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ABSTRACT

Real-world deployment demands that autonomous agents coordi-
nate effectively, balance conflicting objectives, and learn from sparse
feedback. However, current research typically addresses these chal-
lenges in isolation. My thesis proposes a unified framework to
bridge this gap, building upon two key contributions: the Multi-
Objective Difference Evaluation (Dyi0) operator, and the Mixed
Advantage Pareto Extraction (MAPEX) algorithm. By leveraging
these methods, I aim to establish a general framework for multi-
objective multiagent learning in sparse-reward environments.
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1 INTRODUCTION

Recent Al breakthroughs have mastered complex domains, from
defeating champions in Go [16], and achieving superhuman per-
formance in car racing [19], to mastering diverse suites of arcade
games [3]. Yet, these successes often rely on privileges unavail-
able in the real world: operation in isolation, singular, well-defined
goals, and dense and informative feedback. Real-world deployment,
conversely, demands agents that can coordinate, balance conflict-
ing objectives, and learn from sparse feedback. Consequently, my
thesis focuses on enabling multiagent learning in environments
characterised by multiple objectives and varying degrees of reward
sparsity.

Prior work has enhanced multiagent reinforcement learning
(MARL) algorithms for the sparse-reward setting, notably through
shaped rewards that provide intrinsic motivation to explore [2, 5,
14], promote joint-policy entropy [20], or assign potentials to states
[10]. For multi-objective problems, prior work has extended the
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notable MARL algorithm Q-MIX [15] to produce a Pareto front
of joint-policies [11]. More recently, efforts have been made to
reconcile the learning challenges of multiagent systems and multi-
objective settings in continuous control [6].

While these works provide essential foundations, they are results
of isolated pursuits. There is a lack of integrated approaches that
leverage a combined perspective on these sub-fields and produce
general, coordinated agents capable of navigating the intersection
of multiple objectives and sparse feedback.

My thesis approaches this broader problem by building the in-
dividual components necessary to bridge this gap. Thus far, my
contributions have been:

(1) the Multi-Objective Difference Evaluation (Dyo) Oper-
ator [17], which addresses the multiagent credit assignment
problem in multi-objective settings, and

(2) the preliminary, single-agent Mixed Advantage Pareto Ex-
traction (MAPEX) Algorithm [18], which extracts policies
that balance multiple objectives, from starting policies that
were trained on singular, disjoint objectives.

The remainder of my thesis work will focus on the synthesis of
these prior contributions. Specifically, I seek to develop one of the
first sparse-reward multi-objective reinforcement learning (MORL)
algorithms, leveraging the algorithmic flexibility of MAPEX. Subse-
quently, I aim to propose a unified framework for multi-objective
multiagent learning under reward sparsity. This framework would
combine the recent advances in sparse-reward MARL, with the
ability of MAPEX to produce multi-objective solutions from single-
objective starting points, with the help of Dyio to fine-tune these
solutions further.

2 BACKGROUND

Multi-Objective Optimisation. Multi-objective problems return
a vector of rewards, requiring us to find a set of Pareto-optimal
policies rather than a single solution. A solution v Pareto-dominates
u (denoted v >, u) if v is strictly better in at least one objective
and no worse in others. The set of non-dominated solutions forms
the Pareto front, often evaluated using the hypervolume indicator,
which measures the volume of objective space covered by the set
relative to a reference point.

Multiagent Credit Assignment. The credit assignment problem
requires isolating an individual agent’s contribution to global team
performance. Difference Evaluation (D) addresses this by estimat-
ing an agent’s marginal impact [1, 8, 9]. Formally, D; for agent i
compares global performance G(z) to a counterfactual G(z_; U ¢;)
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Figure 1: Dyo agent trajectories compared to an ablated base-
line in the rover exploration domain. The central targets are
high-reward, but require synchronised observation by each
agent. Dyjo successfully discovers these harder targets and
shows optimal behaviour.

where agent i is replaced by a default action c;. This calculation
isolates the agent’s specific contribution to the system.

