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ABSTRACT

Cooperative multi-agent reinforcement learning (MARL) offers a
principled route to deploying teams of autonomous agents, but
standard scalar-reward optimisation can produce misaligned be-
haviour in safety-critical settings. This PhD research studies coop-
erative multi-agent alignment, decomposed into intention alignment
(faithful execution of specified tasks) and value alignment (strict
adherence to priority-ordered normative constraints). For intention
alignment, I develop agent-level compositional task specification
via a cooperative extension of Boolean Task Algebras, paired with
goal-oriented learning to support zero-shot generalisation across
tasks. For value alignment, I build on MoralityGym and morality
chains and develop a lexicographical reinforcement learning ap-
proach based on principled scalarisation to enforce team-level moral
priorities. I outline how these components integrate by treating
task reward as the lowest-priority objective within a Team Morality
Chain, yielding cooperative policies that execute intended tasks
subject to non-negotiable safety constraints.
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1 INTRODUCTION

Cooperative Multi-Agent Reinforcement Learning (MARL) offers
a robust framework for training teams to coordinate under cou-
pled dynamics [2]. As these systems are deployed in high-stakes
domains such as warehouse automation and disaster responses,
reliance on scalar reward maximisation can lead to undesirable
and unsafe behaviours. In particular, agents optimising a dense
scalar signal may gamble with safety constraints or exploit speci-
fication ambiguities to maximise returns - failure modes that are
amplified by multi-agent interaction effects [5, 13]. This motivates
the problem of Cooperative Multi-Agent Alignment: ensuring that a
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team’s joint behaviour adheres to human values while effectively
executing intended tasks.

In this PhD, I address this problem by decomposing alignment
into two distinct yet coupled challenges: (1) Intention Alignment,
ensuring agents achieve the specific tasks assigned to them; and (2)
Value Alignment, ensuring the team respects normative constraints
regardless of the task. I argue that these components admit differ-
ent mathematical treatments. Intention specification is naturally
compositional and goal-oriented, while value constraints are often
hierarchical and must be treated as non-negotiable requirements on
joint behaviour. Accordingly, I adopt an explicit, top-down specifi-
cation approach, which supports clear articulation and verification
of strict normative hierarchies, rather than attempting to infer them
from preference data.

Consider a disaster-response team: robots must coordinate to
extinguish fires or evacuate casualties (Intention), but must simul-
taneously adhere to strict norms such as “never harm a human”
or “minimise collateral damage” (Value). Crucially, these values
should not be treated as costs to be traded against mission reward;
instead, they impose constraints on the joint policy that must take
precedence over task completion.

This extended abstract outlines a framework for specifying and
enforcing such behaviours. My prior work establishes foundations
for both pillars: I developed a method for zero-shot cooperative
task generalisation [9], and introduced the MoralityGymbenchmark
[10] to formalise hierarchical value constraints via morality chains.
Specifically, the task-generalisation method enables cooperative
agents to transfer goal-oriented knowledge across task instances
without additional training [9], while MoralityGym provides envi-
ronments in which agents must satisfy higher-priority moral norms
before optimising lower-priority objectives [10]. Current work fo-
cuses on (i) extending Boolean Task Algebras to specify agent
intentions in heterogeneous teams and (ii) developing a principled
lexicographical RL scalarisation technique to enforce team-level
norms. The final phase of the PhD will integrate these components,
using the Boolean algebra to construct the task-reward signal that
appears as the lowest-priority objective within a Team Morality
Chain.

2 ENSURING INTENTION ALIGNMENT VIA
AGENT-LEVEL BOOLEAN TASK
SPECIFICATIONS

A central bottleneck in intention alignment is task specification.

The standard approach encodes tasks as reward functions, often sup-
ported by reward shaping [4]. Small misspecifications can induce
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unintended optimisation and “specification gaming” behaviours
[12]. Formal alternatives such as temporal logic specifications and
automata-based reward representations can improve interpretabil-
ity and verification, but they often introduce additional structure
that complicates learning and scaling in multi-agent settings [6].

My approach specifies tasks compositionally using a Boolean
task algebra. In the single-agent setting, a task is defined via desir-
able and undesirable terminal outcomes (goal sets), and new tasks
are constructed using Boolean operators (AND/OR/NOT) over base
tasks [8]. This provides an interpretable and modular specifica-
tion language, where complex instructions are built from simple
primitives rather than tuned via dense reward engineering.

