balance by 13.81% relative to static recharging. At the reward layer, task-
specific mutualistic reward terms in Isaac Sim/Isaac Lab have little effect on peak performance in
CartPendulum, but are associated with smoother learning in the more coupled Shadow Hand and
mobile-manipulation tasks, and PRISM converts event-based relationship proxies into potential-
based reward shaping, reaching 40.2 deliveries per episode in TA-RWARE, 48.3% above a
flat-cooperative reward and 97.1% above a task-only reward under the tested settings. At the
topology layer, MORPH maintains a plastic pairwise preference graph online; in a 20-seed,
2,000-step TA-RWARE scale study its throughput is generally comparable to task-shared and
full-graph baselines while using fewer active links, though a proximity baseline is significantly
better at the largest tested scale.

These results support bounded claims about the tested state representations, reward functions,
and topology-update rules. They do not establish biological fidelity, universal solver indepen-
dence, deployment readiness, or general robustness. The second half of the PhD will therefore
focus on stronger causal diagnostics, comparisons with planning and communication baselines,
transfer across tasks and platforms, and validation on physical heterogeneous robot systems.
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1. Introduction

Heterogeneous robot teams are valuable precisely because their members are
not interchangeable. A mobile transporter carries what a stationary manipulator
cannot reach; a picker completes a handling operation that an autonomous trans-
porter cannot perform; and a robot with charge to spare preserves team capacity
while another must recharge [1-3]. Yet that same non-interchangeability creates
a coordination problem that local observations and team-level rewards routinely
hide: whether one robot’s action advances the team or merely consumes its own
time and energy often depends less on the acting robot’s own observation than
on how the action changes a partner’s feasible actions, resource state, or future
task value. As heterogeneous teams move from laboratory demonstrations
toward persistent warehouse, manufacturing, inspection, and field operations,
each robot must answer three questions during execution: which partners cur-
rently matter, what information about those partners is necessary, and whether
maintaining an interaction benefits or burdens the participants.

Current abstractions do not answer these questions directly. Task-allocation
and planning methods optimise assignments when the relevant capabilities,
costs, and constraints are specified in advance; cooperative multi-agent rein-
forcement learning (MARL) optimises a shared return; and communication or
coordination graphs decide which agents exchange information. None of these
necessarily exposes the directed, state-dependent relation that connects one
robot’s decision to another robot’s outcome. This report studies that missing re-
lation, which it calls directed partner dependence: the directed, state-dependent
effect of one robot on another robot’s resources, feasible actions, cost, and task
value. Direction matters because the effect of robot i on robot j need not equal
the effect of j on i; state dependence matters because the same pair can help
each other under one resource condition and contend under another.

The central hypothesis of the thesis is that compact representations of
directed partner dependence, introduced at the observation, reward, and
interaction-topology layers, can preserve cross-role value that local obser-
vations and undifferentiated team signals omit. Its sharpest instance is the
joint evaluation of coupled decisions before a robot is committed or removed,
which recovers value that separated, locally optimal decisions discard; but the
hypothesis is broader, covering any decision mechanism that makes a partner-
dependent consequence explicit. Ecological symbiosis supplies a compact
vocabulary (mutualism, commensalism, parasitism, neutrality) for the sign and
direction of these effects, and the report keeps this vocabulary on a framing
layer that carries no causal claim of its own, while every measurable claim



lives on a mechanism layer defined independently through task performance,
resource use, reward signals, and graph structure. Symbiosis names the rela-
tions; coupling earns the results. The report is deliberately explicit about where
its evidence stops, but it states those boundaries at the point each claim is made
rather than in advance, so that the scientific object and hypothesis stand before
their qualifications.

1.1 Context and Motivation

Multi-robot coordination can be organised through centralised planning [4],
distributed consensus [5], graph-based control [6, 7], or multi-agent reinforce-
ment learning (MARL) [8]. Centralised methods can optimise joint decisions
from a global model but depend on reliable communication and stable team
composition; decentralised methods execute locally but can miss cross-agent
dependencies when observations or rewards omit information about partners.
Heterogeneity sharpens this trade-off, because role, capability, and resource dif-
ferences decide which joint actions are feasible and useful at any given moment.
This report works within the MARL setting, not because learning is always
preferable to planning, but because repeated interaction is the natural place to
study how cooperative behaviour is shaped by the observed consequences of
one robot’s actions on another, rather than fully specified in advance.

The difficulty this report targets is that, in this setting, cooperation cannot
be read off the usual learning signals. A fully shared reward encourages team
performance but does not identify which relationship or event produced it;
independent rewards preserve local incentives but undervalue support actions
whose effect appears mainly in a partner’s progress [9, 10]. Neither signal sep-
arates the fype of interaction (mutual benefit, one-sided assistance, dependency,
redundant co-presence, or interference) from its magnitude. For interchange-
able agents this distinction is often secondary; for heterogeneous robots it is
decisive, because a support action that drains a scarce battery or lengthens
a route is worth taking only when its directed benefit to a partner exceeds
the cost it imposes. Cooperation here is therefore a sequential, decentralised
decision problem under shared constraints, in which the consequence of each
local action depends on partners that are neither fixed parts of the environment
nor interchangeable players.

What makes this problem tractable rather than merely hard is that the directed
effect, although not exactly observable, can be approximated from quantities
a decentralised robot already has. An exact measure would require counter-
factual evidence, such as rerunning the same state with one partner removed
or replaced, which is unavailable during online training. The interventions in
this report instead approximate directed effects from observable signals: selec-
tively exposed partner state, event-level relationship proxies inserted through
potential-based shaping that leaves the optimal policy unchanged [11], and pair-
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wise preferences re-estimated online from co-assignment and task-completion
feedback. High-fidelity simulators for warehouse logistics and mobile manipu-
lation make it possible to isolate each intervention through matched ablations,
which is why the question can be studied rigorously now even though physical
validation remains future work.

The report contributes four interventions that approximate one common
relation object, the directed partner effect formalised in Chapter 2, at three
successive layers of the decision process. This gives the studies a single spine,
a representation hierarchy that moves the same partner dependence from obser-
vation, to reward, to interaction structure: (i) partner state in the observation, (ii)
partner effect in the reward, and (iii) partner selection in the topology. Study IV
operates at the observation layer, augmenting a decentralised learner’s state
with a partner’s battery level and reporting faster task completion and better
workload/energy balance in a two-AMR warehouse. Study III and Study I
operate at the reward layer: ICRAS adds task-specific mutual-benefit terms and
examines their effect on learning stability across coupled control and mobile-
manipulation tasks, while PRISM converts event-level relationship proxies into
potential-based shaping and tests the resulting throughput against matched re-
ward baselines. Study II (MORPH) operates at the topology layer, maintaining
a plastic pairwise preference graph re-estimated online from co-assignment,
delivery, observation, and degree-regulation signals. The studies manipulate
different objects and use different algorithms and simulators, so the report does
not present them as one progressively refined algorithm; what makes them
cumulative is that each is an approximation of the same directed-dependence
quantity at a different representation layer. The present evidence supports this
hierarchy only for the tested simulated tasks, and the remainder of the report
states precisely where that evidence stops.

1.2 Symbiosis as a Conceptual Lens

Symbiosis supplies the vocabulary for signed, directed interaction, but only
the vocabulary. In ecology, symbiosis denotes persistent interaction between
dissimilar organisms whose effect on each participant may be positive, negli-
gible, or negative, distinguished as mutualism, commensalism, parasitism, or
competition [12]. These effects are context dependent, changing with resource
availability, environmental conditions, and population state. The report borrows
these four labels for robot pairs, with one deliberate restriction: a pair is not
symbiotic by assumption. Given only a set of robots and tasks, complemen-
tarity is potential; the realised relationship exists only after an action or event
changes a partner’s task progress, resource use, feasible options, or cost, and it
is estimated from exactly those quantities.

The lens is useful because heterogeneous cooperation is asymmetric. When
one robot relays information, waits for a partner, carries an object, exposes
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a resource state, or accepts a longer route, it can improve team performance
while bearing an uneven share of the cost. Recording the direction and sign of
such effects makes this allocation visible in a way a single team-level score
cannot. It does not follow that every useful interaction is symbiotic, or that
ecological population dynamics transfer to robots; the analogy motivates the
questions and names the relations, and nothing more.

This restriction is decisive for the present evidence, and the report states
it up front. Study III tests only task-specific mutualistic reward terms, and
Study II produces operational relationship labels from event proxies rather than
from partner-removal counterfactuals. The completed studies therefore do not
validate commensalism or parasitism as general robot-interaction categories;
those labels remain hypotheses for the asymmetric-cost and resource-contention
experiments planned for the second half.

1.3 Research Gap

Existing work represents cooperation in heterogeneous teams through three
dominant abstractions, each strong within its scope, but none of which provides
a single directed, state-dependent relation expressing how robot i changes
robot j’s future task value, resource state, or feasible actions. The gap this
report addresses is precisely that missing relation, and the three abstractions
are reviewed in turn to locate it.

The first abstraction is assignment and feasibility. Gerkey and Matari¢ [13]
formalised multi-robot task allocation as a coordination problem, Choi et al.
[14] showed how decentralised auctions produce conflict-free assignments,
and more recent work extends this to heterogeneous capabilities, temporal
constraints, coalition requirements, and long-endurance missions [4, 6, 15, 16].
These methods decide which robots should perform which tasks, but they
encode inter-agent effects indirectly through costs and constraints fixed at
allocation time, so once execution begins a change in a partner’s energy or
availability alters how one robot affects another without changing the nominal
assignment. How such a partner-state change should enter another robot’s
decision during learning is left open, and is the question Study IV examines at
the observation layer.

The second abstraction is aggregate team value. Cooperative MARL treats
cooperation as credit assignment under a shared return: Lowe et al. [9] and
Foerster et al. [10] estimate agent-level contributions from joint information,
while Sunehag et al. [17] and Rashid et al. [18] decompose team value into
agent-wise utilities, and related work reshapes the signal through social influ-
ence, intrinsic rewards, contribution redistribution, or role structure [19-22].
These methods improve how much credit each agent receives for a team out-
come, but a scalar contribution does not identify the type of directed interaction,
support, burden, dependency, redundancy, or interference, that produced it.
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Representing that directed effect in the reward is the question Studies III and I
address at the reward layer.

The third abstraction is inferaction connectivity. Nguyen et al. [3] proposes
pairwise collaboration mechanisms for heterogeneous teams and Nguyen et al.
[23] connects ecological mutualism to multi-robot collaboration, establishing
pairwise interaction as a useful scale. However, the resulting collaboration or
communication structures are often fixed, manually specified, or tied to prede-
fined pairing rules, whereas partner relevance changes as agents are assigned,
observe one another, complete deliveries, consume resources, or become re-
dundant. Whether the interaction structure itself should be re-estimated online
from such signals is the question Study II addresses at the topology layer. Read
together, the three abstractions supply assignment, aggregate value, and connec-
tivity, but not the directed relation itself; the four studies are its approximations
at the observation, reward, and topology layers.

1.4 Aim and Objectives

The aim of this report is to represent directed partner dependence and use
it to improve coordination in selected heterogeneous multi-robot tasks, by
studying how explicit representations of partner state, relational contribution,
and pairwise preference affect learning and execution; ecological symbiosis
contributes only the vocabulary for the sign of each effect. Rather than treating
cooperation only as task allocation, shared-reward maximisation, or fixed
collaboration links, the report examines how one robot affects another through
task progress, resource use, cost, and future task feasibility. Six objectives
follow from this aim:
1. evaluate whether selected partner-state information improves resource-
aware coordination;
2. design and compare task-specific and relationship-aware reward-shaping
formulations;
3. define operational proxies for directed relational contribution and state
their validity limits;
4. develop an online pairwise preference graph that adapts collaboration
links during execution;
5. compare these interventions against matched reward, state, topology, and
heuristic baselines; and
6. identify the additional evidence required before broader claims across
tasks, simulators, and physical platforms are justified.
These objectives lead to the research questions below, which organise the
studies completed so far and identify the work still needed beyond this half-time
report.



1.4.1 Research Questions and Study Mapping

The thesis is guided by one technical main question and three sub-questions,
one for each representation layer. The main question is stated in terms of
the scientific object rather than the ecological framing, which enters only as
vocabulary for the sign of the effect. Each sub-question is posed compactly
through four elements: the unknown, why existing methods are insufficient,
the intervention this report makes, and the evidence that would settle it; the
supporting surveys are developed in Chapter 2.

Main RQ: How can directed partner dependence be represented and used
to improve decentralised coordination in heterogeneous multi-robot systems
under changing roles, resources, and interaction partners?

RQ1 (observation layer). Which compact representations of partner state
and partner relevance are sufficient for decentralised robots to respond to
resource- and role-dependent task coupling? The unknown is how little partner
information suffices: each robot acts from a local observation, and partner
relevance is state dependent, so a partner may matter for its energy, role, or
task state rather than its position. Full-state exposure would approximate
centralised execution and inflate communication, while fixed interaction graphs
go stale as batteries, demand, and role availability change; neither answers the
sufficiency question. This report intervenes with battery-state augmentation
(ICPS) and an online pairwise preference graph (MORPH), treating observation
and communication cost as evaluation criteria rather than as free. Settling RQ1
requires a sufficiency study over partner variables, which the completed work
begins but does not complete.

