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Abstract

The majority of multi-agent reinforcement learning (MARL) implementations aim to optimize systems
with respect to a single objective, despite the fact that many real-world problems are inherently multi-
objective in nature. Research into multi-objective MARL is still in its infancy, and few studies to date
have dealt with the issue of credit assignment. Reward shaping has been proposed as a means to address
the credit assignment problem in single-objective MARL, however it has been shown to alter the
intended goals of a domain if misused, leading to unintended behaviour. Two popular shaping methods
are potential-based reward shaping and difference rewards, and both have been repeatedly shown to
improve learning speed and the quality of joint policies learned by agents in single-objective MARL
domains. This work discusses the theoretical implications of applying these shaping approaches to
cooperative multi-objective MARL problems, and evaluates their efficacy using two benchmark
domains. Our results constitute the first empirical evidence that agents using these shaping methodolo-
gies can sample true Pareto optimal solutions in cooperative multi-objective stochastic games.

1 Introduction

Machine learning is a process whereby a computer program learns from experience to improve its per-
formance at a specified task (Mitchell, 1997). Reinforcement learning (RL) is a machine learning para-
digm, where an autonomous agent learns to improve its performance at an assigned task by interacting
with its environment. For each state experienced, a RL agent chooses an action and receives a reward from
its environment based on the utility of its decision. Gradually, a RL agent can increase its long term reward
by exploiting knowledge learned about the expected utility of different state-action pairs.

RL is becoming increasingly common as a method to develop joint policies for cooperative multi-agent
systems (MAS). In a cooperative MAS multiple agents are deployed into a common environment, and
must coordinate their actions to maximize the utility of the system. Multi-agent reinforcement learning
(MARL) has been successfully applied to a wide range of complex problem domains, including air traffic
control (Tumer & Agogino, 2007) , data routing in networks (Wolpert & Tumer, 2002), and RoboCuP
soccer (Devlin et al., 2011b). Two common assumptions in both single- and multi-agent RL are that agents
learn without the benefit of any prior knowledge of how to behave in an application domain, and that the
rewards received from an environment are scalar, that is, there is only one objective which agents must
consider.
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Typically, the system designer will have some degree of heuristic knowledge about how a problem may
be solved, so the assumption that RL agents must learn without any prior knowledge is often unnecessary
(Devlin, 2013). After all, knowledge of the problem domain is required for the system designer to select
the features necessary for a RL agent to function, that is, the state representation, available actions and
reward function, so it is not unreasonable to expect that the designer will also have some intuition about
how an agent should act. Knowledge-based RL techniques seek to guide agents in their exploration of their
environment using prior knowledge, with the goal of improving learning speed and/or final performance.
Reward shaping is one such method. The basic premise of reward shaping is to add an additional shaping
reward to the reward naturally received from the environment. Potential-based reward shaping (PBRS) and
difference rewards (D) are two commonly used reward shaping techniques, both of which have had
numerous successful applications in RL domains.

The majority of RL implementations aim to optimize systems with respect to a single objective, despite
the fact that many real world problems are inherently multi-objective in nature. Multi-objective RL
(MORL) is a family of techniques which seek to address this deficit, and consider compromises between
competing objectives which are defined using the concept of Pareto dominance (Pareto, 1906). The Pareto
optimal or non-dominated set (NDS) consists of solutions that are incomparable, where each solution in
the set is not dominated by any of the others on every objective. Examples of multi-objective problems
where RL may be applied include water resource management (Mason et al., 2016), traffic signal control
(Khamis & Gomaa, 2014; Mannion et al., 2016a), electricity generator scheduling (Mannion et al., 2017),
supply chain management (Duggan, 2008) and robot coordination tasks (Yliniemi & Tumer, 2016).

This article focuses on the intersection between these emerging topics in RL. Specifically, this work
addresses the question of whether reward shaping techniques can improve agent coordination in coop-
erative multi-objective MARL (MOMARL) domains, in order to increase learning speed and perfor-
mance. However, it is important that any proposed modifications to reward functions in MORL are
theoretically sound; applying reward shaping in a careless manner has previously been demonstrated to
alter an agent’s original goals (Randløv & Alstrøm, 1998). The combination of reward shaping and
MOMARL is an exciting one, which has the potential to make RL a viable solution for an even broader
range of complex application domains.

The next section of this article discusses the necessary terminology and relevant literature, and outlines
the distinct contributions which set this research apart from prior work. Theoretical analysis in Section 3
demonstrates that D preserves the relative ordering of expected rewards in cooperative multi-objective
stochastic games (MOSGs), which leads to the conclusion that the Pareto relation between actions is
invariant when agents are rewarded with D instead of the system evaluation function G. Section 4 intro-
duces the first MOSG in the literature where the true Pareto optimal solutions are known, and presents a
comparative study of the effects of D and PBRS. A second empirical study in Section 5 evaluates the
effects ofD and PBRS in a simulated electricity generator control task. Finally, Section 6 concludes with a
summary of the main contributions of this work, along with a discussion of its limitations and an outline of
some promising directions for future research.

2 Background and related work

2.1 Multi-agent RL

In MARL, multiple RL agents are deployed into a common environment. The single-agent Markov
decision process (MDP) framework becomes inadequate when multiple autonomous agents act simulta-
neously in the same domain. Instead, the more general stochastic game (SG) may be used in the case of a
MAS (Buşoniu et al., 2010). A SG is defined as a tuple < S, A1...N, T, R1...N> , where N is the number of
agents, S is the set of system states, Ai is the set of actions for agent i (and A is the joint action set), T is the
transition function, and Ri is the reward function for agent i.

The SG looks very similar to the MDP framework, apart from the addition of multiple agents. In fact,
for the case of N= 1 a SG then becomes a MDP. The next system state and the rewards received by each
agent depend on the joint action a of all of the agents in a SG, where a is derived from the combination of
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the individual actions ai for each agent in the system. Each agent may have its own local state perception si,
which is different to the system state s (i.e. individual agents are not assumed to have full observability of
the system).

Note also that each agent may receive a different reward for the same system state transition, as each
agent has its own separate reward function Ri. In a SG, the agents may all have the same goal (collaborative
SG), totally opposing goals (competitive SG), or there may be elements of collaboration and competition
between agents (mixed SG). Whether RL agents in a MAS will learn to act together or at cross-purposes
depends on the reward scheme used for a specific application.

At each timestep in a SG, agents sense their own local state information si and each agent chooses an
action ai∈Ai according to the policy πi∈Πi that it is currently following. The product of all the individual
actions results in a system joint action a∈A, and the joint action a selected in a system state s determines
the next system state s′. All agents in the SG are then rewarded for this transition between system states
based on the return from their individual reward functions Ri.

Model-free learners sample the underlying MDP or SG directly in order to gain knowledge about the
unknown model, in the form of value function estimates (Q values). These estimates represent the
expected reward for each state action pair, which aid an agent in deciding which action is most desirable to
select when in a certain state. An agent must strike a balance between exploiting known good actions and
exploring the consequences of new actions in order to maximize the reward received during its lifetime.
Two strategies that are commonly used to manage the exploration exploitation trade-off are ε-greedy and
softmax (Wiering & van Otterlo, 2012). Q-learning (Watkins, 1989) is one of the most commonly used
model-free RL algorithms. In Q-learning, the Q values are updated according to Equation (1), where
α∈ [0, 1] is the learning rate and γ∈ [0, 1] is the discount factor.

Qðs; aÞðs; aÞ + α½r + γmax
a0

Qðs0; a0Þ�Qðs; aÞ� (1)

One of two different approaches is typically used when RL is applied to MAS: multiple individual
learners or joint action learners. In the former case multiple agents are deployed into a common envir-
onment, each using a single-agent RL algorithm (e.g. Q-learning), whereas joint action learners use multi-
agent specific algorithms which take account of the presence of other agents. A significant drawback
inherent in the joint action learners approach is the exponential increase in the size of the state-action space
for each additional agent that is added to a system (Claus & Boutilier, 1998). For this reason multiple
individual learners are considered in this work.

When multiple self-interested agents learn and act together in the same environment, it is generally not
possible for all agents to receive the maximum possible reward. Therefore, MAS are typically designed to
converge to a Nash equilibrium (Shoham et al., 2007). This notion of equilibrium was first introduced by
(Nash, 1951), and is one of the most important concepts used to analyze MAS (Wooldridge, 2001).

Formally, a joint policy πNE leads to a Nash equilibrium when:

8i 2 f1; :::;Ng; πi 2 Πi j RiðπNEi ∪ πNE�i Þ≥Riðπi ∪ πNE�i Þ (2)

whereΠ is the set of joint policies,Π−i is the set of joint policies excluding the set of policiesΠi for agent i,
and πNEi is a specific policy followed by agent i when all other agents follow their policies from πNE�i .

Whenever the above inequality holds true for all possible policies for all agents in a MAS, a Nash
equilibrium exists. In other words, a Nash equilibrium occurs whenever any individual agent cannot
improve its own utility by changing its behaviour, assuming that all other agents in the MAS continue to
behave in the same way.

