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ABSTRACT

Multiagent reinforcement learning (MARL) traditionally focuses
on training autonomous agents to coordinate on a singular, well-
defined goal. However, real-world applications often comprise mul-
tiple, often conflicting, objectives that require balancing a wide
range of Pareto-optimal trade-offs. While recent multi-objective
MARL (MOMARL) frameworks approximate this Pareto front by
conditioning a multi-head actor network on a preference weight vec-
tor, this approach presents a key limitation. Burdening a monolithic
actor network with representing both coordinated joint-policies
and a continuum of topologically distinct objective trade-offs cre-
ates a severe representational bottleneck, leaving the network sus-
ceptible to destructive gradient interference. To mitigate this, we
introduce Ensemble of Experts for Multi-Objective Multiagent Rein-
forcement Learning (E2M2). E2M2 replaces each agent’s monolithic
head with an ensemble of independent expert networks, governed
by a preference-conditioned routing mechanism that outputs blend-
ing weights. This architecture allows individual experts to spe-
cialise in divergent behaviours, while the router learns to smoothly
interpolate between them to consolidate the agent’s action. Pre-
liminary experiments in a continuous multi-objective MAMuJoCo
task demonstrate that E2M2 discovers a more dominant and di-
verse Pareto front, on average achieving a 22% improvement in
hypervolume compared to a parameter-matched baseline.
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1 INTRODUCTION

Multiagent learning addresses the fundamental challenges of train-
ing a system of autonomous agents to coordinate and perform com-
plex tasks. In the past decade, multiagent reinforcement learning
(MARL) has received significant attention from the broader agents
community. While often motivated by real-world problems, most
MARL methods assume a singular, well-defined goal to train for. On
the contrary, most real-world problems are multi-objective in nature,
comprising multiple, even conflicting, parallel objectives [14]. For
instance, a fleet of autonomous cabs must minimise ride times while
actively maximising passenger comfort and safety. Without explicit
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multi-objective considerations, traditional MARL approaches fall
short in such settings.

MARL methods have accounted for multiple objectives via scalar-
ising utility functions [10, 13]. Such utilities collapse vector-valued
multi-objective rewards into a single term, which can then be opti-
mised using traditional MARL methods to learn the optimal joint-
policy. However, multi-objective problems are typically charac-
terised by not a single, but a range of Pareto-optimal solutions,
representing the breadth of unique and equally optimal trade-offs
among the objectives. Learning joint-policies that provide this range
of team behaviours is especially challenging, and requires dedicated
multi-objective MARL (MOMARL) approaches.

MOMA-AC [2], a notable recent work, is an actor-critic MO-
MARL framework that elegantly addresses these challenges. MOMA-
AC streamlines training by encoding all agents’ policy in a single
multi-head actor network, with each head corresponding to a dis-
tinct agent. Importantly, it conditions this network on a preference
weight vector w, which acts as a clear signal for the team behaviour.
A preference-conditioned vector value critic evaluates the team’s
global state. Its vector value estimates are scalarised using the same
preference vector w to compute the signal used to update the actor.

While MOMA-AC has successfully trained agents on several
multi-objective multiagent continuous control tasks, its actor net-
work is burdened with representing not only multiple agents, but
also multiple objectives. Such monolithic architectures may struggle
to balance conflicting objectives that require topologically distinct
policy representations, and thus become susceptible to destructive
gradient interference.

To mitigate this interference, we present Ensemble of Experts
for Multi-Objective Multiagent Reinforcement Learning (E2M2).
E2M2 decouples the representational burden by replacing each
agent’s monolithic actor head with an ensemble of independent
‘expert’ networks. These experts are governed by a routing mecha-
nism that is conditioned on a preference weight vector and outputs
blending weights.

E2M2 decouples and allows individual experts to specialise in
divergent behaviours—such as maximising speed or conserving
energy—while the router learns to smoothly interpolate between
them. This work-in-progress paper outlines the E2M2 architecture
and presents some preliminary findings. Our experiments show sig-
nificant improvements in Pareto front hypervolume and coverage
compared to the MOMA-AC baseline in a bespoke multi-objective
MAMuJoCo environment.



2 BACKGROUND

We first introduce the key ideas underlying multi-objective optimi-
sation and cooperative MARL. We then combine these perspectives
to formalise MOMARL, which serves as the basis for the setting
considered in this paper.

2.1 Multi-Objective Optimisation

Many decision-making problems involve optimising k objectives in
parallel. In such settings, the performance of a policy 7 is naturally
captured by a vector-valued expected return V” € R¥, rather than
a single scalar. A common instantiation is the discounted return,

i )/trt} s

t=0

V™ = E,

where r; € R¥ is the vector reward at time t and y € [0, 1) is the
discount factor.