RQ2 (reward layer). When do directed pairwise event or contribution sig-
nals improve learning beyond reward-density-matched shared or local reward
formulations? The unknown is whether the fype of interaction adds informa-
tion over the amount of credit: the same team return can arise from support,
burden, dependency, redundancy, or interference, and a scalar contribution
does not distinguish them. Shared returns and independent rewards therefore
leave directed, asymmetric effects unrepresented, and exact directed effects
need counterfactual evidence unavailable during online training. This report
intervenes with task-specific mutual-benefit terms (ICRAS) and potential-based
relational shaping from event proxies (PRISM). Settling RQ2 requires reward-
density-matched controls that separate relation semantics from shaped-reward
density, which is a second-half priority.

RQ3 (validity axis). Which properties of directed partner-dependence
representations remain stable when task distribution, team composition, solver
family, sensing quality, communication conditions, and embodiment change?
The unknown is which conclusions are invariant rather than artefacts of one
simulator, reward scale, or backbone: a proxy meaningful in one layout may
fail where co-occurrence does not imply cooperation, and a benefit under one
solver family or in simulation need not survive sensing noise, latency, or real



energy dynamics. Existing validation practice supplies matched baselines and
seeds but rarely tests cross-solver or physical transfer. This report establishes
construct and internal validity within each study and identifies external validity
as the principal gap. Settling RQ3 requires cross-solver, cross-task, and physical
experiments, which are the core of the second half.

Table 1.1. Mapping from representation layer and research question to the four studies.
RQ3 is a cross-cutting validity axis; the MORPH scale and task-shift study is its
principal current probe.

Layer Study Intervention RQ Evidence boundary

ObservationlCPS Partner battery-state sharing in RQ1 Two AMRs in one simulated
value-decomposition MARL warehouse setting

Reward ICRAS  Task-specific symbiosis-inspired ~ RQ2 Three Isaac Sim/Isaac Lab tasks;
reward terms in MAPPO mutualistic terms only

Reward PRISM  Event-based relationship proxies in RQ2 TA-RWARE with IPPO/MAPPO
potential-based reward shaping and matched reward baselines

Topology MORPH Online plastic pairwise preference RQI, TA-RWARE scale and cyclic
graph RQ3 task-shift studies

1.5 Scope and Limitations

The work focuses on interaction-level modelling and learning in heterogeneous
multi-robot systems. Validation is simulation based and covers warehouse
logistics, coupled control, object passing, and mobile manipulation. The report
compares formulations within matched experimental substrates; it does not
claim superiority over all task-allocation, communication-learning, model-
predictive, or mixed-integer planning methods. Symbiosis is not treated in this
report as a controller, a model-free learning algorithm, or a complete dynamics
model of multi-robot interaction. It does not specify the kinematics of the
robots, the transition dynamics of the environment, or the full process by which
cooperation emerges from an arbitrary system. Its role is more limited and
more specific.

The evidence is also uneven across studies. The ICPS study uses two AMRs,
the ICRAS study uses five seeds, PRISM is evaluated with PPO-based learners
in TA-RWARE, and MORPH is evaluated as an online coordination mechanism
rather than an end-to-end learned policy. Cross-study comparisons are therefore
interpretive rather than controlled comparisons of a common algorithm.

Potential-based policy invariance is invoked only under the standard assump-
tions required by the shaping construction, including a Markov-compatible
potential and appropriate treatment of terminal states [11]. Event-level rela-
tionship proxies may correlate with useful co-participation without identifying
causal contribution. MORPH’s predictive formation signal uses nearest-picker
positional information, so the current implementation should not be described
as free of spatial priors.



1.6 Ethical Considerations

The reported experiments do not involve human participants, personal data,
or physical robot deployment. The principal ethical obligation is accurate
interpretation. Efficiency and resilience claims must remain bounded by the
tested simulations, and designer-defined benefit functions should be explicit and
auditable. Before physical deployment, the methods would require additional
validation for communication failures, sensing uncertainty, actuator limits,
safety constraints, and unequal allocation of workload or risk.



2. State of the Art

Cooperation in heterogeneous robot teams can be planned, learnt, or understood
through the effects that robots have on one another. This chapter reviews
coordination methods, MARL, and ecological symbiosis to identify what is
already well established and where current approaches still leave inter-agent
dependencies implicit. The resulting gap concerns how these dependencies can
be made observable, represented in the learning process, and adapted during
decentralised operation.

2.1 Heterogeneous Multi-Robot Cooperation

A heterogeneous multi-robot system is a team whose members differ in proper-
ties that affect task execution, so that the robots are not interchangeable and
the value of one robot can depend on which others are present [24, 25]. Two
largely orthogonal questions organise the field. The first asks what differs
between robots, which the literature splits into physical and behavioural het-
erogeneity [1]. The second asks how decisions are organised, ranging over a
control spectrum from centralised, through multi-centralised (hierarchical or
cluster-based) and distributed, to fully decentralised execution [25, 26], and
over an increasingly tight cooperation taxonomy of coordination (division of
works), cooperation (a shared objective for a team), and collaboration (tightly
coupled joint execution from heterogeneous teams). These two dimensions
are largely independent: a physically heterogeneous team may be controlled
centrally or learn decentralised policies, while physically identical robots may
develop specialised behaviours. This section formalises heterogeneity along
both dimensions and isolates the problem the report studies, namely how di-
rected inter-agent dependencies can be made observable, represented in the
learning process, and adapted during execution.

2.1.1 Heterogeneity in Capabilities, Resources, and Roles

Existing taxonomies classify the agents. The dominant split is physical versus
behavioural heterogeneity [1], alongside capability and eligibility structures
from task allocation [13, 25] and broader physical, behavioural, and task-
induced distinctions [24]. These answer whether two robots differ and how, but
not what one robot does fo another while a task runs. A capability difference
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Coordination Cooperation Collaboration

Figure 2.1. Coordination, cooperation, and collaboration in a heterogeneous warehouse
robot team. Coordination distributes local objectives R;, cooperation aligns comple-
mentary actions toward a team objective, and collaboration requires tightly coupled
contributions toward a shared objective R. Robot roles may change across tasks and
operating conditions as in cooperation and collaboration.

matters only when it changes the feasible actions, costs, resources, or outcomes
of another robot during task execution. This report therefore treats directed
inter-agent effects as the operational expression of heterogeneity. Each relation
is labelled by the sign of the change it produces in the operational fitness of the
two partners, following the ecological convention from Section 2.4. Table 2.1
presents this taxonomy, its operational interpretation in a robot team, and
the study in which each relation is represented. This relational view might
complement attribute-based classifications by showing how the same pair of
robots can interact differently as tasks and resource conditions change. Even
robots that are physically identical can behave asymmetrically if one has less
energy, carries a different load, or takes on a supporting role. Conversely,
robots with different physical characteristics may benefit each other in one task
but create an imbalance in another. In this way, heterogeneity reflects not only
differences in design or policy, but also the changing effects robots have on one
another depending on the situation.

Heterogeneity is beneficial when it creates useful complementarity rather
than difference for its own sake. Bettini et al. [1] show that heterogeneous
policies can address behavioural requirements that homogeneous parameter-
shared policies may fail to capture, while Bettini et al. [27] and Prorok et al.
[28] associate diversity with exploration, role specialisation, sparse-reward
coordination, and recovery from disturbances. These gains remain task de-
pendent, since parameter sharing can suppress agent-specific behaviour [1],
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Table 2.1. Operational taxonomy of directed inter-agent relations in robot teams and
their representation in the included studies.

Relation Effect (i, j)) Operational meaning in a robot team Study
Mutualism (+,4+) both robots gain feasibility, throughput, or LI IO, TV
energy; the target relation
Commensalism (+,0) one robot is helped at no measurable cost to the I, III
other
Parasitism (+,-) one robot gains by burdening or draining the -
other; a failure mode to detect and suppress
Neutralism (0,0) no measurable directed effect; the link carries IL1II

no benefit and can be pruned

indiscriminate diversity promotion can distort the learning objective [29], and
heterogeneous effort allocation is useful only under suitable reward structures
[30]. Physical and behavioural heterogeneity are independent but interacting,
as identical robots may learn different policies while different robots may per-
form similar roles. The operational profile h; = [C;, D;, E;, P;] complements this
distinction by separating capability, resource state, information access, and task
performance. Capability C; defines what a robot can perform, while D; con-
strains whether, for how long, and at what cost those functions remain available.
Information access E; captures sensing and knowledge asymmetries, and P;
records their task consequences. This profile provides measurable variables for
analysing what should be shared, with whom, when, and at what cost. Table 2.2
groups representative subclasses according to the part of the operational profile
they primarily affect.

Within this profile, a role is the task- and interaction-dependent function
through which a robot uses its capabilities, resources, and information. Roles
may change with task conditions and need not correspond to embodiment. This
parallels the ecological niche as a functional position within a community,
while P; indicates how effectively that position is realised [83, 84]. From a
task-allocation perspective, Korsah et al. [25] classify how tasks are assigned
to robots according to agent-task dependencies, scheduling structure, and
allocation constraints. Functional responsibilities therefore follow from feasible
task assignments rather than from an explicit role model. In the socially
organised systems of Fagiolini et al. [60], each robot switches between discrete
manoeuvres according to local events and social rules, so its current role is
expressed through the behaviour expected under the active interaction context.
Distributed monitors then assess whether that behaviour is consistent with
the prescribed role despite partial and time-varying visibility. This formalises
and verifies role compliance, but the roles and transition rules are defined in
advance rather than learnt or adapted from changing resources, task outcomes,
or partner-specific effects. In MARL, Wang et al. [22] introduce latent role
representations that condition specialised policies and group agents according
to similar behavioural responsibilities. Building on this formulation, Wang et al.
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Table 2.2. Representative subclasses of heterogeneity under the operational profile
h; = [C;,D;,E;, P). C; denotes capability, morphology, or task eligibility; D; denotes
resource and constraint state; E; denotes information access, communication, sensing,
or interface structure; and P; denotes task-specific performance or objective. The table
uses representative citations from the local bibliography, categories may overlap.

Heterogeneity class Operational meaning Representative MRS emphasis

C\ (DUE) Capability, morphology, Reconfiguration, allocation, morphology transfer, mapping, embodiment-aware
embodiment, or task eligibility operation, heterogeneous-policy learning, and team composition [1, 4, 24, 31-35].
differs.

D\ (CUE) Energy, charging, endurance, Energy-aware information gathering, monitoring, persistence, rendezvous charging,
availability, or resource state long-term operation, AGV resource management, energy optimisation, and mobile
differs. charging [7, 36-42].

E\(CUD) Sensing, interface, Sensing platforms, remote sensing, sensor fusion, multimodal interfaces,
communication, map access, or  communication surveys, networked estimation, sensor-net navigation, attentional
information differs. communication, and active information gathering [43-51].

cnD Capability differences interact Replenishment, charging, robust scheduling, cellular planning, conflict resolution,
with resource, temporal, or quadruped—wheeled teaming, rescue diversity, temporal-logic resources, resilience,
uncertainty constraints. and energy-aware allocation [2, 15, 16, 52-58].

CNE Capability differences couple to  Hierarchical optimisation, monitors, heterogeneous policy networks, pairwise
communication, monitoring, collaboration, collaborative autonomy, mapping, interoperability, and CPS
autonomy, or interoperability. heterogeneity [3, 59-65].

DNE Resource constraints couple to Battery switching, remote operation, communication-stabilised UAV exploration,

sensing, communication, remote  UAV offloading, energy-efficient wireless clustering, data-driven navigation,
operation, or information sharing. information sharing, and sparse POMDPs [66-73].

CNDNE Capability, resource state, and Heterogeneous-agent RL, RL scheduling, graph MARL, subteaming, social
information all affect coordination learning, dynamic coalitions, payload-aware consensus, reaching, rearrangement,
or learning. and timed-goal planning [8, 74-82].

[85] decompose the joint problem into role-specific action spaces according
to action-effect similarity and separate slower role selection from faster action
execution. These approaches support emergent specialisation and reduce the
effective decision space, but role identity is inferred mainly from behaviour
or action structure and does not directly indicate when resource depletion,
information loss, changing task demands, or partner-specific effects make a
previously suitable robot unable or inefficient to continue in the same role.

2.1.2 Inter-Agent Dependencies in Cooperative Tasks

A cooperative robot task is a coupled decision process: each robot acts from
local observations, but its action can change another robot’s state, information,
resources, or feasible actions. This setting can be written as a heterogeneous
partially observable Markov game, closely related to Dec-POMDP and POMG
models for multi-robot decision-making under uncertainty [86—88],

G = <N7Sa {Ai}iENaTa {Qi}iENaoa {ri}iEN7y>' (21)

where N = 1,...,nis the agent set, S is the state space, A; and O; are the action
and observation spaces of agent i, T'(sy+1 | 5¢,8,) is the transition kernel, O;(0; |
s;) is the observation kernel, R(s;,a;,s;+1) is the shared team reward, and
y € [0, 1) is the discount factor. At time ¢, each agent receives a local observation
oi;, selects an action according to a;; ~ (- | 0;;),, and contributes to the
joint action a, = (a,...,a"). The environment then transitions according to
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s+1 ~ T (- | s1,a,), and all agents receive the team reward ry; = R(sy,a;,5,41).
Exact solution is intractable in general, so practical coordination relies on
structural assumptions, approximation, or learning [86, 87]. The cooperative
objective is to learn a joint policy & = (7y,...,m,) that maximises the expected
discounted team return

J(m) =E,
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Figure 2.2. Agent interactions with overlapping local environments in a global environ-
ment.