In cooperative MAS, coordinating agents’ actions to achieve the highest possible system utility is a
difficult problem. While it is possible for multiple individual Q-learners in a cooperative MAS to converge
to a point of equilibrium, there is no theoretical guarantee that the agents will converge to an optimal joint
policy (one which maximizes the system utility).
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2.2 Credit assignment in MAS

As RL agents seek to maximize the rewards that they receive, the design of the reward function directly
affects the joint policies learned, and thus the issue of credit assignment in MARL is an area of active
research. Two typical reward functions for MARL exist: local rewards unique to each agent and global
rewards representative of the group’s performance (Devlin et al., 2014).

A local reward (Li) is based on the utility of the part of a system that agent i can observe directly.
Individual agents are self-interested, and each will selfishly seek to maximize its own local reward signal,
often at the expense of global system performance when locally beneficial actions are in conflict with the
optimal joint policy.

A global reward (G) provides a signal to the agents which is based on the utility of the entire system.
Rewards of this form encourage all agents to act in the system’s interest, with the caveat that an individual
agent’s contribution to the system performance is not clearly defined. All agents receive the same reward
signal, regardless of whether their actions actually improved the system performance, resulting in a low
‘signal to noise ratio’ (Agogino & Tumer, 2008).

RL agents typically learn how to act in their environment guided by the reward signal alone. Reward
shaping provides a mechanism to guide an agent’s exploration of its environment, via the addition of a
shaping signal to the reward signal naturally received from the environment. The goal of this approach is to
increase learning speed and/or improve the final policy learned.

Generally, the reward function is modified by the addition of a shaping reward, as shown in Equation
(3) below:

R0 =R +F (3)

where R is the original reward function, F is the additional shaping reward and R′ is the modified reward
signal given to the agent. Empirical evidence has shown that reward shaping can be a powerful tool to
improve the performance of RL agents; however, it can modify the original goal(s) of the problem if it is
not applied carefully (Randløv & Alstrøm, 1998).

PBRS was proposed to deal with such problems. When implementing PBRS, each possible system state
has a certain potential, which allows the system designer to express a preference for an agent to reach
certain system states. (Ng et al., 1999) defined the additional shaping reward F for an agent receiving
PBRS as shown in Equation (4) below:

Fðs; s0Þ= γΦðs0Þ�ΦðsÞ (4)

whereΦ(s) is a potential function which returns the potential for a state s, and γ is the same discount factor
used when updating value function estimates. PBRS has been proven not to alter the optimal policy of a
single agent acting in an MDP (Ng et al., 1999) , or the set of Nash equilibria in the case of multiple agents
acting in a SG (Devlin & Kudenko, 2011). Furthermore, Devlin and Kudenko (2012) also proved that the
potential function can be changed dynamically during learning, while still preserving the guarantees of
policy invariance and consistent Nash equilibria. Recent analysis by Grześ (2017) has shown that the
potential of the terminal state must be zero to preserve theoretical guarantees in finite horizon domains.
PBRS does not alter the set of Nash equilibria of a MAS, but it can affect the joint policy learned. It has
been empirically demonstrated that groups of agents guided by a well-designed potential function can
learn at an increased rate and converge to better joint policies, when compared to agents learning without
PBRS (Devlin et al., 2011a; Devlin et al., 2014; Mannion et al., 2017). However, with an unsuitable
potential function, groups of agents learning with PBRS can converge to worse joint policies than those
learning without PBRS.

A difference reward (Di) is a shaped reward signal that aims to quantify each agent’s individual
contribution to the system performance in a cooperative MAS (Wolpert et al., 2000). Formally:

Diðsi; aiÞ=Gðs; aÞ�Gðs�i ∪ sci ; a�i ∪ aci Þ (5)

whereG (s, a) is the global system utility, s is the system state, a is the joint action, andGðs�i ∪ sci ; a�i ∪ aci Þ
is the counterfactual which represents the global utility for a theoretical system without the contribution of
agent i. The terms s −i and a−i refer to all the states and actions not involving agent i, while sci and aci are
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fixed states and actions not dependent on agent i. Typically, the counterfactual system utility is calculated
with agent i removed, or by assuming a default state/action for agent i. Difference rewards are a well-
established shaping methodology, with many successful applications in MARL (see e.g. Wolpert &
Tumer, 2002; Tumer & Agogino, 2007; Mannion et al., 2016; Mannion et al., 2016b ). Recent work has
extended D to increase its effectiveness in problem domains where agents’ actions must be tightly coor-
dinated to achieve a high level of system performance (Rahmattalabi et al., 2016).

2.3 Multi-objective RL

Single-objective optimization approaches seek to find a single solution to a problem, whereas in reality a
system may have multiple conflicting objectives that could be optimized. Multi-objective optimization
(MOO) approaches on the other hand address the requirement to make a trade-off between competing
objectives. Compromises between competing objectives can be defined using the concept of Pareto
dominance (Pareto, 1906). The Pareto optimal set or NDS consists of solutions which are incomparable,
where each solution in the set is not dominated by any of the others on every objective. In MORL the
reward signal is a vector, where each component represents the performance on a different objective.

The hypervolume metric measures the spread of a given set of non-dominated solutions; therefore, the
diversity and accuracy of any set of solutions produced by an algorithm can easily be evaluated, by
comparing its hypervolume with that of the NDS produced by a competing algorithm, or with that of the
true Pareto front of the application domain (if known).

In domains where the true Pareto front is known, its hypervolume represents an absolute maximum
level of performance that may be achieved by an agent (or by a group of agents in the case of a cooperative
MAS). Figure 1 illustrates the process of determining which solutions constitute a NDS in a bi-objective
maximization problem, and of calculating its hypervolume with respect to a given reference point.

MORL problems may be defined using the MDP or SG framework as appropriate, in a similar manner
to single-objective problems. The main difference lies in the definition of the reward function: instead of
returning a single scalar value r, the reward function R in multi-objective domains returns a vector r
consisting of the rewards for each individual objective c∈C. Therefore, a regular MDP or SG can be
extended to a multi-objective MDP (MOMDP) or MOSG by modifying the return of the reward function.

It follows that the value function Vπ(s) in multi-objective domains returns a vector vwhose components
are the expected discounted returns for each objective when starting in state s and following a policy π

Figure 1 Solutions in red form the non-dominated set (NDS), while solutions in black are said to be dominated.
The shaded area denotes the hypervolume of the NDS with respect to the reference point (shown in blue).

Reward shaping for knowledge-based multi-objective multi-agent reinforcement learning 5



(Roijers et al., 2013):

VπðsÞ=Eπf
X1
k= 0

γkrt + k + 1 j st = sg (6)

A policy π*∈Π (where Π is the set of possible policies) is Pareto optimal if for every π∈Π either,

8c2C½Vπ
c ðs0Þ=Vπ�

c ðs0Þ� (7)

or, there is at least one c∈C such that

Vπ
c ðs0Þ<Vπ�

c ðs0Þ (8)

where Vπ
c ðs0Þ is the expected discounted return for objective c when starting in state s0 and following the

policy π. That is, π* is Pareto optimal if there exists no feasible policy π which would increase the value of
one objective beyond that of π* without causing a simultaneous decrease in the value of another objective.
A policy that does not meet these criteria is dominated by another policy in Π. All policies not dominated
by another are part of the NDS.

The majority of MORL approaches make use of single-policy algorithms in order to learn Pareto
optimal solutions. Examples of single-policy algorithms include traditional temporal difference methods
such as Q-learning and SARSA. In order to apply single-policy algorithms to MORL problems, scalar-
ization functions may be used to transform a reward vector r into a scalar reward signal r (Roijers et al.,
2013). An agent learns using the scalarized version of the reward vector, and selects actions as normal by
comparing the scalarized Q values for actions in a given state (using e.g. ε -greedy).

Linear scalarization is commonly used in MORL literature (see e.g. Vamplew et al., 2010; Roijers
et al., 2013; VanMoffaert et al., 2013; Brys et al., 2014; Mason et al., 2016; Mannion et al., 2016c, 2016d;
Yliniemi & Tumer, 2016), and is defined in Equation (9) below:

r + =
X
c2C

wcrc (9)

where w is the objective weight vector, wc is the weight for objective c, r+ is the scalarized reward signal,
rc is the component of the reward vector r for objective c, and C is the set of objectives. When using linear
scalarization, altering the weights in the weight vector allows the user to express the relative importance of
the objectives.

Scalarized MORL approaches sometimes make use of normalization where the scale of the expected
returns varies between objectives, or to simplify the process of selecting objective weights in the case of
linear scalarization. The normalized score on objective c may be calculated as (Marler & Arora, 2004):

rnormc =
rc�rminc

rmaxc �rminc

(10)

where rnormc is the normalized score on objective c, and rmaxc and rminc are the utopia and nadir values for
objective c.

MOO approaches typically seek to produce a set of solutions that approximate the true Pareto front of a
problem. In order to produce a set of Pareto optimal solutions using scalarized single-policy RL algo-
rithms, researchers typically record the best non-dominated solutions found during a number of inde-
pendent runs (see e.g. Vamplew et al., 2010; Van Moffaert et al., 2013; Yliniemi & Tumer, 2016;
Mannion et al., 2017). These solutions are then compared with one another to produce an approximation of
the Pareto front.