As objectives may conflict, it is generally impossible to identify
a single policy that maximises every component of V7. Instead,
solutions are assessed via Pareto dominance. A policy 7 (strictly)
dominates another policy 7" if it is no worse on all objectives and
strictly better on at least one:

Vie{l,...k}, V7>V and 3j, VI >VF.

The set of non-dominated policies constitutes the Pareto-optimal
set, and their corresponding return vectors form the Pareto front.

A standard alternative is to reduce the vector return to a scalar by
means of a utility function u : RF — R, which encodes stakeholder
preferences over objectives [13]. A widely used choice is linear
scalarisation with a weight vector w,

w(V™ 0) = o' V™.

However, scalarisation collapses the multi-objective problem into a
single-objective one and typically presumes that preferences are
fixed and known a priori. This can be restrictive when preferences
are uncertain, context-dependent, or change over time [15]. Such
approaches may still learn an approximation of the Pareto front
by re-running their single-objective approach for various scalar-
isations. These approaches are termed outer loop approaches [5].
However, without significant information reuse and representation
sharing, these methods may be too inefficient to produce a Pareto
front with acceptable density [5].

Motivated by these considerations, we focus on methods that
learn the Pareto front directly, also termed inner loop methods.

2.2 Multiagent Reinforcement Learning

We consider cooperative MARL in which a team of n agents N =
{1,...,n} interacts with a shared environment. A convenient for-
malism is the decentralised partially observable Markov decision
process (Dec-POMDP), in which the environment evolves over a
global state space S, while each agent i receives only a local ob-
servation o; € O and selects an action a; € Aj;. Joint behaviour is
described by the joint action a = (ay, ..., an), and the goal in the
cooperative case is to learn decentralised policies that coordinate
effectively despite partial observability.

A central practical challenge in MARL is non-stationarity. As
each agent updates its policy, the effective environment faced by

the others changes. Contemporary methods commonly address this
via centralised training with decentralised execution (CTDE) [3, 12].
Under CTDE, training leverages additional information—typically
the global state s and joint action a—within a centralised critic
to stabilise learning and assign credit across agents. At execution
time, however, each agent acts using only its own observation o;,
ensuring decentralised operation.

To improve parameter efficiency and encourage generalisation
across agents, it is also common to share parameters across the
team. One typical design uses a shared feature-extraction trunk
with agent-specific output heads, producing distinct actions (or
action distributions) for each agent [1, 2, 7].

2.3 Multi-Objective Multiagent Reinforcement
Learning

MOMARL combines these two perspectives by requiring a coop-
erative multiagent team to optimise multiple objectives simultane-
ously. Formally, MOMARL can be expressed as a multi-objective
Dec-POMDP (MO-Dec-POMDP) [2], specified by the tuple

IN,S, A0, T, QR y).

The defining feature is the vector-valued reward function R : S X
A — RF, which induces a vector return and hence a vector value
V7™ e R for any joint policy 7. As a result, the learning objective
is no longer to find a single optimal joint policy, but rather to
characterise (or approximate) the set of Pareto-optimal joint policies
and the associated Pareto front.

3 RELATED WORK

While intersection of multi-objective optimisation and MARL re-
mains relatively under-explored, dedicated MOMARL algorithms
have emerged recently to approximate the Pareto front directly.

3.1 MO-MIX

For discrete action spaces, MO-MIX [6] leverages the CTDE frame-
work by conditioning decentralised agent networks on a preference
weight vector. It estimates the joint action-value function by lever-
aging a parallel-track mixing network (inspired by Q-MIX [12])
that aggregates per-agent values into a joint multi-objective Qiot.
MO-MIX further proposes an exploration-guidance mechanism to
improve the uniformity of the learned non-dominated set.

3.2 MOMA-AC

For continuous state and action spaces, MOMA-AC [2] introduced
the first dedicated inner-loop actor—critic framework. MOMA-AC
builds upon multiagent variants of TD3 [4, 16] and DDPG [8, 9],
combining a multi-headed actor network with a centralised, vector-
valued critic. MOMA-AC conditions both networks on a preference
weight vector w which acts as a unique, static utility in each episode.
The centralised critic estimates the multi-objective value of a joint
state and joint action (for a given preference vector), and this es-
timate vector of the critic is scalarised with o to update the actor
network. MOMA-AC samples the preference vector » randomly at
the start of each episode, pushing the critic to accurately estimate
values in each region of the objective space, and the team to alter



its behaviour per the given preference. Importantly, with this for-
mulation, MOMA-AC preserves the overestimation-mitigation of
multiagent TD3.