A directed dependency is more specific than a communication edge or a
fixed coupling coefficient. It is a state- and policy-dependent effect from robot
j to robot i, measured against a selected operational outcome. Let J (¢; )
denote robot i’s expected outcome over horizon H when robot j takes action ¢
at time ¢ and subsequent transitions and actions follow 7 and 7. Depending on
the task, JlH may measure progress, energy-adjusted utility, delay, feasibility,
safety, or return. The directed effectis A;_,;, = J7 (t;a]) — JH (t;a]), where a
is a counterfactual reference action. Positive, negative, and near-zero values
indicate support, burden, and negligible effect. This follows counterfactual
reasoning used in credit assignment and causal-influence analysis [10, 19, 89],
but here the quantity is kept as a signed robot-to-robot relation rather than only
as a training-time credit signal.

During decentralised execution, robot i cannot observe the full state or
evaluate the counterfactual directly. It therefore estimates the dependency
from its local history and the operational profiles of the two robots, w;;, =
E[Aj_i; | Tis,hi,hj], where 7;; is its action-observation history and /;,/; de-
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scribe the robots’ operational profiles. This single object, the directed effect
Aj_i; and its decentralised estimate w;;,, is what unifies the four studies: each
is one approximation of the same quantity, and they differ only in how it is
instantiated and where it is inserted into the decision process.

* ICPS exposes the partner resource state on which the effect depends,
zj = bj, in the observation o, = [0;,z;], and lets the decentralised learner
infer A;_,; from it.

* ICRAS encodes the effect directly as a designer-specified reward term,
ri = ri®k 4 F, with F;; chosen per task rather than estimated.

* PRISM approximates A;_,; from event-level co-participation proxies
mapped into a bounded potential ®;, inserting it through potential-based
shaping.

* MORPH estimates the accumulated historical utility of selecting j, the
preference W;;,, from co-assignment and completion signals, and adapts
the interaction structure online.

Reading the studies as instances of one relation object is what makes them
a cumulative programme rather than four unrelated interventions. None of
them fits the expectation in the displayed equation directly; fitting w;;, as a
regression onto measured counterfactual effects, so that the estimator itself is
validated rather than a hand-designed proxy, is the keystone study reserved
for the second half of the thesis. Pairwise modelling is moreover a deliberate
approximation: heavy tasks, shared chargers, and congestion can induce higher-
order dependencies in which A # Aj, so W, = [wij .| captures the pairwise
projection of a structure that is not, in general, purely pairwise. Within that
approximation, the matrix W; summarises the latent, time-varying, signed,
and directed dependencies in the team. Existing methods capture parts of
this structure: communication graphs preserve links, role methods preserve
specialisation, value decomposition preserves contribution magnitude, and
causal-influence methods estimate directed effects [17, 22, 89, 90]. The missing
element is an executable representation that keeps direction, sign, and state
dependence available during decentralised operation.

2.2 Coordination in Heterogeneous Robot Teams

Heterogeneous multi-robot coordination converts differences in sensing, mobil-
ity, manipulation, endurance, and payload into executable assignments, sched-
ules, and interaction structures. The need for such coordination is most visible
when no single platform can cover the complete task envelope. In aerial-ground
mapping and exploration, heterogeneous robots combine complementary view-
points, mobility modes, and sensing capabilities to improve spatial coverage
and information acquisition [68, 91, 92]. Bernreiter et al. [63] also develops a
unified framework for coordinating heterogeneous robots in exploration and
mapping, showing how platform-specific capabilities and shared environmental
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information can be incorporated into a common planning structure. In search
and rescue, coordination must additionally account for communication limits,
risk exposure, accessibility, and the assignment of reconnaissance and interven-
tion roles [54, 57]. Jorgensen and Pavone [93] formulates heterogeneous robot
allocation under structured capability constraints, illustrating how combinato-
rial task requirements can be retained during coordination rather than reduced
to interchangeable agent assignments. Related problems arise in persistent
monitoring and informative path planning under energy, sensing, and latency
limits [7, 36, 51, 94]; precision agriculture and biodiversity monitoring, where
fleets combine mobility, sensing, sampling, harvesting, and environmental data
collection [43, 44, 95-98]; and construction, assembly, and warehouse logistics,
where task precedence, congestion, resource availability, and platform-specific
manipulation capabilities constrain execution [99-103]. Tan et al. [81] ad-
dresses scalable warehouse coordination by representing interactions among
robots and tasks within a structured coordination model, while Chen and Kan
[104] shows how heterogeneous task requirements can be expressed and up-
dated through formal specifications during online planning. The strongest
coupling appears in physical collaboration, where robots jointly manipulate a
payload or one robot directly enables the action of another. Cooperative and
mobile manipulation distributes load and motion constraints across multiple
arms or mobile bases [105-107], whereas Feng et al. [108] couples legged
locomotion with manipulation during pushing and carrying tasks. Zhou et al.
[109] and Christen et al. [110] further study assistance and hand-off behaviours
in which an action by one robot changes the feasibility or progress of a task
assigned to another robot. These cases make the directed dependency explicit:
an action by robot i changes the progress, cost, resource state, or feasible
action set of robot j. The relevant question is therefore not only how tasks are
assigned, but whether the coordination method represents and preserves the
sign and direction of dependencies as they change during execution. Table 2.3
summarises these application settings. Human-robot teams form a substantial
parallel literature [111, 112], but this report focuses on robot-robot teams and
treats humans only as exogenous task sources, leaving human-factors, safety,
and interaction modelling outside the scope.

Beneath allocation lies the execution substrate that turns an assignment into
collision-free motion, and this layer supplies the low-level controller and path
planner that the report treats as fixed rather than as a contribution. Motion-
planning methods construct reduced or sampled representations of free space.
A Generalised Voronoi Graph follows the medial structure of the environment,
producing paths with high obstacle clearance at the cost of potentially longer
routes and sensitivity to map discretisation, while Probabilistic Roadmaps
build reusable graphs by sampling collision-free configurations and connecting
nearby samples, making them suitable for repeated queries in high-dimensional
static environments [113]. Rapidly-exploring Random Trees instead expand
incrementally toward unexplored regions and are useful when differential or
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kinodynamic constraints must be considered [114], although sampling-based
methods may require many samples in narrow passages and often produce
irregular paths that require smoothing or optimisation. Practical motion plan-
ning must therefore account not only for connectivity between initial and goal
configurations, but also for obstacle geometry, robot footprint, kinematic and
dynamic feasibility, sensing and localisation uncertainty, moving obstacles,
computational limits, and changes during execution, so completeness and
optimality guarantees depend on assumptions about the map, discretisation,
robot model, and available information. When several robots operate on the
same discrete map, collision avoidance can be formulated as Multi-Agent Path
Finding (MAPF), where an instance is defined by a graph G = (V,E), a robot
set N=1,...,n, and start and goal vertices s;,g; € V. Each robot follows a
time-indexed path 7; = (v?,v,-l,...,vin), with ) = s, v,-T" = gi, and transitions
corresponding to graph movements or waiting actions, while feasible joint
paths must avoid vertex conflicts, v; # v;,Vi = j, and edge-swap conflicts,

(Vi Vi) £ (v’jH,v;.). Common objectives minimise either the makespan,
Jms = max; T;, or the sum of path costs, Jsoc =Y.\, T, but optimal MAPF is
NP-hard and becomes increasingly difficult as robot density, obstacle density,
and conflict coupling grow. Conflict-Based Search decomposes the problem
into a high-level search over inter-agent constraints and low-level single-agent
searches, providing complete and optimal solutions under standard discrete
MAPF assumptions [115]; Priority-Based Search uses priority relations and
replans lower-priority agents, which can reduce computation but sacrifices com-
pleteness and global optimality [116]; EECBS provides bounded-suboptimal
solutions with an explicit cost guarantee [117]; and methods such as MAPF-
LNS2 and LaCAM improve scalability by repairing subsets of conflicting
paths or incrementally constructing joint configurations [118, 119]. These
methods resolve spatial conflicts between robots treated as interchangeable
path-followers; they keep the directed, resource- and role-dependent effects
that this report targets outside their model, which is why the report places them
in the fixed execution layer and studies dependency at the task layer above
them.

Optimisation, market, and auction methods are relevant to this thesis because
they provide the standard mechanism for converting heterogeneous capabilities
into task assignments, routes, schedules, or coalitions. Optimisation-based
methods encode robot eligibility, capability requirements, travel costs, energy
limits, temporal constraints, and shared resources in a constrained allocation
problem, then compute a feasible or cost-minimising solution using mathemati-
cal programming, robust optimisation, or repeated replanning [15, 32]. Calvo
and Capitéan [4] showed how explicit capability constraints prevent low-cost but
operationally infeasible assignments, which is essential when tasks require par-
ticular robot types or combinations of capabilities. Market and auction methods
distribute the same decision by allowing each robot or coalition to evaluate task

16



Table 2.3. Representative application domains for coordination in heterogeneous
robot teams, the platforms typically mixed, and the coordination task. Warehouse
logistics is the evaluation substrate of this report; the contribution of preserving W; is
domain-general.

Domain Typical Coordination task Representative work
heterogeneous team

Exploration &  Aerial + ground, Area coverage, frontier [63, 68, 91]
mapping multi-sensor exploration, collaborative
SLAM
Search & rescue UAV + UGV Victim search, risk-aware [54, 93]
routing, comms-limited
operation
Persistent Mobile Patrolling, informative paths, [7, 36, 44]
monitoring robots/sensors, recharging, remote sensing
UAVs
Field robotics & Rovers, aerial robots, Soil sampling, fleet [43, 44, 98]
agriculture field sensors representation, biodiversity
monitoring
Construction & Manipulators + Rearrangement, multi-arm [99-101]
assembly mobile bases assembly, team composition
Mobile & loco- Mobile/legged base + Cooperative carrying, [107-109]
manipulation arm(s) quadrupedal pushing, hand-off,
(this report) one robot assisting another
Warehouse AGVs + pick- Pickup-and-delivery, [81, 103]
logistics (this ~ ers/manipulators task-and-charge, routing
report)

utility, submit bids, and resolve competing claims through consensus or auction
rules. Choi et al. [14] combined local bundle construction with consensus over
winning bids, while Bai et al. [5] allocated tasks to robot groups that jointly
satisfy heterogeneous requirements. These methods determine which robots
should cooperate and which resources or tasks should be assigned to them, so
they can provide the task and coalition structure within which the dependen-
cies studied in this thesis arise. Their limitation is that inter-agent effects are
represented indirectly through predefined costs, feasibility constraints, or bid
values. Once execution begins, changes in battery, congestion, communication,
or partner availability can alter how one robot affects another without changing
the nominal assignment. Re-optimisation can update the allocation, but it does
not explicitly estimate whether the current action of robot i benefits, burdens,
or has no effect on robot j.

Centralised coordination computes globally optimal task allocations and
plans from full joint state, enabling explicit handling of constraints and multi-
robot interdependencies [25]. Non-centralised execution forgoes a single online
planner by distributing decisions through consensus [26], local monitoring,
and learnt communication, including heterogeneous communication protocols
[61], dynamic directed structures [120], hypergraph coordination groups [121],
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graph-based heterogeneous policies [75], and autonomous partner selection
[122]. These methods reduce dependence on complete online state within
graph G; = (V,E,), but they primarily determine communication, grouping,
or policy interaction structures. This thesis focuses on heterogeneous coop-
eration that arises from joint dependencies among multiple robots, tasks, and
resources, rather than from isolated pairwise interactions. Decentralisation
limits each robot to local observations, making team-level dependencies only
partially visible and sensitive to changes in battery state, available capabilities,
communication, and team composition [72, 73, 123]. The resulting challenge
is to identify the partner and team information required by local policies and to
represent the contribution of higher-order interactions in the learning signal.

Where decentralised and learning-based methods address how robots coor-
dinate under limited information, formal specification and synthesis methods
define what the resulting collective behaviour must satisfy. Linear temporal
logic expresses ordering, safety, recurrence, and eventual completion over
execution traces, while metric and signal temporal logic add deadlines and
quantitative robustness margins [124, 125]. Given a task specification and a
transition model, temporal-logic planning or controller synthesis can generate
behaviour with formal satisfaction guarantees. Wongpiromsarn et al. [126] syn-
thesise policies for heterogeneous multi-agent systems from LTL specifications,
Cardona and Vasile [16] integrate temporal requirements with capability and
resource constraints, and Liu et al. [127] coordinate multi-robot tasks under
STL specifications. Branching-time formalisms such as computation tree logic
support verification over alternative system evolutions [128], although LTL and
STL are used more commonly as task languages in multi-robot planning. These
methods specify required goals, temporal relations, safety conditions, and capa-
bility constraints, but they usually assume that the relevant task dependencies
are already represented in the model. They therefore do not directly identify
how the action of one robot changes the progress, cost, or feasibility of another
robot during execution. Online specification revision, including the automated
task updates introduced by Fang and Kress-Gazit [129], allows requirements to
change during operation, but the update still acts on an externally defined task
model rather than learning inter-agent dependencies from experience. Formal
synthesis is therefore complementary to the focus of this thesis. It can constrain
or verify collective behaviour once task requirements are known, while the
thesis investigates how local policies can observe and learn the partner and
team dependencies that shape such behaviour.