For a more complete overview of MORL beyond the sumary presented in this section, the interested
reader is referred to a survey article by Roijers et al. (2013).

2.4 Multi-objective MAS

This section discusses related work that takes a multi-objective perspective on cooperative MAS, with a
specific focus on the works that are most closely related to the contributions of this article.

Brys et al. (2014) applied MORL to a traffic signal control problem, where each intersection in a 2 × 2
grid is controlled by an individual agent. Their work demonstrated that rewarding agents with a linear
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scalarized combination of delay and throughput improved delay times when compared to agents rewarded
using delay alone. However, their approach uses local rewards (i.e. each agent is rewarded based on
conditions at its assigned intersection only), and does not make any attempt to encourage coordination
between the agents.

Van Moffaert et al. (2014) tested MORL on a multi-objective multi-agent smart camera problem. They
developed an adaptive weight algorithm (AWA) which is used to choose the weighting between the two
system objectives when linear scalarization is applied. The AWA algorithm was found to improve learning
speed, obtaining improved solutions in terms of hypervolume and a better spread in the objective space,
when compared with other weight selection methods that were tested.

Taylor et al. (2014) proposed parallel transfer learning (PTL) as a mechanism to accelerate learning, by
sharing experience among agents. PTL was tested on a multi-objective multi-agent smart grid problem,
and was found to improve learning speed and final performance when compared to agents learning
without PTL.

Mason et al. (2016) applied MARL to a multi-objective water resource management problem, and
found that it could produce solutions of similar quality to those produced by particle swarm optimization
(PSO). In this work, the authors did not consider the effect of credit assignment; agents were rewarded
using the unshaped system evaluation function only.

Roijers et al. (2013, 2014, 2015) consider the effect of encouraging coordination in their research on
cooperative MOMAS. Their approach makes use of multi-objective coordination graphs (MO-CoGs)
which model the interactions between agents. MO-CoGs are used to calculate joint actions that will cover
the Pareto front, or a subset of the Pareto front. Multiple individual Q-learners with reward shaping are
used throughout this article. By comparison with MO-CoGs, our approach does not require a model of the
agents’ interactions to determine the Pareto optimal joint actions. Reward shaping instead assumes that
some domain knowledge is available to encourage coordination and selection of Pareto optimal joint
actions.

None of the works discussed thus far considered the effect of credit assignment in MOMAS. (Yliniemi
& Tumer, 2016) present the first work that considers the design of reward structures in a MOMARL
setting. Their work compared the effectiveness of D with that of the typical MARL reward structures L
and G. Experimental work conducted in a multi-objective congestion problem, and a multi-objective
robot coordination problem confirmed that D can improve MOMARL performance when compared to L
or G, both in terms of learning speed and the quality of the non-dominated solutions found. Yliniemi &
Tumer, 2016 also demonstrated that D can be used effectively with multi-objective GAs, in a series of
experiments where it was applied to shape the fitness function of NSGA-II (non-dominated sorting
genetic algorithm).

Mannion et al. (2017) demonstrated that agents learning using PBRS along with a suitable potential
function in MOSGs can outperform agents learning using unshaped G in terms of learning speed, average
performance on system objectives, and quality of the non-dominated solutions found. It has been
theoretically proven that applying PBRS in a MOMDP or MOSG does not alter the true Pareto optimal
set of solutions (Mannion et al., 2017), although no corresponding guarantees are yet available for D.
While applying PBRS does not alter the true Pareto front of a MOSG, it may alter the Nash equilibrium
reached by the agents, and therefore different policies could be learned compared to agents learning
without PBRS.

However, the set of possible policies that could be learned and their Pareto relation to one another
remains consistent when PBRS is applied. As with single-objective SGs, PBRS affects the agents’
exploration, and therefore the quality of the heuristic information used determines how successful a
particular PBRS application will be. In the case of D, the preexisting guarantees are weaker; it has been
proven that the relative ordering of expected returns (and therefore the Nash equilibria) are not altered
when agents are rewarded using D instead of G in two-player single-objective matrix games (Colby &
Tumer, 2015).

None of the above works empirically evaluated the effect of applyingD or PBRS in a MOSG where the
true Pareto optimal solutions are known, or considered if it is possible in practice for agents to sample true
Pareto optimal solutions under such reward transformations.
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2.5 Contributions of this work

This article will consider the issue of credit assignment in MOMAS, where each agent is an individual
Q-learner. Clearly, the most closely related works discussed in this section are those of Yliniemi and
Tumer (2016) and Mannion et al. (2017b). While these works have already separately demonstrated the
importance of appropriate credit assignment and the effectiveness of D and PBRS in MOMARL, they
lack:

∙ A theoretical evaluation of the effect of D in MOSGs. Specifically, the question of whether applying D
to MOSGs will alter the true Pareto optimal joint policies remains open.

∙ Empirical evaluations of reward shaping in a MOSG where the true Pareto optimal system utilities
are known.

∙ Empirical comparisons between D and PBRS in MOMARL domains.

This work addresses these gaps in the literature by presenting a theoretical analysis of the effects of
difference rewards which justifies their use in MOSGs (Section 3), followed by empirical studies using D
and PBRS in a domain where the true Pareto optimal solutions are known (Section 4), and in a realistic
application domain (Section 5).

3 Difference rewards theory

Recent work by Colby and Tumer (2015) considered the effect of applying D in a two-player cooperative
single-objective matrix game, and showed that the relative ordering of expected returns (and therefore the
Nash equilibria) are not altered when agents are rewarded usingD instead ofG. The analysis in this section
will generalize their result to the case of a co-operative stochastic game with |C|≥ 1 objectives and N
agents.

Theorem 1 For any state s∈ S in a co-operative stochastic game, any property that depends on the
relative ordering of rewards is not altered when difference evaluations are used in place of
the system evaluation function.

Proof. For any system state s∈ S in a co-operative stochastic game, the agents select a joint action a
according to their joint policy π, and are rewarded immediately for the system state transition using the
global system evaluation function G. For this analysis it is assumed that system transitions are
deterministic, that is, ∀ s ∈ S, s′∈ S, a∈A|T(s, a, s′)= 1, and that states and actions are represented
discretely. It is also assumed that the Markov property of a stochastic game holds (i.e. system state
transitions depend only on the current system state s and current joint action a, and not on any previous
states or actions).

If all agents except agent i follow some joint policy π†�i 2 Π�i, and agent i follows some policy πi∈Πi,
the resulting joint policy is π†�i ∪ πi. Suppose that the reward for a system objective c∈C is greater if agent
i follows policy π1i 2 Πi rather than π2i 2 Πi in state swhen all other agents follow their respective policies
from π†�i. Formally:

Gcðs; a†�i ∪ a1i Þ>Gcðs; a†�i ∪ a2i Þ (11)

where Gc(s, a) is the return from the system evaluation function for objective c when joint action a is
selected in system state s, a†�i are the actions selected in state s by all agents except agent i when following
their policies from π†�i, and a1i and a2i are the actions selected by agent i when following policy π1i or π

2
i

respectively.
If each objective is to be shaped independently (rather than shaping a scalarized combination) when

using difference evaluations, a counterfactual term must be calculated for each objective c in order to apply
Equation (5) to the global reward vector. However, as the counterfactual termGcðs�i ∪ sci ; a

†
�i ∪ aci Þ for any

objective c does not depend on the policy being followed by agent i, for each possible system state s it can
be inferred that the counterfactual for objective c for agent i when all other agents follow the joint policy
π−i must be a fixed quantity. Therefore, Gcðs�i ∪ sci ; a�i ∪ aci Þ may be subtracted from each side of
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Equation (11) while preserving the inequality:

Gcðs; a†�i ∪ a1i Þ�Gcðs�i ∪ sci ; a
†
�i ∪ aci Þ>

Gcðs; a†�i ∪ a2i Þ�Gcðs�i ∪ sci ; a
†
�i ∪ aci Þ

(12)

Therefore, noting that the difference evaluation for objective c for agent i is:

Dc;iðsi; aiÞ=Gcðs; aÞ�Gcðs�i ∪ sci ; a�i ∪ aci Þ (13)

It can be shown that:

8c 2 C; s 2 S; i 2 f1; :::;Ng½Dc;iðsi; a1i Þ>Dc;iðsi; a2i Þ
( Gcðs; a†�i ∪ a1i Þ>Gcðs; a†�i ∪ a2i Þ�

(14)

This means that difference evaluations do not alter the order of rewards for actions in any system state s,
although they do alter the absolute values. Any property that relies on the ordering of rewards, and not the
absolute value is therefore unaffected for each system state s. For example, if an action ai in state s leads to
a Nash equilibrium reward with respect to G, it also leads to a Nash equilibrium reward with respect to Di.
In the case of a MOSG where |C|≥ 2, if an action ai in state s is Pareto optimal with respect to G, it is also
Pareto optimal with respect to Di.