While MOMA-AC demonstrates strong performance in contin-
uous multiagent domains, its reliance on a single, shared actor
to represent both, a coordinated joint-policy and a continuum of
conflicting objective trade-offs creates a natural representation
challenge. Concretely, a preference-conditioned multi-head actor
must learn a mapping from (0;, ) to a; that is simultaneously
valid across agents and across the entire preference simplex. Gra-
dients induced by different preferences may point in competing
directions: updates that improve performance for one region of
the Pareto front can degrade performance elsewhere, particularly
when optimal behaviours require qualitatively different coordi-
nation behaviours (e.g., aggressive high-reward strategies versus
conservative, safe strategies). Moreover, because the actor is trained
through a scalarised objective @ T Q(s, a, »), the magnitude and di-
rection of the policy gradient may change with w across a batch of
samples.

These factors make the monolithic actor susceptible to destruc-
tive gradient interference, motivating our use of a routed ensemble
of experts in E2M2 to decouple incompatible behaviours while still
permitting smooth interpolation across preferences.

4 ENSEMBLE OF EXPERTS FOR
MULTI-OBJECTIVE MULTIAGENT
REINFORCEMENT LEARNING (E2M2)

We start with an identical learning framework to MOMA-AC. To
prevent gradients associated with divergent objectives from de-
structively interfering within the actor’s parameters, we introduce
a Mixture of Experts (MoE) routing mechanism at the head of each
agent. We condition the agent-specific router on the preference vec-
tor. Finally, during training, we introduce an entropy regularisation
term to the actor’s loss function that promotes a more thorough
use of each agent’s expert networks.

4.1 Preference-Conditioned Routing

Rather than mapping the shared observation features h; directly to
the agent’s action a; using a single agent-specific head, we equip
each agent with an ensemble of M expert networks {E; 1, E; 5, . -
Each expert maps the agent’s features to a candidate continuous
action, E;,,(h;), while a lightweight routing network produces
preference-dependent mixing weights that determine how these
candidates are combined.

Concretely, the router for agent i takes only the preference vector
o as input and outputs a simplex-valued weight vector a; € AM~!
via a softmax:

a; = softmax(Wy; w + bg,;). (1)

Conditioning on w serves two purposes. First, it makes the selection
of behavioural modes an explicit function of the desired trade-off,
ensuring that changes in objective preference induce predictable
changes in the policy. Secondly, by generating mixture weights
(rather than directly emitting actions), the router can express a
continuum of intermediate behaviours by smoothly interpolating
between a small set of specialised experts.

Eim}

The final action for agent i is then formed as a convex combina-
tion of the experts’ outputs:

M
a; = Z::l ®im Eim (hi). (2

This encourages individual experts to specialise in distinct re-
gions of the Pareto front (e.g., one expert capturing high-speed,
high-energy behaviour, and another favouring conservative, energy-
efficient control), whilst the preference-conditioned router learns
to blend these modes as w varies. In doing so, E2ZM2 decouples topo-
logically distinct behaviours and mitigates potential destructive
gradient interference that arises when a single monolithic head
must represent all trade-offs.

4.2 Entropy Regularisation

A common failure mode in mixture-of-experts (MoE) policies is
when the router quickly becomes near-deterministic and assigns
almost all probability mass to a single expert. This defeats the
purpose of maintaining multiple experts and can reduce both cov-
erage and robustness. To discourage premature collapse, we add an
entropy-based regulariser to the actor objective that encourages
high-entropy routing distributions.

In implementation, we compute (for each agent) the negative
entropy term Z%:l aim log(aim), averaged over the batch, and add
it to the actor loss with coefficient A > 0. Since

M
7‘{(0{,') = - Z QAim log(ai,m)s
m=1

minimising ), & m log(ai,) is equivalent to maximising the en-
tropy H («;). The resulting actor loss is:

M
> imlog(aim)|, (3)

m=1

Lactor = _E[wTQ(ﬁ (S, a, w)] + A4 Z E

ieN

where Qg (s, a, w) is the multi-objective value estimate of the cen-
tralised critic for the joint state s, joint action a, and preference
vector w. Finally, &; denotes agent i’s router output (Equation 1)
and A controls the strength of the regularisation. In practice, we
use a small constant (e.g., 1078) inside the logarithm for numerical
stability when «; ,, is close to zero.

5 PRELIMINARY EXPERIMENTS

5.1 Experimental Setup

We evaluate E2M2 on a bespoke multi-objective variant of the MA-
MuJoCo (Multiagent MuJoCo) Ant-2x4 environment [11]. The task
requires cooperative locomotion: the Ant has four legs controlled by
two agents, each actuating two legs. Agent i observes the positions
and velocities of the joints it controls, together with the position
and velocity of the Ant’s torso. Each agent outputs continuous joint
torques for its assigned joints, and both agents receive the same
team-wide reward.