2.3 Multi-Agent Reinforcement Learning for

Cooperation
The partially observable Markov game of Equation (2.1) identifies the problem
structure. The solution concept is a joint policy 7 = (7, ..., T,) that maximises
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expected discounted team return, but computing this exactly is intractable in
general, so reinforcement learning provides the practical foundation [130]. At
the single-agent level, a Markov decision process (MDP) (S,A,T,r,7y) defines
the state space S, action space A, transition model T, per-step reward r, and
discount factor y € [0, 1). The agent selects actions under a policy 7, where
n(a|s)=Pr{a, = a|s; = s}, with the objective of maximising the expected
discounted return

Vi =t Y+ Vst =Y Y. (2.2)
k=0

The state-value function V*(s) = Ex[v, | s, = 5] and the action-value function
Q*(s,a) = Eg[v; | sy = s5,a; = a] measure expected return under 7, and the
optimal policy 7* satisfies V™ (s) > V() for all s and 7. Value-based methods
learn Q directly and derive a policy through greedy maximisation; deep Q-
networks extend this to high-dimensional inputs with experience replay and
a target network [131]. Policy-gradient methods parameterize g and ascend
the gradient of E[v,]; actor-critic architectures combine both by using a value
estimate to reduce gradient variance. Three widely used actor-critic variants
are DDPG (deterministic policy, off-policy) [132], PPO (clipped surrogate
objective, on-policy) [133], and SAC (maximum-entropy regularisation, off-
policy) [134].

The multi-agent extension replaces the MDP with a Markov game in which
n agents act jointly under partial observability, each receiving an individual
reward r;; and conditioning its policy on a local observation history 7;,, as
formalised in Equation (2.1). The fully cooperative special case, in which
all agents share one team reward, is the decentralised partially observable
Markov decision process (Dec-POMDP); exact planning in a Dec-POMDP is
NEXP-complete for teams of two or more agents [135], making learning from
sampled interactions the only tractable approach. Multi-agent reinforcement
learning (MARL) applies this strategy to the joint policy but must additionally
handle non-stationarity from evolving partner policies, scalability of the joint
value, and credit assignment across agents, as surveyed by Busoniu et al. [136],
Hernandez-Leal et al. [137], and Wong et al. [138].

Independent learning applies a single-agent algorithm to each robot sepa-
rately: each agent / maintains a local value function Q;(7;;,a;,) and ignores
partner policy changes. IQL, IDDPG, and IPPO are representative instances
that permit fully decentralised execution but treat partner policy evolution as
environmental non-stationarity, which can destabilise training. Centralised
training with decentralised execution (CTDE) addresses this by providing a
critic with access to the joint state s; and joint actions a, during training, while
each actor m;(- | 7;;) runs on local information at deployment [86]. MAD-
DPG [9] extends DDPG with per-agent centralised critics that condition on all
agents’ observations and actions. MAPPO [139] applies PPO with a shared
centralised value function across heterogeneous teams. Counterfactual multi-
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agent policy gradients (COMA) [10] sharpen per-agent credit by comparing
the actual action against a counterfactual baseline that marginalises the focal
agent’s contribution while holding partners fixed. Recent theory has placed
heterogeneous-agent learning on firmer ground: Zhong et al. [74] proves conver-
gence and monotonic-improvement guarantees for heterogeneous trust-region
and actor-critic methods, and Liu et al. [140] provides a maximum-entropy for-
mulation for exploration in heterogeneous teams. CTDE supplies the training
scaffold but does not specify what each agent should observe or how directed,
asymmetric inter-agent effects should enter the learning signal.

2.3.1 Value Factorisation, Parameter Sharing, and Credit
Assignment

How the return is shared determines what cooperation the team can learn. A
shared reward encourages cooperation but gives weak role-level credit; in-
dividual rewards localise attribution but can suppress actions whose benefit
reaches another agent before returning to the actor. Pignatelli et al. [141] survey
temporal credit assignment and conclude that neither formulation is uniformly
superior; suitability depends on task coupling, observability, and reward den-
sity. Value-factorisation methods address the credit problem structurally by
decomposing the team value into per-agent utilities. VDN uses the additive
form Qo = ?:1 Q; [17], while QMIX imposes the monotonicity condition
%LQ“;‘ > 0 through a state-conditioned mixing network, ensuring that locally
greedy actions remain consistent with global value maximisation and satisfy the
individual-global-max (IGM) condition under CTDE [18]. Parameter sharing
reduces sample complexity by having agents share network weights and receive
an agent identifier as additional input; heterogeneous teams may instead use
role-conditioned or separately parametrised policies [1].

Potential-based reward shaping provides a principled means of injecting
auxiliary credit without altering the optimal policy. Andrew Y. Ng et al. [11]
proves that augmenting the reward with the potential difference F(s,s') =
y®D(s') — ®(s) preserves the optimal-policy set for any bounded real-valued ®;
Wiewiora et al. [142] extends this invariance to the state-action setting. Applied
per agent over an augmented state z;, this gives the shaped reward

ri(t) = () + A [y ®i(z1) — Pilz)] (2.3)

where A is a scalar weight. This invariance requires a Markov-compatible
potential and correct terminal-state treatment; the algebraic form alone is not
sufficient. The semantic content of ®; is a design choice; Ma et al. [143],
Ma and Cheng [144], and Zuo et al. [145] explore self-adaptive, assistant-
guided, and preference-based variants. This report constructs ®; from event-
level relationship proxies; relational credit can sharpen attribution but, as
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Foerster et al. [10] caution, does not identify causal contribution without valid
counterfactual estimates.

A complementary line of work represents the structure of cooperation explic-
itly through interactions and roles. Li et al. [146] couple interaction and task
representations across tasks, Ye and Lu [147] regularise mutual information
between agents, and Seraj et al. [61] learn heterogeneous policy networks for
composite teams. A parallel strand measures and controls behavioural diversity:
Bettini et al. [29] and Bettini et al. [27] quantify and tune heterogeneity, Amir
et al. [30] ask when diversity actually helps, and Takai et al. [148] show that
role specialisation can outperform homogeneous coordination. These methods
confirm that relational structure is learnable and valuable, but they model inter-
action as undirected affinity or shared latent context; this report instead targets
directed, asymmetric effects where the benefit one robot confers on another
need not equal the benefit returned.

2.4 Ecological Symbiosis as a Conceptual Lens

Symbiosis provides an ecological vocabulary for describing how persistent in-
teractions affect the participating organisms. Chacén et al. [12] and Wiesmann
et al. [149] distinguish mutualism, commensalism, parasitism, competition,
and neutralism according to whether each partner experiences a positive, neu-
tral, or negative fitness effect. More importantly, these interaction classes are
context dependent rather than fixed properties of a species pair. Chamberlain
et al. [150] show that interaction outcomes vary with environmental conditions,
while Wein et al. [151], Spottiswoode et al. [152], and Becks et al. [153] report
changes in interaction strength or sign as resources, partner behaviour, and
population composition change. At the community level, Saavedra et al. [154],
Qian and Akgay [155], and Valdovinos [156] further show that persistence and
stability depend on the organisation of positive and negative relations across
the interaction network. These studies establish signed and context-dependent
effects as the most transferable ecological ideas for heterogeneous robot sys-
tems, whereas population models such as Lotka—Volterra dynamics describe
reproductive density changes that do not directly correspond to fixed robot
teams [157, 158].

Engineering research has used symbiosis to describe systems in which
heterogeneous components exchange information, resources, services, or capa-
bilities. Nguyen et al. [159] examine mutualistic knowledge exchange between
autonomous systems, while Nguyen et al. [23] discuss complementary ca-
pabilities and reciprocal adaptation in human-machine and machine-machine
systems. Barravecchia et al. [160] extend the concept to engineered ecosystems,
where interdependence is linked to adaptability, resilience, and coordinated
resource use. Earlier computational studies introduced symbiosis-inspired
mechanisms into evolutionary systems and reinforcement learning, using in-
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teraction benefits to influence agent selection, adaptation, or policy learning
[161, 162]. Related work in industrial ecology models directed exchanges of
materials, energy, services, and by-products between production units, often
using network or optimisation models to identify beneficial exchange struc-
tures [163-166]. Symbiosis-inspired multi-robot studies have also used shared
resources, complementary roles, and interaction-based rewards to support co-
operation [167, 168]. Across this literature, however, the biological terms are
implemented through different operational proxies, including task performance,
energy, resource availability, service exchange, and continued operation. No
common formulation specifies how the direction, sign, magnitude, and tempo-
ral variation of an inter-agent effect should be estimated and incorporated into
decentralised decision-making.
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3. Research Methodology

This chapter sets out the methodology shared by the four studies and shows how
each instantiates it. Rather than describing each study end to end, the chapter
is organised by the foundations they have in common. Section 3.1 models
the robots and tasks, Section 3.2 states the decision-making and learning
formulation, Section 3.2.1 describes the multi-agent learning architectures
and the three points at which the studies intervene, and Section 3.3 covers
simulation, training, and execution.

3.1 Robot and Task Modelling

A heterogeneous multi-robot system is modelled as a set of platform-specific
agents whose sensing, actuation, mobility, and control structures differ substan-
tially. As illustrated in Fig. 3.1, each robot maintains its own state estimation,
planning, and low-level control pipeline, providing the basis for decentralised
multi-robot control, while task decomposition, allocation, scheduling, conflict
resolution, and mission replanning are coordinated through shared mission-
level information. This separation allows each robot to respond locally to
disturbances and partial observations, reduces dependence on a single cen-
tral controller, improves scalability, and enables continued operation when
communication is delayed or individual robots fail.

3.1.1 Robot Kinematics, Dynamics, and Control to Tasks

Each robot is first treated as an autonomous dynamical system whose con-
figuration space is determined by its embodiment. A general second-order
model can be written as § = f(q,q) + g(q,q)u, where g denote the config-
uration and may be held as a Euclidean space, a Lie group, or a product of
both. For rigid-body and articulated systems, the same dynamics are com-
monly expressed as M;(qi)d; + Ci(qi, 44 + Ni(q:) = Bi(d:)w; +Ji(ai) " Ai,
where M; is the inertia matrix, C; contains Coriolis and centrifugal effects, N;
includes gravitational and other configuration-dependent forces, and A; rep-
resents contact or interaction forces. The warehouse AGVs are modelled on
SE(2), with planar pose q = (x,y, ¢ ), while whereas aerial robots, quadruped
floating bases, and end-effector frames evolve on SE(3). A three-dimensional

rigid-body pose is represented by T; = Lﬁ Il)] € SE(3), where R € SO(3)
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Figure 3.1. Hierarchical control architecture for heterogeneous multi-robot cooperation
to date.

describes orientation and pe R3 describes position. Its differentialAkinematics
may be written as 7 = T&, where & € R® is the body twist and £ € se(3) is
its matrix representation. For a manipulator, the joint configuration remains
q € R”, while the end-effector pose is obtained through the forward kinemat-
ics T, = F(q) € SE(3),&, = J(q)q. A mobile manipulator may therefore be
described on the product space Q = SE(2) x R", with the mobile base and
manipulator arm governed by different kinematic and dynamic constraints.
The role of the platform-specific controller is to stabilise these dynamics
and track admissible references while respecting holonomic and nonholo-
nomic constraints, actuator limits, contact conditions, collision constraints, and
platform-dependent safety requirements. Motion generation is typically for-
mulated between an initial state Xo and a goal set X, where the reference may
specify positions, orientations, velocities, waypoints, or complete trajectories.
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A general trajectory optimisation problem can be written as

T
&" = argmin / L(x(t),u(t),r) dt + L(x(T))
EuT 0
subject to X = F(x,u),
x(0) = xo, X(T) € X,
h(x,u) =0, c(x,u) <O0.

Here, L may penalise travel time, control effort, tracking error, energy consump-
tion, collision risk, or deviation from a desired task-space path. In Euclidean
coordinates, a neighbouring candidate trajectory may be expressed as Xq (1) =
x(t)+an(t),n(0) =n(T) = 0. For configurations on SE(3), an additive per-
turbation is generally not valid because rotations and rigid transformations
do not form a vector space. A corresponding variation is constructed instead
through the exponential map, Ty (t) = T(t)exp(an(t)),n(0) = n(T) = 0,
which perturbs the trajectory while preserving its membership in SE(3). The
same geometric formulation applies to aerial vehicles, floating-base legged
robots, and manipulator end-effector trajectories, while planar mobile robots
can be treated in the subgroup SE(2).