4 Multi-agent benchmark domain

In this study the multi-objective beach problem domain (MOBPD) is introduced, a newMOSG which will
serve as a benchmark problem for MOMARL algorithms. Up to now, the performance of MARL algo-
rithms in multi-objective problems has been judged purely in relative terms, and there are no MOSGs in
the literature to date where the true set of Pareto optimal solutions is known. Therefore the MOBPD will
serve as a useful benchmark for future evaluations, as MOMARL algorithms can now be judged against a
known absolute maximum level of performance, by comparing the hypervolume of non-dominated
solutions learned with the hypervolume of the true Pareto front. Here the MOBPD will be used to
empirically evaluate the effects of D and PBRS on agent coordination in MOSGs, and to determine
whether these shaping techniques can successfuly guide agents towards true Pareto optimal solutions.

4.1 Multi-Objective Beach Problem Domain

The MOBPD extends an earlier single-objective version introduced by Devlin et al. (2014), in a similar
manner to the multi-objective extension (Yliniemi & Tumer, 2016) to the El-Farol bar problem (Arthur,
1994). In the MOBPD, each tourist (agent) begins at a hotel on a specific beach section, and then decides at
which section of the beach they will spend their day. At each timestep each agent knows which beach
section b∈B it is currently attending, and can choose to move to an adjacent section (move_left or
move_right), or to stay_still. Once all agents have completed their selected actions they are rewarded. The
agents must coordinate their actions to maximize the social welfare or global utility of the system, which is
measured by two conflicting objectives: ‘capacity’ and ‘mixture’.

Each beach section has a certain capacity ψ, and the highest capacity reward for a section is received
when the number of tourists (agents) present is equal to the capacity of the section. Sections which are
either too crowded or too empty receive lower rewards as they are less desirable to the tourists. The local
capacity reward Lcap(b) for a particular section is calculated as:

LcapðbÞ= xbe
�xb
ψ (15)

where b is the beach section (state), and xb is the number of agents present at that section. The global
capacity utility can then be calculated as the summation of Lcap(b) over all sections in the MOBPD:

Gcap =
X
b2B

LcapðbÞ (16)

Each agent in the MOBPD is assigned one of two static types:m or f. The maximummixture reward for
a section is received when the number of m agents in attendance is equal to the number of f agents, while
sections with an unequal mixture of agents receive a lower reward as they are less desirable. The local
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mixture reward Lmix(b) for a particular section is calculated as:

LmixðbÞ= minð Mbj j; Fbj jÞ
ð Mbj j + Fbj jÞ ´ Bj j (17)

where |Mb| is the number of agents of type m present at that section, |Fb| is the number of agents of type f
present at that section, and |B| is the total number of sections in the beach. The global mixture utility can
then be calculated as the summation of Lmix(b) over all sections in the MOBPD:

Gmix =
X
b2B

LmixðbÞ (18)

The difference reward (Di) for an agent can be calculated by applying Equation (5) for each objective.
As an agent only influences the capacity or mixture utility of the section it is currently attending at a
particular timestep, the utilities of all other states cancel out, and Di may be calculated as:

Dcap;iðbÞ= LcapðbÞ�ðxb�1Þe�ðxb�1Þ
ψ (19)

Dmix;iðbÞ=
LmixðbÞ� minð Mbj j�1; Fbj jÞ

ð Mbj j + Fbj j�1Þ ´ Bj j i 2 m

LmixðbÞ� minð Mbj j; Fbj j�1Þ
ð Mbj j + Fbj j�1Þ ´ Bj j i 2 f

0
B@ (20)
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Similar measures to those taken by Yliniemi and Tumer (2016) are implemented in order to ensure that
the objectives are independent and that no trivial solutions exist. Lmix is maximized when an equal number
of agents attend the same beach section; however odd values for ψ are used in experiments so that Lcap and
Lmix cannot both be maximized at the same time at any one section. It is also ensured that there are many
more agents than available capacity in the beach sections, and that the proportion of m and f agents is not
equal (70% of typem and 30% of type f are used in the experiments). The maximumGcap value is achieved
when most of the agents overcrowd one section, and exactly ψ agents attend each of the other sections.
This is in conflict with the maximum Gmix scenario, where most of the agents overcrowd a section, and
exactly 1 agent of type m and 1 agent of type f attend each of the remaining sections.

4.2 Applying MARL

Agents using credit assignment structures L, G, G +PBRS and D were tested on this problem domain, as
well as agents that randomly select actions from a uniform distribution as a baseline. In the case of L andG,
the components of the reward vector are first normalized (Equation 10) using the utopia and nadir values
given in Table 1, and then scalarized using a linear combination (Equation 9). The normalized and
scalarized combinations are then used when updating an agents’ value function estimates (Equation 1).

In the case of D, first each objective is shaped separately using its specific counterfactual value
(Equations 19 and 20). The resultant shaped reward vector is then normalized (Equation 10) and scalarized
(Equation 9) as above.

When applying PBRS, the global reward vector is first normalized (Equation 10) then scalarized
(Equation 9), before adding the shaping reward F (Equation4) to the scalarized combination. Algorithm
4.1 shows the entire process that is followed when the agents in the MOBPD are rewarded withG +PBRS.
The following two heuristics adapted from the work of Devlin et al. (2014) were used to test the effect of
PBRS:

∙ Middle: All agents are invited to a party at the middle beach section (b= 2). This heuristic incorporates
some basic knowledge about the optimal trade-off solutions, that is, the idea that one resource should be
‘sacrificed’ or congested by most of the agents for the greater good of the system. This shaping is
expected to improve both the performance and learning speed of agents receiving PBRS, and will
demonstrate the effect of PBRS when useful but incomplete domain knowledge is available.

ΦðbÞ= 1 if b= 2
0 otherwise

�
(21)

∙ Spread: The Spread heuristic encourages agents to distribute themselves evenly across the sections in
the MOBPD. This is an example of a weak heuristic, and demonstrates the effect of PBRS in cases

Table 1 Normalization constants.

Experiment 1 Experiment 2

Lmincap 0.000 0.000
Lmaxcap 1.105 1.840
Lminmix 0.000 0.000
Lmaxmix 0.101 0.101
Gmin

cap 0.000 0.000
Gmax

cap 4.416 7.359
Gmin

mix 0.000 0.000
Gmax

mix 0.460 0.460
Dmin

cap −0.134 −0.136
Dmax

cap 0.718 0.820
Dmin

mix −0.034 −0.034
Dmax

mix 0.101 0.101
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where very little useful domain knowledge is available. Therefore, agents receiving this shaping are
expected to show modest if any improvements in learning speed and final performance.

ΦðbÞ=

1 if b= 0; agent id 2 ½0;N= j B j�1�
1 if b= 1; agent id 2 ½N= j B j ; 2N= j B j�1�
1 if b= 2; agent id 2 ½2N= j B j ; 3N= j B j�1�
1 if b= 3; agent id 2 ½3N= j B j ; 4N= j B j�1�
1 if b= 4; agent id 2 ½4N= j B j ; 5N= j B j�1�
0otherwise

0
BBBBBB@

(22)

where N is the total number of agents.

4.3 Experimental procedure

Two different empirical studies were conducted in the MOBPD. In the first experiment ψ= 3, num_a
gents_M= 35 and num_agents_F= 15, while in the second experiment ψ= 5, num_agents_M= 70 and
num_agents_F= 30 in order to increase the complexity. Changing the parameters in this way produces
separate, independent versions of the problem that each have a unique set of Pareto optimal system
utilities. The sets of Pareto optimal utilities for both versions of the problem are listed in Table 2. These
were determined by calculating Gcap and Gmix for each possible distribution of m and f agents among the
beach sections, and then removing all dominated solutions. As the rewards for both objectives are nor-
malized in the range [0, 1], an even weighting of [0.5, 0.5] was used when scalarizing objectives.

The number of sections is set to |B| = 5, and the first num_agents_M/2 and num_agents_F/2 begin each
episode at beach section 1, while the rest begin at beach section 3. The difficulty of this coordination
problem could be increased further by assigning a random initial starting state to each agent at the
beginning of each episode, rather than the fixed initial start states which are used in these experiments.

In all experiments, the number of episodes is set to num_episodes= 10 000, the number of timesteps is
set to num_timesteps= 1, the learning rate is set to α= 0.1, the exploration rate is set to ε= 0.05 with
epsilon_decay_rate= 0.9999 and the discount factor is set to γ= 0.9. These values were selected following
parameter sweeps to determine the best performing values.

All plots include error bars representative of the standard error of the mean based on 50 statistical runs.
Specifically, the error is calculated as σ =

ffiffiffi
n

p
where σ is the standard deviation and n is the number of

statistical runs. Error bars are included on all plots at 1000 episode intervals. The plots show the average
performance across the 50 statistical runs that were conducted at 10 episode intervals. All claims of
statistical significance are supported by two-tailed t-tests assuming unequal variances, with p= 0.05
selected as the threshold for significance.

4.4 Experimental results

The results for both experiments are summarized in Tables 3 and 4. These tables list the number of true
Pareto optimal solutions found across all runs (PO Solns.), the average hypervolume of the non-dominated
solutions found on each statistical run (Avg. HV), and the hypervolume of the best non-dominated
solutions found across all runs (Best HV). Best HV gives an indication of how close an approach can get to
finding the true Pareto front of the problem, while Avg. HV shows how consistent the performance of an
approach is. Figure 2a and 2b show the average performance on the normalized scalarized global reward,
while Figure 3a and 3b show the average hypervolume of the non-dominated solutions found on each run.
The best non-dominated solutions found by each approach over all runs, as well as the true Pareto fronts
are shown in Figure 4a and 4b.