Contribution (in progress): I extend this idea to cooperative
MARL by defining agent-level task algebras, where each agent’s
task is expressed as a Boolean composition of terminal goal con-
ditions. The goal is to preserve interpretability (“what each agent
is trying to achieve”) while supporting heterogeneous teams. The
learning component builds on my prior work on goal-oriented
multi-task cooperative MARL [9], which learns goal-conditioned
cooperative representations that support zero-shot inference across
new tasks sampled from a compositional task space. This aligns
with goal-conditioned RL foundations such as universal value func-
tion approximators (UVFAs) [11]. In particular, this method demon-
strates that cooperative policies can generalise across task instances
by reusing learned goal-oriented structure [9].

Modelling assumption (this extended abstract): I adopt cen-
tralized training, decentralized execution (CTDE). CTDE is standard
in cooperative MARL because it supports efficient training while
producing policies that run without centralized control at deploy-
ment [2]. Extending my prior goal-oriented framework to CTDE,
while retaining task-algebra compositionality, is part of ongoing
work.

3 VALUE ALIGNMENT VIA TEAM-LEVEL
MORALITY CHAINS AND
LEXICOGRAPHICAL OPTIMISATION

Even with correct task specification, cooperative agents may pur-
sue goals in ways that violate safety and human values. Safe RL
commonly represents constraints via constrained Markov decision
processes and often solves them using Lagrangian/primal-dual
optimisation and related methods [1, 3]. However, such methods
typically encode constraints through scalar penalties or thresholds,
and do not directly represent priority-ordered moral norms that
should not be traded off for performance.

My value-alignment work builds on morality chains: ordered
hierarchies of moral norms that define a lexicographic objective
[10, 12]. Published contribution: Morality chains and Morality-
Gym provide a benchmark suite of environments in which an agent
must satisfy high-priority norms before optimising lower-priority
objectives, enabling systematic specification and evaluation of hier-
archical moral alignment. In particular, MoralityGym demonstrates
that satisfying strict moral hierarchies can be challenging for stan-
dard reinforcement learning methods, even when task objectives
are straightforward [10].

Planned extension: I generalise morality chains to Team Moral-
ity Chains, in which each norm constrains the joint behaviour of a
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heterogeneous cooperative team. Team performance is evaluated
via social welfare (the sum of agent returns) [2], while the morality
chain imposes constraints over the joint policy independently of
the agents’ individual tasks. This extension motivates a multi-agent
extension of MoralityGym to evaluate the interaction between co-
ordination pressure and moral constraints.

Contribution (in progress): I develop a lexicographical RL
approach based on principled scalarisation. The aim is to derive
reward-weight bounds that are sufficient to induce lexicographi-
cally optimal policies over deterministic policy classes, drawing on
discrete lexicographic optimisation and MORL foundations [7]. This
provides a route to enforcing strict priority ordering while remain-
ing compatible with standard reinforcement learning objectives. I
then plan to learn suitable weights via an approach analogous in
spirit to Lagrangian methods, but targeted at strict lexicographic
satisfaction rather than thresholded trade-offs.

4 UNIFYING INTENTION AND VALUE
ALIGNMENT

The unified framework treats tasks as the low-level optimisation
target and morality chains as the high-level constraint structure.
Agent-level Boolean task specifications define the task-reward com-
ponents (“what each agent should accomplish”), while a Team
Morality Chain defines a lexicographic ordering over normative
objectives that constrain the joint policy (“what must not be traded
off”). Formally, the combined objective is to satisfy the morality
chain in priority order and, subject to those constraints, maximise
cooperative task completion.

This composition matches the structure of my scalarisation-
based lexicographical RL approach: the lexicographic solver pro-
duces a sequence (or adaptation) of scalar reward signals, where the
lowest-priority term corresponds to task performance. In the unified
setting, that lowest-priority objective is instantiated by the goal-
conditioned task reward induced by Boolean-composed agent tasks
and cooperative goal inference. This yields a clear division of roles:
Boolean task algebra provides an explicit and inspectable intention
specification, while lexicographic optimisation enforces team-level
moral priorities over the resulting cooperative behaviour.

5 CONCLUSION AND FUTURE WORK

This PhD targets cooperative multi-agent alignment by developing
(i) interpretable intention specification using Boolean task alge-
bras and (ii) team-level value specification and enforcement using
morality chains solved through lexicographical RL. Published re-
sults establish the two foundations: a goal-oriented cooperative
task generalisation method [9] and the MoralityGym benchmark in-
troducing morality chains [10]. Current work develops the Boolean-
algebra CTDE MARL extension and the lexicographical scalarisa-
tion method. Remaining steps are to extend morality chains and
lexicographical RL to cooperative teams, develop a multi-agent
MoralityGym-style evaluation environment, and integrate the full
intention and value alignment pipeline into a single framework for
aligned cooperative MAS.
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