Given a geometric or dynamic model, motion planning seeks a continuous
sequence of admissible configurations connecting an initial configuration (g
to a goal configuration or goal region q,. Let Cgee = {q € C; | B(q) N0 = &}
denote the collision-free configuration space of robot i, where B(q) is the region
occupied by the robot and O is the obstacle set. The geometric path-planning
problem is then to find ¢ : [0, 1] = Cpree such that 6(0) =qp, (1) € qg. Motion
planning additionally requires that the path admit a feasible time parametrisa-
tion satisfying the robot dynamics, control bounds, velocity and acceleration
limits, contact constraints, and nonholonomic constraints. For low-dimensional
mobile navigation, the environment is commonly represented by an occupancy
grid or another discrete map from which a graph G = (V, E) is constructed.
Search methods such as Dijkstra’s algorithm and A* can then find a shortest
path over the discretised free space. Their principal advantages are determinis-
tic behaviour, direct integration with occupancy maps, and completeness and
optimality with respect to the chosen graph and cost function. Their limitations
arise from map resolution, increasing memory and computational cost as the
state dimension grows, and the fact that a geometrically valid grid path need
not directly satisfy the kinematic or dynamic constraints of the physical robot.

The MAPF methods address the routing layer after robot goals have already
been assigned, whereas the central question of this thesis concerns how hetero-
geneous inter-robot relations should be represented and used before routing
decisions are made. In the proposed relation-centred framing, symbiosis char-
acterises how one robot changes another robot’s task feasibility, resource state,
execution cost, or expected contribution, particularly when tasks require com-
plementary roles or when charging decisions alter future coalition availability.
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The cooperative gains, however, are not attributed to the framing itself. They
are produced by a separate coordination mechanism that uses this relational
information to select tasks, form role-complete coalitions, and balance task
execution against resource recovery. Local path planning and inter-robot con-
flict handling are retained as a common downstream execution layer across
methods. This separation prevents gains arising from collision avoidance or
route optimisation from being attributed to the proposed symbiosis framing.
MAPF determines how already assigned robots can reach their goals without
conflict, while the coordination mechanism studied in this thesis determines
which robots should cooperate, which task they should perform, and under
what resource conditions.

The multi-robot decision layer operates on task-level variables rather than
directly on motor torques, joint commands, wheel velocities, or thrust inputs.
Let .4/ = {l,...,n} denote the robot team and ¢ = (¥, &) its communication
graph, where .4/ is the neighbourhood of robot i. A first-order abstraction
may represent each robot by X; = u;, where x; denotes a coordination-level
quantity such as assigned destination, task progress, arrival time, workload, or
resource condition, rather than the full mechanical state [169]. At this level, de-
centralised coordination is formulated as task allocation rather than agreement
over a common continuous state. Following Korsah et al. [25], the problem is
characterised by whether robots execute single or multiple tasks, whether tasks
require individual robots or coalitions, whether allocation is instantaneous or
time-extended, and whether utilities and constraints are independent or inter-
related. Each robot evaluates feasible tasks from its capabilities, resources,
expected execution cost, and current schedule, while communication is used
to resolve competing assignments. For heterogeneous teams, the resulting
allocation may include role-complete coalitions, temporal synchronisation,
precedence constraints, and dependencies across robot schedules. The assigned
task or task sequence is then realised by the robot-specific estimation, planning,
and control stack.

The methodological problem is how to construct this coordination mecha-
nism when robots differ in sensing, mobility, manipulation, energy, and task
role. Conventional optimisation, market-based, and auction-based methods
encode such differences through capabilities, costs, timing requirements, and
resource constraints, from which assignments, schedules, coalitions, or winning
bids are computed [4, 14, 15, 32]. The studies in this thesis instead examine
how the state of one robot changes the feasible or beneficial decisions available
to another during execution. Battery level, rendezvous timing, spatial access,
object readiness, sensing coverage, and partner availability may all affect the
task selected by a local policy. Symbiosis provides the relation-centred fram-
ing for these directed effects, while partner-state sharing, interaction-aware
rewards, coalition formation, and adaptive coordination provide the mecha-
nisms that generate cooperation. Each high-level action is translated into a
local reference by a robot-specific planning and control interface, allowing
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heterogeneous platforms to share a common decision layer without sharing
the same dynamics or controller. In the warehouse studies, actions include
moving, picking, delivering, waiting, and charging, with battery state exposing
resource dependence in I and II; in the Isaac studies, actions are continuous
targets above joint- or end-effector-level control in III. The ICPS study in IV
modifies only the observation interface by adding the partner’s battery level, so
the resulting coordination effect can be attributed to partner-state observability
rather than to a different optimiser, action space, or controller.

3.2 Decision-Making and Learning Formulation

The single-robot decision problem can be formulated as a Markov decision
process (S,A,T,r,7v), where (S) and (A) denote the state and action spaces,
T (s+1 | 8¢,a;) is the transition model, r, = R(s;,a;,s:+1) is the reward. When
the full state is not directly available, the model becomes a partially observ-
able MDP by introducing an observation space € and observation function
O(o; | s1,a;—1). This formulation extends to multiple agents as a decentralised
partially observable MDP, in which agents select a joint action a, = (a/,...,a}),
each agent i receives a local observation o/, and the shared state evolves ac-
cording to s, ~ T(- | st,a;). A Dec-POMDP assumes a shared global reward
or an identical optimisation objective, whereas a partially observable Markov
game permits agent-specific rewards and can therefore represent cooperative,
mixed-motive, or competitive interactions [73, 86, 170]. The studies in this
thesis adopt the partially observable Markov game introduced in Section 2.1.2,
¢ = (N,S,A;,T,Q;,0,r;,7), where agents may differ in their action spaces, ob-
servation spaces, capabilities, and receive local rewards. The reward structure
is treated as part of the coordination design, since a shared reward encourages
team-level behaviour but provides weak role-specific credit, while individ-
ual rewards localise credit but may fail to represent effects realised through
other agents. This sequential, partially observable, and coupled decision struc-
ture motivates the use of reinforcement learning for policies that adapt to
state-dependent interactions during execution. A solution to the POMG is a de-
centralised policy profile & = (7, ..., ®,), where each policy maps the agent’s
local observation history to an action distribution. In the fully cooperative case,
the objective is to find a joint policy that maximises the expected team return,
whereas distinct agent incentives lead to equilibrium concepts such as a Nash
equilibrium. Computing an exact optimal policy profile is generally intractable
because each agent must reason over partial observation histories, joint actions,
and the policies of the other agents. In particular, finite-horizon Dec-POMDP
planning with at least two agents is NEXP-complete [135]. Reinforcement
learning is therefore used to approximate decentralised policies from interaction
data without explicitly solving the full planning problem, although it does not
in general guarantee a globally optimal policy or equilibrium.
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3.2.1 Reinforcement Learning and Multi-Agent Reinforcement
Learning

Reinforcement learning seeks an optimal policy 7* that maximises the expected
discounted return from every state. For two policies 7 and 7/, define & = 7’
when Vz(s) > Vy(s) for all s € S. In a finite MDP, at least one optimal policy
exists such that #* > & for every admissible policy 7. All optimal policies
share the same optimal state-value and action-value functions,

Vi(s) = m;le”(s), Vse S
Q*(s,a) = méle”(s,a), VseS,acA

After taking action a in state s, the agent follows an optimal policy from the
next state onwards. Consequently,

Q*(s,a) = Z T(s"|s,a) [R(s,a,s") +yV*(s')],
s'eS
V¥(s) = max 0 (s, a),

which gives the Bellman optimality equations

Q*(s,a)=ri+y Z T(si+1 | s,ar) max O (si41,ar+1)
SH,IES at+16A

V*(s) =max{ri+y Y T(s1|s,a)V*(si41)}.
acA Si1€S

When the transition and reward models are known, policy iteration and value
iteration can apply these Bellman relations directly. When the model is un-
known or the state and action spaces are too large for tabular computation,
reinforcement learning estimates value functions or policies from sampled
interactions. the off-policy Q-learning, for example, updates the action-value
estimate with temporal difference (TD) to target r; + ymax, Q(s;+1,d’),

O(sr,ar) < O(sr,ar) +a |1y +7ma/1xQ(s,+1,a/) —O(sr,ar)

Instead of using tabular value functions, deep reinforcement learning rep-
resents value functions and policies with neural networks. Deep Q-Networks
(DQN) approximate the action-value function Qg (s,a) for discrete actions,
mapping high-dimensional observations directly to the estimated value of each
action. Training minimises the temporal-difference error using a target network
Q. whose parameters are held fixed for several updates to improve stability,

3Q(¢’) = E(st,at,r,,s*t+l)~_@

2
(”t +r(1 —dt)H}f}XQqS (sr41,d") — Qg (Smat)) ] .
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Policies may also be represented directly by a neural network (my(a | s))
and optimised using policy-gradient methods. When a parametrised policy
is combined with a learnt value function, the resulting method is actor-critic,
where the actor selects actions and the critic estimates the value of the current
policy to guide its updates. Monte Carlo methods estimate values from complete
sampled returns, whereas temporal-difference methods bootstrap from current
value estimates. On-policy methods learn from trajectories generated by the
current policy, while off-policy methods learn a target policy from data collected
by a different behaviour policy. One of the off-policy actor algorithms is the
deterministic policy gradient, which is obtained by differentiating the critic
through the actor instead of analytically maximising it. The critic is trained
with loss

2
Zo(v)=Egy {(rr +¥(1 —di)Qy (se+1, Mg (se41)) — Q.,,(st,a,)) } )
while the actor maximises the critic’s estimate,

J(6) = Eyog [Qy (s, o (s5))] -

Proximal Policy Optimisation directly updates a stochastic policy while
limiting excessively large policy changes. Its clipped surrogate objective is

2UP(0) ~ B, min (22010 g ip L) g1y, )]
T0o1a (at ’ st) YT (at ‘ st)

By clipping the policy ratio to the interval [1 — &, 1 + €], the incentive to move
it outside this interval is removed; thus, the policy updates are constrained as
well. It is possible to use an additional loss term to promote policy entropy
and, thus, exploration. In practice, the policy objective is combined with a
value-function loss and an entropy term.

Extending reinforcement learning to multiple decentralised agents introduces
non-stationarity, scalability, and credit-assignment problems [136-138, 171].
Independent learning applies a single-agent RL algorithm to each robot using
only local information. This supports decentralised execution and scales natu-
rally with the team, but each agent treats the changing policies of its partners as
part of the environment, making its learning problem non-stationary. Scalability
arises as joint observation and action spaces grow rapidly with the number of
agents, while credit assignment becomes difficult when a shared return does
not reveal which robot, action, or interaction produced an outcome. Parameter
sharing and shared experience can reduce data requirements, but they must
account for heterogeneous observations, actions, and roles.

Centralised training with decentralised execution addresses some of these
difficulties by allowing critics to use joint information during training while
keeping each actor dependent only on locally available information at execu-
tion time. Multi-agent actor-critic methods learn centralised critics [9, 10],
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MAPPO combines PPO actors with a centralised value function [139], and
value-decomposition methods factor a joint action value into agent-level util-
ities [17, 18]. Centralised critics can reduce non-stationarity and improve
value estimation, but their input size may grow with the team and may require
permutation-invariant representations. Counterfactual critics further support
credit assignment by comparing an agent’s selected action with alternative
actions while holding the actions of the remaining agents fixed.

3.2.2 Information Sharing, Reward Shaping, and Interaction
Adaptation

Parameter sharing defines how learning experience is pooled across agents, but
it does not answer the main research question. Sharing parameters within a
robot type can reduce sample complexity and stabilise training, yet it neither
represents directed inter-robot relations nor explains why one robot’s state
changes another robot’s feasible or beneficial actions. It also does not constitute
the coordination mechanism that produces cooperative gains, since agents
with identical parameters may still act independently when they lack relevant
partner information or interaction-specific learning signals. These studies
therefore hold type-shared policies fixed where possible and evaluate separate
interventions, including partner-state observability, interaction-aware rewards,
coalition formation, and adaptive coordination structure. This distinction allows
symbiosis to remain a relation-centred framing, while the observed gains are
attributed to the mechanisms that expose and use those relations rather than to
parameter sharing itself.

The core illustrations are paper-specific rather than forced into a single dia-
gram. ICPS has an explicit algorithmic architecture for battery-state sharing
(Fig. 3.2); PRISM has a relationship-aware shaping pipeline (Fig. 3.3); ICRAS
is illustrated mainly through the Isaac simulation tasks in Sec. 3.3; and MORPH
is represented by its online topology update equations and the recovery/scale
plots in Chapter 4. This separation avoids treating simulator screenshots, con-
troller architectures, and reward-shaping pipelines as interchangeable evidence.