D offered the best overall performance in both experiments, sampling all 12 Pareto optimal solutions in
the first experiment, and 16 of 19 in the second experiment. G +PBRS(Middle) sampled 10 Pareto optimal
solutions in the first experiment, and none in the second. G +PBRS(Spread) sampled a single Pareto
optimal solution in the first experiment, and none in the second. Both of the typical MARL credit
assignment structures L and G, as well as the random baseline failed to find any true Pareto optimal
solutions. This highlights the fact that in even the simplest of multi-objective multi-agent problems, G
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alone may not be sufficiently informative to allow agents to find solutions that form part of the true Pareto
optimal set, therefore justifying the need for more sophisticated credit assignment techniques.

Figure 2a and 2b give an indication of the relative learning speed of the different approaches, measured
using the return from the normalized scalarized system evaluation function. This metric measures the
learning performance in terms of the unshaped system evaluation functions. A score of 1.0 represents the
theoretical maximum upper bound on performance in the domain being achieved on both objectives
simultaneously. The value 1.0 is never reachable however, as the two objectives are in conflict (it is not
possible to score the maximum on each objective simultaneously).

It is important to note that in this domain, relatively few agents selecting actions which are not Pareto
optimal could have a large effect on theG(normalized + scalarized) metric; this contributes to the difficulty
of the coordination problem. D again offers the best performance on the G(normalized + scalarized)
metric, although G+PBRS(Middle) almost matches it in the early episodes. As expected, L performs
poorly here, as it does not encourage all agents to act in the system’s best interest. G +PBRS(Spread)

Table 2 Multi-objective beach problem domain (MOBPD) Pareto optimal system utilities

Experiment 1 Experiment 2

Soln. no. Gcap Gmix Gcap Gmix

1 4.107372 0.452381 5.362651 0.456522
2 4.134956 0.450000 5.819238 0.455556
3 4.162565 0.447368 6.275914 0.454545
4 4.190221 0.444444 6.732591 0.453488
5 4.217961 0.441176 7.189267 0.452381
6 4.239412 0.415315 7.199119 0.451220
7 4.267104 0.412381 7.208971 0.450000
8 4.288620 0.385965 7.218824 0.448718
9 4.316275 0.383333 7.228680 0.447368
10 4.337837 0.356410 7.231350 0.433012
11 4.365466 0.354054 7.241201 0.431852
12 4.414673 0.324561 7.251055 0.430633
13 7.260908 0.429351
14 7.273433 0.413659
15 7.283284 0.412500
16 7.293138 0.411282
17 7.315515 0.394321
18 7.325368 0.393165
19 7.357598 0.375000

Table 3 Experiment 1 results.

PO Solns. Avg. HV Best HV

True Pareto front 12 1.980063
D 12 1.974039 1.980063
G+PBRS(Mid) 10 1.826471 1.978657
G+PBRS(Spr) 1 1.455105 1.856893
G 0 1.427198 1.853276
Random 0 1.377096 1.555496
L 0 1.187191 1.426849

PBRS= potential-based reward shaping; PO= Pareto optimal solutions; HV= hypervolume.
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Table 4 Experiment 2 results.

PO Solns. Avg. HV Best HV

True Pareto front 19 3.347111
D 16 3.322784 3.329418
G+PBRS(Mid) 0 2.852388 3.238757
G 0 2.158390 2.474170
G+PBRS(Spr) 0 1.966866 2.300028
L 0 1.939231 2.338821
Random 0 1.609211 1.849685

PBRS= potential-based reward shaping; PO= Pareto optimal solutions; HV= hypervolume.

Figure 2 Average performance on normalized scalarized global reward
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performs poorly compared to G+PBRS(Middle); as is the case in single-objective SGs, poorly designed
potential functions with misleading information can damage system performance.

The effect of using a decreasing exploration rate is also evident in Figure 2a and 2b. In the early
episodes,D has already learned useful information about the how Pareto optimal solutions may be reached
(having lots of agents in the middle, and relatively few agents of both types in the remaining sections). As
the exploration rate is reduced, the performance of D increases as close to all agents will now be able to
select the optimal action, whereas in earlier episodes more agents were forced to select sub-optimal actions
due to the higher exploration probability. WithG +PBRS(Middle) most of the agents initially learn to go to

Figure 3 Average hypervolume of non-dominated solutions found
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the middle state; here a high exploration rate is beneficial while it encourages enough agents to select
actions which take them away from this state. However, the proportion of agents which select these
random actions decreases as time goes on. In the case of L and G, miscoordination and credit assignment
deficiencies again become problematic. Even if an agent explores and selects a new action which benefits
performance, another agent could select an action which damages performance at the same time; however,
both agents get the same reward, regardless of whether they improved system performance. So, we should
expect L and G to converge to suboptimal points of equilibrium eventually, even if they begin with higher
performance initially. The effect of inadequate credit assignment becomes more serious in larger MAS,
which is why it is more evident in the 100 agent test domain than in the 50 agent test domain.

Figure 4 Best non-dominated episodes over all runs
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In Figure 3a and 3b it is clear that G+PBRS(Middle) samples a lot of solutions that are close to the
Pareto front in the early stages of both experiments, resulting in a high hypervolume calculation, and
initially beating the performance of D. This demonstrates the beneficial effect that PBRS with a suitable
heuristic can have on the agents’ exploration. D initially samples promising solutions more slowly, but by
the end of each experiment it has reached an average hypervolume very close to that of the true Pareto front
(shown with a black dashed line in both plots). In terms of average hypervolume reached, D offers
statistically better performance than G +PBRS(Middle) in both experiment 1 (p= 1.11 × 10 −17) and
experiment 2 (p= 2.67 × 10 −29). G+PBRS(Middle) does however offer a statistically significant increase
in performance over unshaped G on this metric in the first experiment (p= 1.61 × 10 −26) and the second
experiment (p= 6.79 × 10 −47).

Figure 4a and 4b show that the best non-dominated solutions found by D and G +PBRS(Middle) match
very closely with those of the true Pareto front in both experiments. The solutions found by L and G are
dominated by those found by D and G +PBRS(Middle); these typical MARL credit assignment structures
are not informative enough to guide agents towards good solutions in the MOBPD.

The performances of D and G +PBRS(Middle) demonstrate that well designed reward shaping tech-
niques can guide agents towards the true Pareto optimal solutions in MOSGs by making G more infor-
mative. Thus the issue of appropriate credit assignment is just as important in MOSGs as it is in traditional
single-objective SGs. Furthermore, the results for D and G +PBRS(Middle) offer the first supporting
empirical evidence that both D and PBRS preserve the true Pareto optimal sets of solutions in MOSGs. In
the second experiment, both approaches do not perform as well due to the increased complexity of the
problem. In the case of PBRS, more suitable heuristics could be designed to improve performance,
althoughG +PBRS(Middle) performs extremely well considering the simple nature of the information that
is provided.

4.5 Discussion

This study evaluated the effectiveness of two widely-used reward shaping methodologies for improving
agent coordination in cooperative MOSGs. The MOBPD was introduced, a new MOSG with known sets
of Pareto optimal solutions that will serve as a useful benchmark for evaluating future MARL algorithms.
The experimental work shows that both PBRS and D can improve learning speed and the quality of the
NDS of solutions found in MOSGs, when compared to agents learning using G alone. Crucially, this work
also demonstrated for the first time that agents learning using these reward shaping techniques can sample
true Pareto optimal solutions in MOSGs. This provides empirical support for the theoretical analysis of D
presented in Section 3, and for the guarantees for PBRS provided by Mannion et al. (2017b), showing that
both D and PBRS can safely be applied to MOSGs without the risk of altering the original goals of the
problem.

5 Multi-agent application domain

Now that the benefits of reward shaping inMOMARL have been established, it is important to test whether
they will still hold in a real world application domain. In this study, D and PBRS will be applied to a
dynamic economic emissions dispatch (DEED) problem. DEED is an established problem domain, that
has previously been studied using approaches such as genetic algorithms (GAs) (Basu, 2008) and PSO
(Mason, 2015). The problem consists of a series of electricity generators, which must be scheduled
appropriately in order to meet a specified customer demand profile. Generator scheduling is a complex task
due to many different factors, including: unpredictable fluctuations in demand; power loss within the
transmission lines; and varying efficiency levels, power limits and ramp limits among generators in the
same plant (Basu, 2008).

High and often unpredictable fuel prices mean that efficient generator scheduling is necessary to
produce electricity in a cost effective manner. However, it is also desirable to minimize the environmental
impact of electricity production due to the emission of harmful atmospheric pollutants such as sulphur
dioxide (SO2) and nitrogen oxide (NO). Thus, the problem may be approached from a multi-objective
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perspective, with the goal of minimizing both fuel cost and emissions. Minimizing both cost and emissions
from power stations is a difficult problem, because these goals are in opposition to each other as the
optimal solution for each objective is approached. This problem domain will serve as a testbed for
evaluating the effectiveness of different MARL credit assignment structures while agents learn to optimize
these conflicting objectives.