3 MULTI-OBJECTIVE CREDIT ASSIGNMENT

Multiagent credit assignment is challenging in multi-objective set-
tings due to credit having to be computed for each objective. Exist-
ing methods typically rely on a priori scalarisation, collapsing the
multi-objective reward vector into a scalar, which imposes prefer-
ences and may overlook nuanced non-linear trade-offs [13, 21].
To address this, I developed the Multi-Objective Difference Eval-
uation (Dpo) operator [17]. Rather than relying on scalarised re-
wards, Dyo derives agent-specific credit by measuring the agent’s
marginal contribution to the hypervolume H of the Pareto front:

Do (7, m, T) = H(T) —H(T") (1)

where 7 is the set of joint trajectories generated by a population of
joint-policies, and 7 is the modified set where the trajectory =; of
agent i is replaced by a counterfactual default. The greater the Dyo
value, the greater is agent i’s contribution to the hypervolume.

Empirical evaluations on the Multi-Objective Rover Exploration
domain demonstrated that Dyo delivers up to a 20% performance
improvement in sparse-reward scenarios, validating the utility of
accurate credit assignment in complex coordination tasks. Figure 1
shows Dyio successfully learning optimal team coordination while
baselines converge to suboptimal behaviours.

4 MIXED ADVANTAGE PARETO EXTRACTION

In many real-world scenarios, multi-objective preferences arise
retroactively, often after an agent has already been trained to master
its primary task. Current MORL methods typically require training
from scratch to learn a Pareto front, failing to leverage pre-trained
‘specialist’ policies [4, 7, 12]. To resolve this inefficiency, I developed
Mixed Advantage Pareto Extraction (MAPEX) [18], an offline MORL
method that constructs a frontier of policies by reusing disjoint,
pre-trained specialist policies, critics, and replay buffers.
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Figure 2: Number of samples consumed by Pareto extraction
algorithms to produce Pareto fronts of various threshold
hypervolumes from the same starting policies.

MAPEX operates on the insight that optimal trade-off behaviours
can be synthesised by blending expert behaviours from single-
objective specialists. First, we identify gaps in the current Pareto
front estimate and derive a target weight vector w;arge; to fill that
gap. We then construct a static ‘hybrid buffer’ by sampling transi-
tions from the specialists’ buffers in proportion to these weights.
We then compute a mixed advantage signal, A,;xeq, for these tran-
sitions:

Amixed(s, a) = W;rarget “A(s, a) (2
where A(s, a) is an advantage vector, comprising evaluations of
each single-objective critic. This mixed advantage is used to weight
a supervised regression loss, cloning actions that contribute to
the target trade-off. Evaluations on continuous control MuJoCo
benchmarks show that MAPEX produces Pareto fronts comparable
to established baselines while reducing the sample cost by three
orders of magnitude (0.001% of the baseline) when starting from
the same pre-trained specialists (Figure 2).

5 PROPOSED WORK

The research conducted thus far has established two critical pillars:
Dyo for effective multi-objective credit assignment, and MAPEX
for efficient Pareto extraction. The remainder of this thesis focuses
on the synthesis of these components to address the intersection of
multi-objective, multiagent, and sparse-reward learning.

I aim to develop a unified framework that leverages the algorith-
mic flexibility of MAPEX to circumvent the difficulties of learning
complex trade-offs from scratch in sparse-reward environments.
Rather than dealing with the compounding difficulty of sparse
rewards and learning multi-objective trade-off behaviours simulta-
neously, I propose to train policies on singular, sparse objectives
using existing methods. With MAPEX, these ‘specialists’ can then
be blended to construct a Pareto front, decoupling the challenge of
feedback sparsity from the challenge of multi-objective learning.

Subsequently, I will extend this methodology to the multiagent
domain. This entails adapting the extraction mechanism to operate
over joint-policies and leveraging Dy to fine-tune the resulting
solutions, ensuring an even coverage of the objective space. Conse-
quently, my thesis seeks to provide the first general multi-objective
multiagent learning framework robust to reward sparsity.
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