Reward shaping is the mechanism through which I and III represent inter-
action value, but the two studies use it at different levels of formality. ICRAS
adds task-specific mutual-benefit terms to MAPPO rewards in each Isaac bench-
mark; this is an empirical reward-design intervention, not a policy-invariance
claim. PRISM instead uses potential-based shaping, which augments the re-
ward with a difference of a potential. Andrew Y. Ng et al. [11] prove that
adding y®(s") — ®(s) leaves the optimal-policy set unchanged for any bounded
potential @, and Wiewiora et al. [142] extend this to the state-action setting.
Applying this per agent gives the PRISM reward

rp M (1) = () + A [y @i(zi1) — Dilz)] 3.1

30



Learning

| Sharing
—> action |
|
-==> sharingI
|

% obs | Sampling

Hadiegh

Figure 3.2. Core algorithmic illustration from IV. Battery levels are appended to the
symbiotic state used by the value-decomposition learner, while decentralised execution
retains local robot decision making after training.
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Figure 3.3. Core PRISM methodology from I. Directed relationship effects are approxi-
mated from observable interaction events, mapped to typed relation labels and bounded
magnitudes, and inserted into a potential-difference shaping term for IPPO/MAPPO
training and closed-loop warehouse evaluation.

where 7, is the augmented state and A a scalar weight. The potential is built

from a relational quantity. PRISM begins from the conceptual contribution
AWY) = Wi(z) - Wi(z_;), (3.2)

the change in agent i’s operational fitness when partner j is removed or replaced,

which is the directed effect named in Chapter 2. Because exact evaluation would
require counterfactual partner-removal rollouts and a specified replacement

policy, I does not compute AWI-(J ) during training. It trains offline in simulation
while maintaining an online event proxy from delivery, pickup, charging, and
battery events observed in each rollout; this proxy is mapped to the bounded po-
tential ;. The policy-invariance guarantee transfers only when the augmented
state is Markov-compatible for the potential and the terminal-state convention
satisfies the standard shaping assumptions; the algebraic form alone is not

31



sufficient. Two further limits are stated explicitly. First, the Andrew Y. Ng et al.
[11] result is a single-agent optimal-policy invariance, and applying it per agent
in a Markov game does not by itself guarantee that the team optimum or the
game’s equilibria are preserved, so the guarantee is treated as motivation for
the shaping form rather than as a convergence claim for the multi-agent setting.
Second, an event-level potential risks introducing non-Markov dependence on
interaction history, so the potential must be a function of a valid augmented
state for even the single-agent guarantee to hold. Neither PRISM nor ICRAS
claims a new convergence result for PPO.

Interaction adaptation is the mechanism through which MORPH inter-
venes, changing not the reward but the structure over which agents coordi-
nate. MORPH maintains an undirected structural adjacency A; and a pairwise
preference matrix W;, strengthening a link when co-assigned agents make task
progress and decaying it otherwise [75]. A compact form of the preference
update is

Wt +1)= CliP(Pij(t) Wij(1) +ou cij(t) (1) Aij(r) + 04-d (1) €ij(1) Ai (), O, 1) ;

(3.3)
where ¢;j(t) is co-assignment overlap, ¢(¢) a task-progress signal, d(t) a deliv-
ery event, ¢;;(t) arecent-overlap term, and p;;() a base-and-threshold retention
factor. Structural links are formed from observation correlation, a homeostatic
degree term, and, in the evaluated TA-RWARE implementation, a predictive
hint that connects a newly assigned AGV to the nearest available Picker by Man-
hattan distance. MORPH therefore adapts preferences online without offline
graph-policy training, though the evaluated version still uses this positional
hint; the plasticity terminology describes the update rule and is not a claim of
neural equivalence.

3.3 Simulation, Training, and Execution

3.3.1 Simulation Environments and Architectures

The studies are evaluated in simulation because the central methodological
requirement is to isolate each intervention under repeatable conditions and
across enough seeds to distinguish systematic effects from training variance
[172]. The simulation platform is selected according to the mechanism being
tested rather than treated as a common benchmark for all studies. ICPS IV
uses MATLAB/Simulink to model a two-AMR warehouse with battery de-
pletion, charging stations, collision handling, task allocation, and a MARL
decision layer. ICRAS III uses Isaac Sim and Isaac Lab [173] to test mutual-
benefit rewards across physically different continuous-control tasks, including
cart-pendulum balancing, Shadow Hand object passing [174], and mobile ma-
nipulation. PRISM I and MORPH II use TA-RWARE [103], derived from
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Table 3.1. Simulation illustrations, run-time architectures, and training/evaluation
protocols used by the four studies.

Study Core illustration ~ Run-time architecture Training/evaluation protocol
v Figs. 3.2,3.4, and Plant dynamics, local Offline MARL training in the
3.6 path/execution controllers, a Simulink warehouse; closed-loop
global controller for collision evaluation against non-symbiotic

avoidance and task allocation, and and static-recharging references
a VDN/double-DQN decision using task time, workload, energy,

layer with partner battery-state and resource-use metrics
input

1T Fig. 3.5 Vectorised Isaac Sim/Isaac Lab ~ Offline training of
tasks with MAPPO under benchmark-reward and
centralised training and mutual-benefit-reward variants,
decentralised execution followed by evaluation over

repeated seeds using success,
return, coordination quality, and
learning-stability metrics

I Fig. 3.3 Heterogeneous TA-RWARE with  Offline policy training with online
AGV-Picker macro-actions, event-proxy updates inside each
battery/resource state, event rollout; evaluation across
logging, IPPO/MAPPO learners, task-only, flat-cooperative, and
and PRISM potential-based PRISM rewards with 18 learned
reward shaping seeds per condition/backbone

1I Eq. (3.3) and TA-RWARE task assignment, Closed-loop evaluation of online

Chapter 4 figures warehouse execution, preference topology adaptation under scale
matrix W;, and structural and recovery settings; the
adjacency A; updated during mechanism adapts coordination
execution structure rather than learning a

separate graph policy offline

robotic warehouse benchmarks [175], because its discrete warehouse dynamics
are lightweight enough for repeated reward, topology, scale, and perturbation
comparisons.

The illustrations are therefore selective, but not arbitrary. ICPS needs both
the warehouse scene and the controller architecture because its claim depends
on where battery information enters the MARL layer and how robot execution
is embedded in the cyber-physical loop. ICRAS needs the simulator screenshot
because the contribution is a reward idea tested across three physically different
Isaac tasks rather than a new controller architecture. PRISM is best illustrated
by the method pipeline in Fig. 3.3, because the important object is the relation-
ship proxy and potential-shaping path, not a rendered warehouse. MORPH is
best represented by Eq. (3.3) and the scale/recovery plots in Chapter 4, because
the central object is an online adaptive graph rather than a new simulator.

3.3.2 Training, Evaluation, and Execution Protocol

Training is performed offline in simulation for the learning-based studies, while
evaluation is performed through closed-loop execution episodes after training.

33



Unloa!mg 3 A

60

Y [meters] X [meters]
Figure 3.4. ICPS simulated warehouse environment from IV. The scene contains one
loading station, three unloading stations, two charging stations, obstacles/restricted

zones, and example AMR trajectories, providing the execution substrate for battery-
aware task and charging decisions.

(b)

Figure 3.5. Isaac Sim/Isaac Lab tasks used in III. The tasks provide physically different
substrates for the same reward-augmentation question, moving from coupled control to
dexterous object passing and mobile manipulation; the source experiments use parallel
simulated environments for MAPPO training.
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Figure 3.6. ICPS warehouse system architecture. The plant models robot dynamics,
energy use, and charging; local controllers manage path following and execution; and

the global controller integrates collision handling, task allocation, and the MARL
decision layer.

ICPS trains a VDN/double-DQN decision layer in the Simulink warehouse.
During training, each robot has local observations and an augmented symbiotic
state containing other robots’ battery levels; after training, agents execute
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decisions through the warehouse control stack and are compared with non-
augmented and static charging references. ICRAS trains MAPPO variants
in Isaac Lab with the benchmark reward and with the task-specific mutual-
benefit reward, then evaluates whether the added reward changes success,
return, coordination balance, or learning stability. PRISM trains IPPO and
MAPPO policies under matched TA-RWARE settings while changing the
reward structure between task-only, flat-cooperative, and potential-shaped
variants; the relationship proxy is updated from events during rollouts, but the
policy-learning experiment remains an offline simulation study. After training,
policies are evaluated on throughput, request type, relationship-label traces,
role flexibility, and perturbation cases.

MORPH is the exception to the offline-training pattern. Its evaluated contri-
bution is an online coordination structure, so the preference graph continues to
update during execution from co-assignment, delivery, observation, degree, and
performance signals. It is therefore compared as an adaptive topology mecha-
nism rather than as a separately trained graph policy. This distinction prevents
three layers from being conflated: offline policy optimisation, online inference
or structure adaptation during simulated execution, and physical deployment.

Deployment is outside the evidence boundary of the completed studies. The
policies and coordination rules execute closed loop in simulation, but they
are not validated on physical robots. Moving from this evaluation protocol to
hardware would require a separate deployment layer: calibrated sensing and lo-
calisation, communication-delay handling, safety overrides, robot-specific path
tracking, battery and charging models fitted to hardware, and fail-safe behaviour
when the learnt or adaptive decision layer requests an infeasible action. The
present methodology therefore supports claims about simulated training and
execution under controlled assumptions, while physical deployment remains
future validation rather than an outcome demonstrated here.
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4. Results to Date

This chapter reports the completed evidence by intervention rather than as a
cumulative validation of symbiosis. The results are read against the three re-
search questions introduced earlier: compact partner or interaction information
for decentralised execution (RQ1), directed reward and credit representation
(RQ2), and the validity boundary of the resulting interaction representations
(RQ3). Each section therefore states the manipulated design object, the matched
comparison, the observed effect, and the limit of the claim.

The studies are not directly pooled into a single aggregate score because
they test different mechanism layers. ICPS changes an observation channel
in a two-AMR warehouse, ICRAS changes reward terms in Isaac Sim tasks,
PRISM changes reward shaping in TA-RWARE, and MORPH changes an
online interaction graph. The chapter therefore treats the results as a sequence
of bounded mechanism tests: first whether a selected partner state is useful,
then whether reward terms can expose interaction value, then whether typed
relationship proxies improve cross-role throughput, and finally whether an
adaptive graph can remain competitive under scale and task-shift conditions.

4.1 Partner Battery-State Sharing in a Two-AMR
Warehouse (RQ1)

The ICPS study tests whether one compact partner-resource variable changes
decentralised warehouse behaviour. The intervention augments the learner’s
observation with the other AMR’s battery level while keeping the warehouse
plant, local controllers, and task setting fixed [167]. It is compared with non-
augmented MARL and static recharging in the same two-AMR warehouse.
This is the narrowest RQ1 test in the report: the study does not expose a full
joint state or a learned communication graph, but asks whether a single resource
variable is enough to affect task and charging decisions.

The training evidence suggests that the battery-state variable changes coordi-
nation before the final evaluation metrics are computed. Figure 4.1 shows that
the augmented learner reaches higher cumulative reward earlier and exhibits
less imbalance between the two AMRSs than the non-augmented variant. The
important point is not only that reward increases, but that the policy has access
to the partner’s future resource constraint while choosing whether to keep
delivering or recharge. This makes charging conflicts and asymmetric depletion
visible during learning, whereas the non-augmented learner must infer the
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Figure 4.1. ICPS training results. Battery-state sharing makes future charging conflicts
visible during learning and is associated with earlier reward improvement and more
balanced activity between the two AMRs.
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Figure 4.2. ICPS evaluation results. In the tested two-AMR warehouse, partner battery-

state augmentation is associated with shorter completion time and more balanced
workload and energy use.

partner’s state only through delayed consequences in the shared warehouse
dynamics.

The evaluation evidence in Fig. 4.2 supports the same interpretation at the
operational level. Relative to static recharging, the reported evaluation shows
a 10.7% reduction in task completion time and a 13.81% improvement in
workload/energy balance. The non-augmented evaluation includes trajectories
in which one AMR charges at a high battery level while the other depletes after
approximately 140 deliveries. These observations indicate that the augmented
state helps the two robots avoid unbalanced resource use, not merely that it
increases the learned reward.

The result supports RQ1 only for the selected variable and environment.
Partner battery state can be informative when charging and task allocation are
coupled, but the study does not show that arbitrary partner information improves
coordination, that full state sharing is desirable, or that the result scales beyond
two AMRs. The main evidence boundary is therefore the state-sufficiency
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Figure 4.3. ICRAS training curves over five seeds. The reward additions have little
peak effect in the simplest task and appear mainly as stability or variance changes in
the more coupled settings.

question: battery level is useful in this setting, but later work must test which
additional partner variables, if any, are necessary for larger heterogeneous
teams.

4.2 Task-Specific Reward Augmentation in Isaac Sim

(RQ2)

The ICRAS study tests the simplest reward-side version of the relation-centred
idea: add task-specific mutual-benefit terms while keeping the underlying
MAPPO training and simulator tasks fixed [168]. Unlike PRISM, this study
does not use counterfactual fitness, event-proxy relationship labels, or potential-
based invariance. Its value in the thesis is empirical: it asks whether mutual-
benefit reward terms change learning behaviour across physically different
simulated tasks.

The result is task dependent. In CartPendulum, both variants reach ap-
proximately 580 peak reward, with success rates of 0.993 for the benchmark
and 0.992 for the augmented reward. The main visible difference is reduced
fluctuation rather than improved final performance. This matters because it
prevents an overgeneral claim: if the benchmark reward already captures the
main coupled-control objective, adding a mutual-benefit term may smooth
training without changing the achievable task outcome.

In Shadow Hand object passing, both variants reach a peak near 1631, while
the augmented reward has smoother curves and lower reported variability.
In mobile manipulation, the augmented variant reaches approximately 4168
compared with 4046 for the benchmark and is reported as more stable. Read
together, Figs. 4.3 and 4.4 suggest that reward-side interaction terms become
more useful when task success depends on higher-dimensional handover, con-
tact, or coupled locomotion-manipulation behaviour.
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Figure 4.4. ICRAS performance summary over five seeds. The task-specific reward

additions show little peak-performance change on CartPendulum and more visible

stability differences in the higher-dimensional tasks.