First, the traditional format of the DEED problem will be introduced in Section 5.1, before it is
reformulated as a MOSG in Section 5.2 to allow the application of MARL. A new variant of the problem
with random generator failure will also be tested, with the goal of testing the robustness and adaptability of
agents to system disturbances. The empirical results obtained will be compared to those published pre-
viously (using e.g. GAs, PSO), to determine whether MARL can develop solutions for the DEED problem
which are of comparable quality.

5.1 Dynamic Economic Emissions Dispatch

The version of the DEED problem which will be used for this study was originally proposed by (Basu,
2008). Basu’s version is presented as a multi-dimensional optimization problem, with each dimension in
the problem space representing the power output of a generator at a given time. The cost function f1 which
computes the total fuel cost for the generators, including the effect of valve point loading (Walters &
Sheble, 1993), is defined as:

f1 =
XM
m= 1

XN
n= 1

½an + bnPnm + cnðPnmÞ2 + j dnsinfenðPmin
n �PnmÞg j � (23)

whereM= 24 is the number of hours, N= 10 is the number of power generators, an, bn, cn, dn and en are the
cost coefficients associated with each generator n, Pnm is the power output from generator n at time m, and
Pmin
n is the minimum permissible power output of generator n.
The total combined emissions of SO2 and NO from the group of generators is calculated using function

f2 (Basu, 2008):

f2 =
XM
m= 1

XN
n= 1

½αn + βnPnm + γnðPnmÞ2 + η exp δPnm� (24)

where αn, βn, γn, ηn and δn are the emission coefficients associated with each generator n.
The total power output in a given hour must be equal to the sum of the power demand and transmission

losses:

XN
n= 1

Pnm =PDm +PLm 8m 2 M (25)

where PDm is the power demand over hour m and PLm is the transmission loss over hour m.
There are two inequality constraints which any potential solutions are subject to: the operating limits

and the ramp limits for each power generator in the station. The operating limits specify the minimum and
maximum possible power output of a generator, while the ramp limits determine the maximum allowed
increase or decrease in the power output of a generator from one hour to the next.

Pmin
n ≤Pnm ≤Pmax

n (26)

Pnm�Pnðm�1Þ ≤URn (27a)

Pnðm�1Þ�Pnm ≤DRn (27b)

where Pmin
n and Pmax

n refer to the minimum and maximum power output of each generator, Pnm is the power
output for n∈N and m∈M, and URn and DRn are the ramp up and ramp down limits for generator n.

In order to satisfy the equality constraint described by Equation (25), the first generator n= 1 is a slack
generator. The power outputs of the other 9 generators are set directly, and the slack generator makes up
any shortfall in the combined power output. The settings for the slack generator are therefore dependant
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variables during the optimization process, while the outputs of the other N −1 generators are independent
variables. The power output of the slack generator for a single hour, P1m, may be calculated by rearranging
Equation (25):

P1m =PDm +PLm�
XN
n= 2

Pnm (28)

The loss in the transmission lines between generators, PLm, over hour m is calculated as follows:

PLm =
XN
n= 2

XN
j= 2

PnmBnjPjm + 2P1mð
XN
n= 2

B1nPnmÞ +B11ðP1mÞ2 (29)

where B is the matrix of transmission line loss coefficients (Basu, 2008).
Combining Equation (29) with Equation (30) produces the following quadratic equation:

0 =B11ðP1mÞ2 + ð2
PN
n= 2

B1nPnm�1ÞP1m +

ðPDm +
PN
n= 2

PN
j= 2

PnmBnjPnm�
PN
n= 2

PnmÞ
(30)

Solving this quadratic equation using basic algebra will give the reactive power of the slack generator,
P1m, at each hour. All required values for the cost coefficients, emission coefficients, ramp limits, generator
capacity limits, power demands and transmission line loss coefficients can be found in the work of (Basu,
2008).

5.2 DEED as a MOSG

In order to create a version of the DEED problem suitable for the application of MARL, it can be
reformulated as a MOSG. The problem is divided into one of sequential decision making, where each hour
m∈M is a separate timestep in the SG. Each of the nine directly controlled generators n= {2,...,10} are
assigned to an agent i= {2,...,10}, where agent i sets the power output Pnm of its generator n= i at every
timestep m.

It is now necessary to derive new cost and emissions functions, which will measure the system utility at
each timestep. From Equation (23), a function f Lc may be derived which computes the local cost for
generator n over hour m:

f Lc ðn;mÞ= an + bnPnm + cnðPnmÞ2 + j dnsinfenðPmin
n �PnmÞg j (31)

Thus the global cost function f Gc for all generators over hour m is:

f Gc ðmÞ=
XN
n= 1

f Lc ðn;mÞ (32)

Similarly, from Equation (24) an emissions function f Le may be developed for generator n over hour m:

f Le ðn;mÞ=Eðαn + βnPnm + γnðPnmÞ2 + η exp δPnmÞ (33)

where E= 10 is the emissions scaling factor, chosen so that the magnitude of the local emissions function
f Le matches that of the local cost function f Lc . It follows that the global emissions function f Ge for all
generators over hour m is:

f Ge ðmÞ=
XN
n= 1

f Le ðn;mÞ (34)

The next environmental state for each agent i is defined as a vector containing the change in power
demand ΔPD since the previous timestep, and the previous power output of the generator n, Pnm. The
change in power demand at time m is calculated as:

ΔPDm =PDm�PDðm�1Þ (35)
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Therefore the state vector for agent i (controlling generator n) at time m is:

si;m = ½ΔPDm;Pnðm�1Þ� (36)

The action chosen by agent i at each timestep determines the power output of the generator n under its
control. However, the power output constraints in Equation (26) must be satisfied for each generator.
Therefore the possible action set for agent i consists of:

Ai = fPmin
n ; :::;Pmax

n g (37)

At any hour m, when the ramp limits in Equations (27) and (28) are imposed, an agent’s action set is
constrained to:

Aim = fPnðm�1Þ�URn ≥Pmin
n ; :::;Pnðm�1Þ�URn ≤Pmax

n g (38)

It is also necessary to consider the power limits and ramp limits of the slack generator, n= 1. A global
penalty function f Gp based on the static penalty method (Smith et al., 2000) is used to capture violations of
these constraints:

f Gp ðmÞ=
XV
v= 1

Cð j hv + 1 j δvÞ (39)

h1 =
P1m�Pmax

1 if P1m >Pmax
1

Pmin
1 �P1m if P1m <Pmin

1
0 otherwise

0
@ (40)

h2 =
ðP1m�P1ðm�1ÞÞ�UR1 if ðP1m�P1ðm�1ÞÞ>UR1

ðP1m�P1ðm�1ÞÞ +DR1 if ðP1m�P1ðm�1ÞÞ<�DR1

0 otherwise

0
@ (41)

where |V| = 2 is the number of constraints handled using this method (one possible violation each for slack
generator power and ramp limits over hour m), C= 10E6 is the violation constant, hv is the violation of
each constraint, and δv= 0 if there is no violation in a given constraint and δv= 1 if the constraint is
violated. The violation constant C= 10E6 was selected so that the output of the penalty function will have
a similar magnitude to that of the cost function f Gc . The penalty function is an additional objective that must
be optimized, in addition to cost and emissions.

The counterfactual cost, emissions and violations terms for an agent i are calculated by assuming that
the agent did not choose a new power output value in the timestep m (i.e. the power output of generator
n= i did not change). This assumed action of holding the same power output is chosen based on the
intuition that the counterfactual for a timestep m should represent the system’s performance without the
effect of agent i's action selection.

f Gð�iÞ
c ðmÞ=

XN
n= 1
n≠ i

f Lc ðn;mÞ + f Lc ði;m�1Þ (42)

f Gð�iÞ
e ðmÞ=

XN
n= 1
n≠ i

f Le ðn;mÞ + f Le ði;m�1Þ (43)

where f Gð�iÞ
c ðmÞ is the counterfactual cost term and f Gð�iÞ

e ðmÞ is the counterfactual emissions term. The
output of the counterfactual version f Gð�iÞ

p of the penalty function f Gp is calculated as per Equation (40),
with the term Pð�iÞ

1m substituted for P1m in Equations (41) and (42). Pð�iÞ
1m is calculated as:

Pð�iÞ
1m =PDm +PLm�

XN
n= 2
n≠ i

Pnm�Piðm�1Þ (44)
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5.3 Action selection

In initial experimental work on the DEED MOSG using the full action definitions in Equations (38) and
(39), the quality of the policies learned was highly variable, often resulting in poor performance. This may
be attributed to the fact that the action space Ai for each agent is of a different size. For example, using a
discretization level of 1MW, the smallest action space has 46 actions, and the largest has 321 actions when
using the generator operating limits specified by (Basu, 2008). These discrepancies meant the time
required for each agent to sample the full state-action space varied widely. To overcome this difficulty, an
abstraction A* of the action space will be used, where each agent has a set of 101 possible actions A*= {0,
1, ..., 99, 100}. Each action represents a different percentage value of the operating range of the generator,
so generators with wider operating ranges have larger increments. The power output from generator n for
action a�i is calculated as:

Pn =Pmin
n + a�i

Pmax
n �Pmin

n

100

� �
i= n (45)

The power output selected by an agent is still subject to the ramp limits, as per Equations (27), (28) and
(39), so a* selections that would violate these limits are not allowed. This action space abstraction is used
in all experimental work presented in this study. Agents select actions from A* using the ε-greedy strategy.