We decompose the standard scalar reward into a two-objective
return:

e Objective 1 (Speed): encourage forward locomotion and
survival.
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Figure 1: Evaluation hypervolume (Mean + SEM) over train-
ing across 5 independent (reference point [0.0, -3000.0]).
E2M2 converges faster and attains a higher final hypervol-
ume than the parameter-matched MOMA-AC baseline.

e Objective 2 (Efficiency): encourage low actuation effort by
maximising the negative control cost.

We compare E2M2 (with M=4 experts per agent) against the
TD3-based variant of MOMA-AC [2]. To ensure a fair comparison,
we enlarge the hidden-layer width of the MOMA-AC actor so that
its total parameter count matches that of E2M2’s mixture-of-experts
policy. Both methods are trained for 2 million environment steps
over 5 matched random seeds.

5.2 Results and Discussion

Hypervolume progression. Figure 1 reports the two-dimensional
hypervolume of the Pareto front throughout training. Every 50,000
environment steps, we evaluate the current policy across 100 episodes,
each conditioned on a different preference vector. Preferences are
swept linearly along the 2D simplex from [0.01, 0.99] to [0.99, 0.01],
and the resulting set of non-dominated returns is used to compute
hypervolume.

Across training, E2M2 achieves higher hypervolume than MOMA-
AC, with the gap emerging early and persisting to convergence,
at which point it is 22% higher. We attribute the improved hyper-
volume to the expert ensemble: by allowing different experts to
specialise in qualitatively distinct behaviours (e.g., fast but costly lo-
comotion versus slower, more efficient control) and blending them
via preference-conditioned routing, E2M2 demonstrates a stronger
representational capability compared to MOMA-AC.

Pareto Front Coverage: Examining the final Pareto fronts (Fig-
ure 2), we observe that E2M2 discovers a front that is both, more
dominant and more diverse than the parameter-matched MOMA-
AC baseline. In particular, E2M2 produces many solutions that
achieve substantially higher speeds (extending beyond the base-
line’s range) whilst maintaining comparable, and often better, en-
ergy efficiency. This qualitative difference aligns with our hypothe-
sis: routing over multiple experts enables the policy to represent
distinct locomotion modes and interpolate between them as the
preference varies, rather than forcing a single monolithic head to
compromise across conflicting gradients. As a result, E2ZM2 can
express a richer family of Pareto-optimal coordination strategies,
improving both hypervolume (Figure 1) and the practical range of
attainable trade-offs.
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Figure 2: Comparison of the final discovered Pareto fronts at 2

million steps for the same seed. E2M2 finds a more dominant
front with a wider spread of points.

6 CONCLUSION AND FUTURE WORK

This work-in-progress paper presented E2M2, a preference-conditioned

mixture-of-experts architecture for continuous multi-objective mul-
tiagent reinforcement learning. Building on the CTDE actor-critic
foundation of MOMA-AC [2], E2M2 introduces expert specialisa-
tion at each agent head and a preference-conditioned router that
blends experts to produce a continuum of trade-offs. In a bespoke
two-objective MAMuJoCo Ant task [11], E2M2 attains higher hyper-
volume and learns a more dominant, better-covered Pareto front
than a parameter-matched MOMA-AC baseline, supporting the
claim that structural decoupling can reduce destructive gradient
interference in preference-conditioned multiagent policies.

Future work. The results presented in this paper are preliminary,
and there are several clear next steps:

e Handling distinct objectives. Study settings where objec-
tives demand markedly different (potentially topologically
distinct) behaviours, and test whether the MoE approach
enables a single preference-conditioned actor to optimise for
each objective without collapsing. This includes constructing
tasks with intentionally dissimilar objective optima and eval-
uating whether experts specialise into separable behavioural
modes that remain high-performing across the full prefer-
ence range.

e Broader evaluation. Test E2M2 across a wider suite of
continuous multiagent control domains and MAMuJoCo
configurations with varying coordination difficulty to assess
generality.

¢ Routing analysis and interpretability. Analyse expert
utilisation over training, and test whether routers consis-
tently allocate different physical roles (e.g., front vs. back
legs) to different experts under different preferences.

¢ Robustness to changing preferences. Evaluate settings
where preferences shift within an episode, probing whether
routing can adapt online without destabilising coordination.



Taken together, these directions aim to clarify when the MoE ap-
proach is most beneficial in MOMARL, and how expert speciali-
sation can be exploited to learn richer and more reliable Pareto-
optimal coordination strategies.
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