Table 4.1. Deliveries per episode in the PRISM study. Learned methods use 18
replicates per backbone; the heuristic is a non-learning reference.

Condition IPPO MAPPO Mean across backbones
PRISM 442438 36.2+5.0 40.2
Flat-cooperative ~ 27.0+£4.3 27.3+£3.5 27.1
Task-only 19.7+£6.8 21.1t4.6 20.4
Heuristic 27.5+158 275+15.8 27.5

These results support a narrow RQ?2 claim: task-specific interaction terms
can change learning behaviour in some coupled-control settings. They do
not demonstrate that a mutualistic term improves an arbitrary MARL task,
and the five-seed design limits strong statistical interpretation. The current
evidence also tests only positive mutual-benefit terms. It does not validate
commensalism, parasitism, or harmful interaction labels as operational robot
categories.

4.3 PRISM Reward Comparisons in TA-RWARE (RQ2)

PRISM evaluates a stronger RQ?2 intervention by converting event-level rela-
tionship proxies into potential-based reward shaping. It is compared against
task-only and flat-cooperative rewards under IPPO and MAPPO with the same
TA-RWARE environment, macro-action controller, and training settings. The
principal result is a throughput difference under matched reward-structure com-
parisons, but the study also reports learning curves, request decomposition,
operational relationship labels, role diagnostics, and perturbation outcomes.
Across IPPO and MAPPO, PRISM reaches 40.2 deliveries per episode,
48.3% above the flat-cooperative reward and 97.1% above the task-only reward.
Welch comparisons against both learned reward baselines are below p < 1073
under both backbones. The heuristic comparison is narrower: PRISM is

39



IPPO MAPPO
@ )

@
S
L

IS
)
L

301

Deliveries per episode

SRt 1@

P

=

% 50 4 1

o W AVIY RSN Y, \

) “ v o o, LN =

Bl g AR P e S M1y ,\/"\ et AR ‘fﬁ(\

s v : L

| N R VR RRA

£ 30 ]

£

E] ' i’ —— PRISM

E 20 1 Flat-coop.

3 — = Task-only

=0l r T T T T r T T T r r r T r r r T
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200

Training episode Training episode

Figure 4.5. PRISM learning curves. The separation from task-only and flat-cooperative
rewards occurs after agents learn viable battery management, indicating that the main
difference is how operational viability is converted into coordinated deliveries.

significantly higher under IPPO and numerically higher under MAPPO. The
flat-cooperative reward remains near the heuristic reference, which suggests
that a generic team bonus can recover part of the cooperative structure but does
not provide the same cross-role credit as the typed shaping term.

The learning curves in Fig. 4.5 show that the PRISM gain is not primarily
about learning to keep batteries alive. Battery-related behaviour stabilises
early across reward designs, while the delivery gap appears when agents must
convert viable operation into coordinated task completion. This supports the
interpretation that the reward intervention affects credit for cross-role task
events rather than simply preventing energy collapse.

The request decomposition in Fig. 4.6 helps localise the difference. Simpler
transport-only, Picker-only, and two-role requests can often be completed by lo-
cal heuristics. The largest PRISM gain occurs on heavy requests requiring one
AGYV and two Pickers: PRISM completes roughly ten per episode, compared
with four to six for the learned baselines and almost none for the heuristic. This
is consistent with improved credit for sparse cross-role events, but does not
by itself prove that the event proxy is the causal mechanism. Reward scale,
coefficient selection, and interaction with the macro-action controller remain al-
ternative explanations. A further distinction must stay explicit: the AGV-Picker
complementarity of heavy requests is imposed by the TA-RWARE feasibility
structure, not discovered by PRISM. The reward intervention plausibly im-
proves how the team learns to exploit that built-in dependency, but task-imposed
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Figure 4.6. PRISM throughput by reward structure and request type. The largest
separation occurs for heavy requests requiring one AGV and two Pickers.

complementarity is not the same as a learned relational representation, and the
present result speaks only to the former.

4.3.1 Operational Relationship Labels

PRISM’s relationship analysis reports labels produced by its event proxy. Neu-
tral labels dominate near 99%, while the mutualistic category remains sparse.
Under IPPO, the PRISM mutualism proxy peaks at 1.23% and averages 1.00%
over episodes 50-150, compared with 0.62% for the flat-cooperative reward
and 0.37% for task-only reward. Under MAPPO, the corresponding averages
are 0.89%, 0.72%, and 0.38%.

The alignment between sparse labels and heavy-request throughput supports
the proxy as a diagnostic for where cross-role interaction may matter. The
mutualism percentages are small because most agent pairs are inactive, redun-
dant, charging, or only weakly coupled at any one step; the meaningful events
are concentrated around task handoff and heavy-request completion. This is
consistent with the thesis view that relation-level signals can be high leverage
even when rare.
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Figure 4.7. Frequency of operational mutualism labels in PRISM. The labels are
generated from task-event proxies and should not be interpreted as ecological or causal
classifications.

The proxy still does not validate the labels as ground-truth ecological rela-
tionships. Intervention rollouts, partner swaps, or exact counterfactual eval-
uations would be needed to determine whether the labelled pairs caused the
performance difference. The current evidence therefore supports an operational
reward-shaping mechanism, not a causal taxonomy of robot symbiosis.

4.3.2 Perturbation Results

The perturbation evidence depends on the learning backbone. Under IPPO,
PRISM has delivery drops of 20.37%, 14.00%, and 23.03% in the one-AGYV,
sudden-AGYV, and cascade AGV-Picker scenarios, compared with 63.75%,
31.11%, and 48.19% for the flat-cooperative reward. Under MAPPO, PRISM
drops 60.30%, 14.89%, and 33.53%, while the flat-cooperative condition drops
37.38%, 10.18%, and 20.55%. The current study therefore does not support a
backbone-independent robustness claim. It does, however, identify robustness
as a follow-up question: the same typed signal that improves cross-role through-
put under nominal conditions may or may not help when a role becomes scarce,
and the answer depends on the learner and perturbation type.
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Table 4.2. Mean cumulative deliveries in the MORPH scale study (20 seeds, 2,000

steps).
Condition Tiny (N =8) Small (N =12) Medium (N = 18) Large (N =24)
MORPH 115.10 153.20 201.45 244.10
Proximity 113.50 165.25 207.45 260.60
Task-shared graph 116.25 157.10 198.15 246.00
Full graph 123.10 154.85 201.40 246.20

4.4 MORPH Online Preference Adaptation (RQ1/RQ3)

MORPH tests whether a compact pairwise structure can be updated during
execution rather than fixed before deployment. This contributes to RQ1 as an
interaction-structure design and to RQ3 as a validity test under scale and cyclic
task-shift conditions. The current MORPH scale artifacts contain 20 seeds per
condition and 2,000 steps per run. Table 4.2 reports final cumulative deliveries
for the four principal topology conditions.

MORPH is not the highest-throughput condition at every scale. Its final
deliveries are not significantly different from TSG or the full graph at any
tested scale. Against proximity, differences are not significant for tiny, small,
or medium teams; proximity is significantly higher for the large team (260.60
versus 244.10, Welch p = 0.020). This bounds the contribution: the current
evidence supports online construction of a competitive task-oriented graph with
fewer active links at medium and large scales, not throughput superiority over
proximity. This is an important distinction because MORPH is meant to test
adaptive interaction structure, not to claim that plasticity-inspired topology
always maximises deliveries.

MORPH uses mean active-link counts of approximately 27.0, 38.3, 40.7,
and 58.5 across the four scales. The full graphs contain 28, 66, 153, and 276
links. The comparison therefore shows a reduction in active links at medium
and large scales while retaining throughput similar to the full-graph and TSG
baselines. The result is most meaningful at medium and large team sizes, where
the gap between a full graph and a sparse adaptive graph becomes substantial.
Communication volume was not measured directly, so active-link count is a
structural proxy rather than a network-cost measurement.

4.4.1 Cyclic Task-Shift Experiment

The cyclic experiment alternates demand across six 400-step spatial phases.
MORPH retains its graph state, while a reset variant clears the preference
and adjacency matrices at every phase boundary. Across the return phases,
MORPH’s mean recovery times range from approximately 30.7 to 52.2 steps.
The corresponding ranges are 45.1-96.0 for proximity, 39.8-54.7 for TSG, and
51.7-66.1 for reset MORPH.
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Figure 4.8. MORPH scale and communication results from 20 seeds and 2,000-step
runs. Throughput must be read together with active-link count; the full graph contains
all possible links, while MORPH maintains a smaller adaptive subset.

The result is consistent with useful persistence in the tested schedule, but it is
not monotonic and does not establish general distribution-shift resilience. The
experiment also combines preference memory with a nearest-Picker predictive
hint, so adaptation cannot be attributed solely to history in W;. MORPH
should therefore be interpreted as an online execution mechanism within the
TA-RWARE abstraction, not as evidence that the same graph rule transfers
unchanged to physical robots or unrelated domains.

4.5 Cross-Study Summary

The strongest completed evidence is for mechanism-level effects under con-
trolled simulation, not for a complete theory of robotic symbiosis. Read as a
representation hierarchy, the four studies move the same directed partner de-
pendence through three layers of the decision process. At the observation layer,
ICPS shows that a selected partner resource variable can improve two-AMR
resource coordination. At the reward layer, ICRAS shows that task-specific
mutual-benefit rewards can affect learning stability, especially in more coupled
tasks, but not uniformly, and PRISM shows the clearest throughput gain by
inserting typed event proxies into potential-based shaping under matched re-
ward baselines. At the topology layer, MORPH shows that an online graph
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Figure 4.9. Recovery analysis for the six-phase MORPH task-shift experiment (20
seeds; 400 steps per phase). Retained preferences often reduce recovery time relative
to reset MORPH and proximity, but the advantage is not uniform across phases or
baselines.

can remain competitive with task-shared and full-graph structures while using
fewer active links, but not that it dominates proximity in all settings.

Across the four studies, the pattern is consistent with the research framing:
inter-agent information is most useful when it exposes a concrete dependency
that the local policy would otherwise miss. Battery state matters when charging
affects partner availability; reward shaping matters when heavy requests require
non-substitutable AGV-Picker cooperation; graph adaptation matters when
useful collaboration partners change with task phase and scale. The current
evidence is therefore positive but bounded. It motivates stronger ablations and
transfer tests rather than closing the question.
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Table 4.3. Claim-evidence assessment for the completed work.

Claim Evidence Status
Partner battery state can be a 10.7% shorter completion time and 13.81% Supported in
useful compact observation in better workload/energy balance relative to setting
the tested two-AMR warehouse.  static recharging.
Task-specific mutualistic Similar CartPendulum outcome, smoother Not supported
rewards uniformly improve Shadow Hand learning, and a modest
MARL. mobile-manipulation difference over five

seeds.
PRISM improves throughput 40.2 deliveries; 48.3% above flat-cooperative ~ Supported in
over the tested learned reward and 97.1% above task-only reward under setting

baselines.
PRISM’s event proxy identifies
causal directed contribution.

MORPH constructs a
competitive online preference
graph in TA-RWARE.

The interaction representations
are validated beyond controlled
simulation.

matched TA-RWARE settings.

Proxy labels align with heavy-request
performance, but no intervention or exact
counterfactual test is reported.

Similar throughput to TSG/full graph with
fewer active links at medium and large scales.

Evidence remains simulator-specific; sensing,
communication, safety, hardware energy
dynamics, and physical deployment are
untested.

Not demonstrated

Supported in
setting

Not supported

4.6 Claim-Evidence Map
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5. Discussion

The completed work supports a cautious interpretation of symbiosis as a
relation-centred framing, not as the mechanism that directly produces coopera-
tion. Across the four studies, the measurable design objects are partner-state
observability, reward shaping, event-level relationship proxies, and online topol-
ogy adaptation. These are conventional engineering mechanisms placed at the
interaction layer between individual robot actions and aggregate team return.
The evidence therefore supports the claim that making selected inter-agent
effects explicit can change simulated coordination behaviour, while leaving
causal interaction dynamics, solver independence, and physical deployment as
open questions.

5.1 Interpretation by Research Question

RQ1 asks which compact partner states or interaction structures make resource-
and role-dependent cooperation visible to decentralised learners. The ICPS
study gives bounded support for partner battery-state observability: in a two-
AMR warehouse, exposing the other robot’s battery state is associated with
shorter completion time and better workload/energy balance. MORPH gives
a complementary result for interaction structure: an online preference graph
can remain competitive with full and task-shared topologies while using fewer
active links at medium and large scales. Together, these results suggest that
compact partner information can be useful, but they do not define a sufficient
state representation. Battery state, co-assignment history, and delivery events
are useful only under the tested task couplings, and the cost of observation or
communication is still represented indirectly.