5.4 Applying MARL

Multiple individual Q-learning agents were tested in the DEEDMOSG defined above, learning with credit
assignment structures L, G, G +PBRS, and D. All reward vectors are scalarized using either a linear
scalarization (Equation 9) with the following objective weights: wc= 0.225, we= 0.275, and wp= 0.5.
These objective weights were chosen following parameter sweeps, so as to maintain a good balance
between the objectives. The agents receive one of these scalarized reward signals while learning: L, G,
G +PBRS, or D.

Note that in the case of a local reward L, the number of objectives |C| = 2 as there is no local penalty
function. |C| = 3 for all other credit assignment schemes, as they all make use of the global versions of the
objective functions. Note also that the rewards assigned are negative, as all objectives must be minimized.

In the case of D, each objective is first shaped separately using its specific counterfactual value
(Equations 43, 44 and 45) before being scalarized. When applying G+PBRS, the global reward vector is
first scalarized, before adding the shaping reward F (Equation 4) to the scalarized combination. Three
different heuristics adapted from (Mannion et al., 2017b) were used to test the effectiveness of PBRS in
this problem domain:

∙ High: All agents are encouraged to select high power values. This heuristic is expected to quickly
reduce the cost and emissions values during learning, and lead to good solutions.

ΦHighði;mÞ=�ð100 + ðPn;m�1�Pmin
n

Pmax
n �Pmin

n

´ 100ÞÞ ´ 106 i= n (46)

∙ Low: All agents are encouraged to select low power values. This heuristic is also expected to increase
learning speed, although encouraging agents to select low power values will increase loading on the
slack generator, which may negatively affect the running costs and emissions produced.

ΦLowði;mÞ=�ð100�ðPn;m�1�Pmin
n

Pmax
n �Pmin

n

´ 100ÞÞ ´ 106 i= n (47)

∙ Mixed: This heuristic encourages a mixture of the two different behaviours above. The agents i= 2 to
i= 5 are encouraged to select low power values using the low heuristic, whereas the agents from i= 6 to
i= 10 are encouraged to select high power values using the high heuristic. The design of this mixed
heuristic is based on the intuition that it may be beneficial to keep some generators in a group working at
close to full power continuously to satisfy the baseline power demand, while the rest of the generators
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will only increase their power output during peaks of high demand.

ΦMixedði;mÞ= ΦLowði;mÞ if i≤ 5
ΦHighði;mÞ otherwise

�
(48)

5.5 Experimental procedure

Experiments were conducted on two different variations of the DEEDMOSG. In the normal version of the
problem, the agents learn for 20 000 episodes, each of which comprises 24 hours. The second version also
lasts for 20 000 episodes; after 10 000 episodes a random generator n∈ {2,...,10} fails, and the agents must
learn to compensate for the loss of this generator, while still meeting the same electricity demand. The aim
of this second experiment is to test the robustness to disturbances and adaptability of agents learning using
each MARL credit assignment structure.

The demand profile used in both experiments is shown in Figure 5. This is the same demand profile that
was used in used in work by Basu (2008) and Mason (2015), so the DEED MOSG results will be directly
comparable to results reported by these authors. The learning parameters for all agents are set as follows:
α= 0.10, γ= 0.75, ε= 0.05. These values were selected following parameter sweeps to determine the best
performing settings.

5.6 Experimental results

We will first discuss the results of the standard version of the problem. All plots include error bars at 1000
episode intervals representative of the standard error of the mean based on 50 statistical runs. Specifically,
the error is calculated as σ =

ffiffiffi
n

p
where σ is the standard deviation and n is the number of statistical runs.

The plots show a 200 episode moving average across the 50 statistical runs that were conducted. All claims
of statistical significance are supported by two-tailed t-tests assuming unequal variances, with P= 0.05
selected as the threshold for significance.

The plots of learning curves for the cost objective in the first experiment (Figure 6) give an indication of
the relative learning speeds and stability of performance for each of the approaches tested. As expected, L
performs poorly here, as the local reward encourages agents to greedily minimize their own fuel cost,
without considering the utility of the system as a whole.D converges to a stable policy most quickly, while
G also learns good policies, but at a slower rate than D.

G +PBRS(High) and G +PBRS(Mixed) both learn more quickly than G. G +PBRS(Low) also initially
learns more quickly than G; however, it does so at the expense of damaging final performance when
compared to unshaped G. Here it can be seen again that the characteristic effects of PBRS in SGs are
preserved in MOSGs; well designed heuristics can improve learning speed and final performance in
MOSGs, while poorly designed heuristics may damage learning speed and final performance.

Table 5 displays the average cost and emissions for the MARL approaches tested, along with NSGA-II
results reported by Basu (2008) and PSO-AWL (avoidance of worst locations) results reported by Mason
(2015) for comparison purposes. In this table, the cost is presented in $ ×106 and the emissions are
presented in lb ×105. All values in the table are rounded to 4 decimal places.

The differences in the mean final performance of D and G were found to be significant for both the cost
objective (p= 5.01 × 10 −22), and the emissions objective (p= 3.20 × 10 −10). D also performed statistically
better than G +PBRS(High) on both the cost objective (p= 1.06 × 10 −8) and the emissions objective
(p= 7.01 × 10−16). G +PBRS(High) performed statistically better than G in terms of cost
(p= 2.99 × 10−10) and emissions (p= 2.63 × 10 −4), whileG +PBRS(Mixed) was statistically the same asG
in terms of cost (p= 0.398), and statistically better in terms of emissions (p= 2.61 × 10 −3). The misleading
shapingG +PBRS(Low) caused a significant drop in average performance when compared withG in terms
of both cost (p= 1.13 × 10 −33) and emissions (p= 1.7 × 10 −6).

Analysing the average results presented in Table 5, the best MARL approach produces results that are
comparable to those of GA and PSO based approaches, although not quite as good. For example, Basu’s
NSGA-II has 4.2% lower costs, and 6.8% lower emissions than D on average in this problem. However,
MAS is arguably a more interesting paradigm to use when studying these types of optimization problems,
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due to the ability to modify simulation parameters while learning online, and the possibility of modelling
system disturbances (e.g. generator failure). MAS are inherently suited to distributed control and opti-
mization problems like DEED, and the information learned by the agents can be used to compute new
policies online if the parameters of the problem change, unlike the GA and PSO based approaches.

Figure 6b shows the learning curves for the cost objective in the second experiment, where a random
generator fails. L again performs poorly in this experiment.D is again the best performing reward structure
here, converging to a stable joint policy after generator failure much more quickly than any other reward
structure tested. The agents learning using D are exceptionally robust to disturbances in this problem
domain when compared to agents learning using the other credit assignment structures. Agents learning
using G +PBRS(High) and G +PBRS(Mixed) again outperform agents using unshaped G in this experi-
ment, learning to adapt to generator failure more quickly, and converging to better joint policies on
average.

Figure 7 plots the Pareto fronts for the best performing credit assignment structures tested. These fronts
are comprised of the best non-dominated episodes produced by each approach over 50 runs conducted in
the first experiment. D again offers the best performance here, sampling solutions that Pareto dominate
those found by all other approaches. G +PBRS(High) is the next best performer, with one of its episodes
Pareto dominating those of all other approaches except those of D. G +PBRS(Mixed) also produced a
solution that Pareto dominated all episodes produced by unshaped G; these results again confirm that as
well as learning more quickly, agents receiving PBRS with a well designed heuristic can also significantly
outperform agents learning using unshaped G in MOSGs. Finally, the misleading information encoded in
G +PBRS(Low) damaged the performance of agents receiving it, evidenced by the fact that all of its
episodes are Pareto dominated by unshaped G.

A sample 24 hour generator schedule produced by D is presented in Table 6, showing the outputs in
MW of the 9 controlled generators (P2 to P10), and the slack generator (P1). Sample generator schedules
for GA and PSO approaches are available in the work of Basu (2008) and Mason (2015).

5.7 Discussion

In this study, a multi-objective, real world problem domain was analyzed using the MAS paradigm. The
DEED domain was reformulated as a sequential decision making problem using the framework of
MOSGs, in order to allow the application of MARL. Furthermore, the effects of applying several different
multi-agent credit assignment structures were evaluated empirically.

Figure 5 Twenty-four-hour power demand
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The best MARL experiment D produced results that are comparable to other previously published
attempts at solving this problem domain, including NSGA-II (Basu, 2008) and PSO (Mason, 2015).
Difference rewards were also found to be more robust to disturbances than the other MARL credit
assignment structures tested, and they effectively encouraged agents to adapt in the generator failure
scenario, and to quickly learn new stable joint policies.

In future work, it would be worthwhile to investigate the use of Q function approximation in this
domain, as the ability to generalize across states and/or actions would be useful when developing agents
that could react quickly to previously unseen changes in power demand, for example, as would occur in a
real world system.

Figure 6 Learning curves for the cost objective
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6 Conclusion and future work

This article presented two studies which evaluated the effects of two widely-used reward shaping tech-
niques in MOMARL domains. The first study introduced the MOBPD, the first MOSG in the literature
where the true Pareto optimal system utilities are known. This benchmark problem can now be used to
evaluate MOMARL algorithms against a known absolute maximum level of performance, by comparing
the hypervolume achieved by an approach with the hypervolume of the true Pareto front. Results from this
domain showed for the first time that agents learning using either PBRS or D can sample true Pareto
optimal solutions in MOMARL domains. This study also confirmed that G alone is not sufficiently
informative to lead agents to true Pareto optimal solutions even in relatively simple MOMARL domains;
appropriate credit assignment is therefore just as important in MOSGs as it is in traditional single-
objective SGs.

The second study in this article applied MOMARL to an established MOO problem; DEED. The
traditional format of the problem was reformulated as a MOSG, which served as an additional benchmark

Table 5 DEED average final performance.

Cost ($ ×106) Emissions (lb ×105)

L 4.1127 28.8266
G+PBRS(Low) 2.9197 4.5288
G 2.7647 3.9098
G+PBRS(Mixed) 2.7722 3.7531
G+PBRS(High) 2.7177 3.6828
D 2.6641 3.3255
PSO-AWL (Mason 2015) 2.5463 2.9455
NSGA-II (Basu 2008) 2.5226 3.0994

AWL= avoidance of worst locations; DEED= dynamic economic emissions dispatch; PBRS= potential-based
reward shaping; PSO= particle swarm optimization.

Figure 7 Best non-dominated episodes over all runs
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to evaluate the effect of PBRS and D in MOMARL domains. Furthermore, the experimental results of the
best MOMARL approach tested were comparable to those achieved by other state-of-the-art optimization
algorithms.

While difference evaluations offered the best performance across all metrics in both studies, they suffer
from some notable limitations: global knowledge about the system state and joint action must be available,
and the precise mathematical form of the system evaluation functionGmust be known in order to calculate
counterfactuals. Furthermore, D requires an implicit assumption that a centralized mechanism is available
to provide tailored feedback to individual agents (Colby et al., 2016) , and the system designer must also
select suitable default states and actions which allow a successful implementation.

PBRS does not suffer from the limitations listed above. In MOSGs, agents may each have their own
private potential function, and do not need to have any additional knowledge broadcast to them besides the
value of the system evaluation function G for a successful implementation. Of course it is also possible to
design potential functions that incorporate some level of additional knowledge about the system, but this
does not require total observability of the joint states and actions of agents, or the mathematical form of the
system evaluation function, as is the case with D.

However, PBRS does have its own specific set of limitations. The process of handcrafting useful
potential functions can be very time consuming, and effective potential functions will become increasingly
difficult to design in proportion with the complexity of the application domain. In both MOSG studies
even the best handcrafted PBRS heuristics failed to match the performance of D; this highlights the
effectiveness of difference evaluations in cases where the required constraints are satisfied such that they
may be easily applied.

In summary, it is not possible to say that either one of these techniques represents the best all-around
candidate for improving cooperative MOMARL performance. Rather, we expect that the preferred tech-
nique for a given MOMARL application will depend on the specific constraints present; for example,
whether the mathematical form of the system evaluation function is known, the amount of bandwidth

Table 6 Sample solution produced by D.

Hour P1 P2 P3 P4 P5 P6 P7 P8 P9 P10

1 137.4166 274.3069 125.8713 159.8020 121.8119 69.2376 62.4752 52.7822 40.1980 13.1188
2 179.3413 244.4554 133.8020 114.6535 145.3762 85.5545 73.3663 80.2475 50.8911 26.0396
3 272.3167 244.4554 136.4455 124.1584 152.1089 94.7327 79.9010 91.0891 63.9604 30.0495
4 287.9734 244.4554 149.6634 164.5545 187.4554 100.8515 94.0594 101.2079 70.4950 43.8614
5 229.8747 251.0891 176.0990 174.0594 219.4356 114.1089 120.1980 110.6040 74.6535 51.4356
6 264.1131 314.1089 197.2475 178.8119 226.1683 131.4455 122.3762 117.8317 75.2475 51.8812
7 282.3970 290.8911 207.8218 214.4554 237.9505 156.9406 122.3762 117.1089 75.2475 52.3267
8 307.7624 294.2079 247.4752 219.2079 241.3168 157.9604 122.3762 117.1089 75.2475 54.1089
9 382.7586 337.3267 250.1188 250.0990 241.3168 157.9604 125.6436 118.5545 78.8119 54.5545
10 351.5082 380.4455 295.0594 295.2475 241.3168 158.9802 126.7327 119.2772 79.4059 54.5545
11 395.0589 406.9802 313.5644 297.6238 241.3168 158.9802 127.8218 119.2772 79.4059 54.5545
12 408.5579 430.1980 324.1386 297.6238 241.3168 158.9802 128.9109 119.2772 79.4059 54.5545
13 358.1410 383.7624 334.7129 297.6238 241.3168 158.9802 128.9109 119.2772 79.4059 54.5545
14 303.8088 353.9109 258.0495 297.6238 241.3168 158.9802 128.9109 119.2772 79.4059 54.5545
15 242.0132 314.1089 199.8911 297.6238 241.3168 158.9802 128.9109 119.2772 79.4059 54.5545
16 164.7548 241.1386 170.8119 292.8713 205.9703 153.8812 128.9109 119.2772 79.4059 41.6337
17 150.3090 217.9208 170.8119 276.2376 205.9703 131.4455 126.7327 109.1584 79.4059 52.3267
18 209.4446 261.0396 221.0396 266.7327 214.3861 136.5446 126.7327 109.1584 79.4059 53.2178
19 282.0803 337.3267 226.3267 250.0990 224.4851 147.7624 126.7327 109.1584 79.4059 53.6634
20 328.8346 413.6139 273.9109 269.1089 236.2673 153.8812 127.8218 112.0495 79.4059 54.1089
21 286.2176 343.9604 326.7822 269.1089 236.2673 155.9208 127.8218 116.3861 79.4059 53.6634
22 161.0515 340.6436 281.8416 238.2178 209.3366 107.9901 124.5545 94.7030 68.1188 52.3267
23 127.0397 264.3564 210.4653 188.3168 199.2376 91.6733 94.0594 83.1386 64.5545 42.5248
24 156.5331 211.2871 170.8119 185.9406 152.1089 115.1287 64.6535 67.9604 52.0792 33.6139
Cost 2.6561 Emissions 3.1674
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available to communicate information to agents in a MAS, the system designer’s level of domain
knowledge and prior experience with either technique, and the time available to fine tune an
implementation.

Given the empirical results presented in Sections 4 and 5, and the theoretical analysis conducted in
Section 3, this work will inform future MOMARL research. Following the establishment of the MOBPD,
researchers may now use this benchmark domain to evaluate the performance of new MOMARL algo-
rithms. It is also now possible to leverage the benefits of reward shaping in MOMARL without the risk of
altering an agent’s originally intended goals if D or PBRS are applied. Furthermore, this work has
demonstrated that these reward shaping techniques can successfully address the credit assignment problem
in MOSGs, substantially improving agents’ performance and learning speed when compared to the
unshaped system evaluation function.

This work has shown that PBRS can improve performance in MOSGs, even when very basic heuristic
knowledge is used. The question of how to design useful multi-agent potential functions is an active area
of research, and has not been explored comprehensively in a multi-objective context to date. Recent results
(Mannion et al., 2017) indicate that certain types of PBRS heuristics can lead agents to discover policies
that favour one objective over another. Therefore, in future it may be possible to use PBRS as a mechanism
to incorporate user preferences in multi-criteria sequential decision making problems, by designing
potential functions that bias an agent’s exploration appropriately.

To the best of our knowledge, only linear and hypervolume scalarization functions have been used with
MARL to date; these functions are quite basic and may not allow all solutions along the Pareto front to be
learned successfully. Therefore, more advanced scalarization functions such as Chebyshev scalarization
(Van Moffaert et al., 2013) or Thresholded Lexicographic Ordering (Gábor et al., 1998; Vamplew et al.,
2010) could be used in conjunction with MARL algorithms in future to improve coverage along the Pareto
front. Recent work in single-agent MORL has led to the development of multi-policy algorithms such as
Pareto Q-learning (Van Moffaert & Nowé, 2014), which can track multiple non-dominated policies at
once; developing such algorithms in a MOMARL context may also prove to be a fruitful direction for
future work.

While we have considered two popular credit assignment techniques in this article, numerous other
promising methods exist. Difference Rewards incorporating PBRS (Devlin et al., 2014) and resource
abstraction (Malialis et al., 2016) are two recently proposed approaches that have proven to be effective in
single objective MARL, and may also be useful when applied to MOMARL in the future.
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