RQ?2 asks how directed inter-agent effects can enter the learning signal with-
out reducing cooperation to a shared team return. The ICRAS study shows that
task-specific mutual-benefit reward terms have task-dependent effects: little
peak-performance difference in CartPendulum, clearer stability differences in
Shadow Hand, and a modest mobile-manipulation improvement. PRISM pro-
vides stronger evidence within TA-RWARE, where potential-based relationship-
aware shaping improves throughput over task-only and flat-cooperative rewards
under matched learned baselines. However, the evidence supports the reward
mechanism rather than the ecological label itself. The event proxy may corre-
late with useful cross-role activity, but without partner-removal or intervention
tests it does not identify causal directed contribution.
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RQ3 asks when the proposed interaction representations remain valid beyond
controlled simulation. The current answer is mostly negative or incomplete.
The results are internally useful because each study compares matched variants
inside a fixed simulator, but cross-study validity is limited by different sub-
strates, seed counts, controllers, and mechanism layers. ICPS uses two AMRs
in a Simulink warehouse, ICRAS uses five-seed Isaac Lab experiments, PRISM
uses PPO-family learners in TA-RWARE, and MORPH evaluates an online
graph heuristic rather than an offline-trained graph policy. These differences
make the studies informative as bounded mechanism tests, not as evidence that
one symbiosis-inspired representation transfers across embodiments, solvers,
team sizes, sensing conditions, or physical robots.

5.2 Alternative Explanations

Reward scale and coefficient tuning remain important alternatives to the
relational-credit explanation for PRISM. The task-only, flat-cooperative, and
PRISM conditions share the same environment, controller, and training proto-
col, which strengthens the comparison, but PRISM may still provide a denser or
better-scaled auxiliary signal. Ablations that match reward variance, expected
auxiliary-return contribution, and clipping frequency would clarify whether
relationship semantics add information beyond shaped reward density.

The event proxy creates a construct-validity problem. Co-participation
in delivery, pickup, charging, or battery events can coincide with successful
coordination without measuring the marginal contribution of a particular partner.
The sparse operational mutualism labels align with heavy-request throughput,
but co-occurrence can still be mistaken for assistance. Partner-removal rollouts,
partner swaps, event interventions, or counterfactual traces are needed before
stronger causal claims are justified.

MORPH contains several interacting mechanisms: co-assignment updates,
delivery-modulated reinforcement, threshold-dependent decay, target-degree
regulation, global performance modulation, observation correlation, and pre-
dictive link formation. The positional predictive hint connects newly assigned
AGVs to nearby available Pickers, so the evaluated method should not be
described as learning topology without spatial prior. The current evidence
supports a competitive online preference heuristic, not an isolated proof that
preference memory alone causes recovery.

The warehouse execution layer is another shared source of structure. PRISM
and MORPH both operate above macro-actions, task eligibility, collision han-
dling, and local routing logic that already encode part of the coordination
problem. Their results concern reward and topology within that substrate,
not end-to-end robot control or integrated task-and-path planning. A cen-
tralised coalition scheduler, mixed-integer optimiser, model-predictive planner,
or learned communication baseline could change the comparative picture.
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5.3 Validity and Generalisation

The simulation evidence is useful for internal validity but insufficient for
deployment readiness. Isaac Sim and Isaac Lab provide higher-fidelity physical
dynamics for the ICRAS tasks, while TA-RWARE and the ICPS warehouse
provide controllable logistics abstractions. None of the completed studies fully
represents communication delay, localisation error, battery ageing, hardware
faults, human activity, safety overrides, or actuator-level failures. The results
therefore concern algorithmic behaviour under modelled assumptions rather
than real-robot autonomy.

The statistical strength of the evidence differs across studies. ICPS reports
a small two-AMR scenario, ICRAS uses five seeds and mostly supports qual-
itative stability statements, PRISM uses 18 replicates per learned backbone
and gives stronger throughput comparisons, and MORPH uses 20 seeds for the
current scale and recovery artifacts. These differences should remain visible in
the final thesis. A cross-study synthesis is appropriate for identifying recurring
design dimensions, but not for ranking the four methods as if they shared one
benchmark.

The symbiosis taxonomy remains broader than the empirical evidence. Mu-
tualistic terminology appears in ICRAS and PRISM, but commensalism and
parasitism are not systematically validated. More importantly, even mutualism
is currently operational: it is inferred from task-specific reward terms or event
proxies, not from independent ground truth about each robot’s marginal out-
come. Future work needs controlled asymmetric costs, resource contention,
harmful interference, and partner-removal tests before the signed categories
can be treated as validated robot-interaction classes.

The negative results in this report must also be read at the right strength.
Where a manipulated term does not change an outcome, as with the mutualistic
term on CartPendulum peak performance, the defensible statement is that no
effect was detected under the tested seeds, not that the term is unnecessary.
Distinguishing no-detected-effect, statistical equivalence, and evidence of harm
requires equivalence testing and adequately powered designs, neither of which
the current seed budgets supply; the second half therefore treats an equivalence
claim as a separate experiment rather than a corollary of a non-significant dif-
ference. The same discipline applies to the relational metrics. Proxy mutualism
frequency, typed-relationship counts, and active-link fraction are reported as
diagnostics that localise where interaction may matter, and they are never used
on their own to support a cooperation claim; the primary outcomes remain de-
liveries, completion time, energy, workload balance, idle fraction, and directly
measured communication cost.
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5.4 Implications for the Remaining PhD Work

The next PRISM work should separate relational semantics from generic reward
shaping. This requires reward-scale-matched controls, component ablations,
and intervention-based validation of the event proxy. Testing the same relational
features with an alternative planner or MARL family would examine portability
without presuming solver independence.

The next MORPH work should isolate each information source. In particular,
experiments should compare the full method with variants that remove the
positional predictive hint, remove preference memory, and match active-link
budgets against learned-communication, proximity, full-graph, and task-shared
graph baselines. Communication bytes, latency, and decision cost should be
measured directly instead of inferred from active-link count.

The next RQ1 work should map the sufficiency frontier for partner infor-
mation. Battery state is one useful variable in one warehouse task, but larger
teams may require role availability, queue state, charging-station occupancy,
planned arrival time, or task-eligibility information. The key experiment is not
to expose more state by default, but to identify the smallest partner-state or
graph representation that changes behaviour without approximating centralised
execution.

Cross-platform validation should proceed in stages: additional simulated
tasks, degradation tests for sensing and communication, solver-family compar-
isons, and then limited physical experiments with explicit safety constraints.
Sim-to-real performance, fault detection, and adversarial or harmful-agent
isolation remain future research questions. The present results do not justify
presenting them as consequences of a negative directed-benefit signal.

5.5 Progress and Planned Work

The remaining PhD work is held together by one thesis claim, that compact
representations of directed partner dependence improve coordination under
state-dependent non-interchangeability, and it is sequenced so that mechanism
validation precedes conceptual expansion. Fig. 5.1 gives the plan over the
full doctoral period, from January 2024 to the planned defence in December
2028, at quarter resolution. The mandatory first package closes the alternative
explanations identified in this chapter: a reward-information factorial that holds
reward magnitude fixed while varying only the pair semantics, simple online-
scoring and degree-matched-random baselines for MORPH under a fixed link
budget, and direct communication-cost measurement rather than active-link
count. Only then do the four study lines proceed. Two are core to the argument:
joint task-and-charge allocation under shared resource state, which closes
the thread opened by ICPS and adds the allocation and auction baselines the
completed work lacks; and one focused physical validation of role adaptation,
the largest package because it supplies the deployment evidence RQ3 currently
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lacks. Two are breadth that extends the same directed-dependence question to
new partner conditions rather than to new literatures: human-robot teaming,
where a partner’s state is observed rather than controlled, and mixed aerial—
ground teams, which test whether the same partner representations transfer
across embodiments. The breadth lines are the first to be narrowed or deferred
if time or hardware constrains the second half. The timeline is intentionally
coarse because the exact ordering will depend on review outcomes for PRISM
and MORPH and on hardware availability for the physical experiments.

The plan also clarifies what should not be treated as finished. The completed
ICPS and ICRAS studies provide evidence for selected observation and re-
ward interventions; PRISM and MORPH require revision work and stronger
ablations; and the mechanism-validation package must test causal directed-
benefit measurement, solver-independent performance, and communication
efficiency before the four study lines build on those mechanisms. The second
half therefore front-loads the experiments that remove alternative explanations,
and reserves the largest share of time for the physical-robot and cross-platform
work that the current evidence base lacks entirely.

Finally, future reporting should retain the claim-evidence discipline used in
Chapter 4. Each study should state the manipulated design object, matched
baseline, seed count, primary outcome, alternative explanation, and external-
validity boundary. This structure keeps the biological framing useful as a
vocabulary while preventing it from carrying claims that belong to the actual
observation, reward, graph, controller, and evaluation mechanisms.
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6. Conclusion

6.1 Conclusions

This half-time report has reframed symbiosis as a limited conceptual lens for
one scientific object, the directed effect of one heterogeneous robot on another,
studied at three successive representation layers: partner state in the observation,
partner effect in the reward, and partner selection in the topology. The four
studies are approximations of this single directed-dependence object rather than
four unrelated interventions, and the contribution lies in the implemented and
evaluated mechanisms at each layer, not in a claim that ecological symbiosis
is a fundamental theory of robot cooperation. Stated without the ecological
vocabulary, the thesis studies when a robot should observe selected information
about another robot, receive pair-specific auxiliary credit, or adapt which
partners it coordinates with, rather than relying only on local state and a single
team score.

Four study-level findings are supported within their respective settings. First,
sharing a partner’s battery state improves completion time and workload/energy
balance in the tested two-AMR warehouse. Second, task-specific mutualistic
reward additions have little effect on the simplest ICRAS task and more visible
stability effects in the higher-dimensional tasks. Third, PRISM improves
TA-RWARE throughput over task-only and flat-cooperative rewards, with the
largest difference on heavy cross-role requests. Fourth, MORPH constructs an
online pairwise preference graph that is competitive with TSG and full-graph
baselines while using fewer links at larger scales, although proximity performs
significantly better at the largest tested scale.

These results do not establish biological fidelity, exact causal credit, uni-
versal reward improvement, solver independence, general distribution-shift
resilience, or physical-deployment readiness. PRISM’s relationship labels
are operational proxy outputs. MORPH is plasticity inspired and uses a posi-
tional predictive hint in its current implementation. The report therefore treats
both methods as engineering designs whose usefulness must be tested against
standard alternatives.

6.2 Unresolved Questions

The principal unresolved question for partner information is scalability: which
compact partner variables remain useful as team size, communication con-
straints, and charging competition increase? The present battery result is
insufficient to answer this beyond two AMRs.
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For relational reward, the main unresolved question is attribution. Future
work must determine whether PRISM’s gain arises from relationship semantics,
reward density, coefficient scale, or interaction with the warehouse controller.
Intervention rollouts and reward-matched ablations are required before inter-
preting the proxy as causal contribution.

For adaptive topology, the main unresolved question is what information
MORPH truly needs. Removing or replacing the positional predictive hint,
comparing against trained communication methods, and measuring actual com-
munication cost will clarify the contribution of the plastic pairwise preference
graph.

6.3 Future Work

The remaining PhD work is governed by a single thesis claim, that compact
representations of directed partner dependence improve coordination under
state-dependent non-interchangeability, and every planned study is admitted
only insofar as it tests that claim. This is a deliberate guard against fragmen-
tation: the four lines below extend the same directed-dependence question
to new partner conditions rather than opening four separate literatures. A
mechanism-validation package is mandatory and gates all of them, because
the four lines build on mechanisms whose alternative explanations must first
be closed: a reward-information factorial that separates relation semantics
from reward density (meaningful, shuffled, random-pair, and no-pair terms
at matched magnitude), simple online-scoring and degree-matched-random
baselines for MORPH under a fixed link budget, direct communication-cost
measurement, and counterfactual benefit estimation that fits the directed-effect
estimator rather than a hand-designed proxy.

Two of the four lines are core to the thesis argument and two are breadth

that strengthens external validity without being required for completion:

1. (Core) joint task-and-charge allocation for warehouse fleets, carrying the
ICPS state-sharing thread into a full resource-coupled allocation problem
under shared battery state, and compared against established allocation
and auction baselines on a common feasible set;

2. (Core) one focused physical validation of role adaptation in a heteroge-
neous robot team, the largest package in time and effort, supplying the
deployment evidence that RQ3 currently lacks;

3. (Breadth) extension of the directed-dependence formulation from robot—
robot to human-robot teaming, where a partner’s state is observed rather
than controlled; and

4. (Breadth) cooperative behaviours for mixed aerial-ground teams, testing
whether the same partner representations transfer across embodiments.

The two breadth lines test transfer of the same claim to a human partner and
to a cross-embodiment partner respectively; if time or hardware constrains the
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second half, they are the first candidates to be narrowed or deferred, whereas
the validation package and the two core lines are not.

6.4 Scope of Supported Claims

The report holds its own conclusions to five checks:

* Clarity and flow: each study is organised around one manipulated design
object and one bounded question;

* Terminology: symbiosis and plasticity are identified as inspirations or
operational labels, not biological explanations;

* Unsupported claims: universal solver, robustness, security, causal-credit,
and deployment claims have been removed or marked as untested;

* Evidence alignment: quantitative conclusions are restricted to the re-
ported environments, baselines, seeds, and metrics; and

» Missing evidence: causal interventions, reward-scale controls,
communication-cost measurements, cross-task validation, and physical
experiments are stated as future requirements.

The resulting thesis direction is deliberately narrower but more testable:
determine when explicit partner information, relational reward features, and
adaptive pairwise preferences improve heterogeneous coordination, and identify
the conditions under which they do not.
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