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ABSTRACT
Recently Zhang and Parkes [11, 12] introduced the idea of
value-based policy teaching. In their framework, an inter-
ested party is able to provide incentives, by changing the
environment, in order to encourage an agent to follow a par-
ticular policy. In this paper, we extend the Zhang-Parkes
framework to a multiagent setting where all agents are in a
common environment so that any modifications made by the
interested party are experienced by all agents. We charac-
terise when it is possible for the interested party to provide
incentives so that all agents follow a particular desired pol-
icy. For the case where the interested party is unable to
induce all agents to follow a particular desired policy, we
propose that a behaviour-based policy comparison approach
be used, where the interested party maximises the similarity
of each agent’s behaviour to some target behaviour.

Categories and Subject Descriptors
I.2.11 [Distributed Artificial Intelligence]: Multiagent
Systems

General Terms
Algorithms, Design, Performance

Keywords
Multiagent Learning, Co-ordination, Decision/Utility The-
ory, Markov Decision Processes

1. INTRODUCTION
Recently Zhang and Parkes [11, 12] introduced the idea of

value-based policy teaching. In their framework, an inter-
ested party is able to provide incentives, by changing the en-
vironment, in order to encourage an agent to follow a partic-
ular policy. The focus of these papers was on a single-agent
setting, and the authors studied computationally tractable
methods for finding incentives.

In this paper, we study the problem of extending the envi-
ronment design framework to a multiagent setting. In par-
ticular, we focus on the case where agents do not interact,
but act in a common environment. Website management is
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a real-world example of such a scenario. The developer of
a website may want visitors to view certain key pages in a
particular order. Through well-chosen modifications to the
website, it may be possible to lead many, and possibly all,
visitors to act as the developer desires. Each visitor has dif-
ferent opinions and goals and none interact with each other,
but the website is the same for all. The main challenge we
examine in this paper is discovering the types of modifica-
tions or incentives that lead a heterogeneous collection of
agents to act as desired.

In this paper, the agents are modelled as simple plan-
ners in a Markov Decision Process (MDP), and an interested
party has a desired behaviour for these agents. While the
interested party is unable to directly modify the behaviour
of each agent, it can modify the environment, and thus agent
behaviour.

We provide a linear programming solution for finding a
minimal environmental modification that teaches a specific
MDP policy to all agents. This is not always possible, and
we show how to detect the feasibility of teaching a policy as
well as a method for teaching the largest feasible subset of
agents. In this case, attempting to teach the policy exactly
can be inflexible. An interested party may not be interested
in teaching an exact policy, but simply a policy with similar
behaviour to a target policy. In this paper we look at how
to quantify this behavioural similarity, based on short-term
through to long-term behaviour.

This paper begins with an overview of policy teaching and
environment design in the single agent setting, and a sum-
mary of other related work. Next, we discuss our multiagent
model and our solution to the problem of teaching a specific
policy to a set of agents. We then examine a value-based
approach to policy teaching, that changes the policies of
agents to maximise the aggregate value of each agents’ pol-
icy. We present two methods of individual policy appraisal,
based on the states visited when following the policy or by
behavioural similarity to a target policy. We also provide
a method of finding incentives that maximise the similarity
of all agents’ behaviours to the target behaviour. This is
followed by empirical tests of our new methods and finally
conclusions and directions for future work.

2. BACKGROUND
In this section we discuss the problem of policy teach-

ing through the method of environment design. This begins
with an overview of the problem in a single-agent setting.
The single-agent model forms the foundation of our multi-
agent model and our work in this paper extends the solu-



tion for this single-agent problem. We also examine some
other works related to the problem of achieving a desired
behaviour in a setting with multiple agents.

2.1 Single Agent Environment Design
There are existing methods that modify an agent’s en-

vironment to teach a specific policy to the agent [11] or
to teach a policy that maximises the value of the policy
from the perspective of an interested party [12]. In the sin-
gle agent setting, the environment is simply a finite-horizon
Markov Decision Process (MDP), M , and the agent follows
the optimal policy, π. Formally, M = {S,A,R, P, γ}, where

• S is the finite set of states.
• A is the finite set of actions.
• R : S → R is a reward function, giving the agent’s

utility for each state. This can be represented as a
vector R ∈ R|S|.
• P : S ×A× S → [0, 1] is the state probability transfer

function. If the agent plays action a in state si, then
the probability of transitioning to state sj is P (si, a, sj).
• γ ∈ (0, 1) is the discount factor.
• π : S → A is the policy that determines the action

taken by the agent at each state.

In direct policy teaching, the interested party (IP) knows
the MDP, M , and has a single target policy for the agent,
πt. The goal of the IP is to find some set of state incen-
tives, ∆ ∈ R|S|, such that the optimal policy of the MDP
MR+∆ = {S,A, (R+ ∆), P, γ} is πt. These incentives model
environment modifications that increase the agent’s reward
for each state by the incentive amount.

Value based policy teaching [12] does not have a specific
target policy for the agent, but instead uses a reward func-
tion for the IP,G ∈ R|S|. While the agent forms a policy that
maximises the expected sum of discount rewards on MR+∆,
the interested party values the policy according to the ex-
pected sum of discounted rewards on MG = {S,A,G, P, γ}.

In both direct and value based policy teaching, incentives
are limited to admissible incentives [11]. This limits indi-
vidual incentives to be non-negative (i.e. no punishments)
and the expected discounted sum of incentives must be no
greater than some value Dmax. Stated formally, ∆ is admis-
sible if it satisfies the following constraints:

∆(s) ≥ 0 ∀s ∈ S
V π∆ (start) ≤ Dmax

where the expected discounted sum of incentives V π∆ (s) for
an agent’s policy π is defined as:

(1)

V π∆ (s) = ∆(s) + γ
X
s′∈S

P (s, π(s), s′)V π∆ (s′) ∀s ∈ S (2)

Zhang and Parkes provided a linear programming solu-
tion for direct policy teaching with environment design [11].
This solution minimises the expected incentive spending,
V πt∆ (start), while satisfying constraints both for admissibil-
ity and those found through inverse reinforcement learning
(IRL) [7]. IRL takes a policy, π, and an MDP without re-
ward function, M−R and calculates a space of reward func-
tions, IRLπ ⊆ R|S|, such that any reward function in this
space has an optimal policy π. This space is defined by the

following constraints:

(Pπt − Pa)(I − γPπt)
−1R � 0 , ∀a ∈ A

where Pa and Pπt are the state probability transfer matrices
for action a and target policy πt, respectively. The target
policy becomes uniquely optimal in IRLπ ⊆ R|S| if the in-
equality is replaced with a strict inequality.

The direct policy teaching linear program finds the incen-
tive function with minimal expected cost that, when added
to the agent’s rewards, is in the space of reward functions
determined by IRL. Zhang and Parkes also provide a mixed
integer program for single-agent, value-based policy teach-
ing [12]. Instead of minimising incentive costs, this program
maximises the interested party’s value of the policy taken
by the agent. However, for the remainder of this paper we
will focus on multiagent policy teaching.

2.2 Related Work
At a high level, multiagent policy teaching is related to the

game theoretic technique of mechanism design [8]. Mecha-
nism design seeks to achieve certain behaviours in the agents
of a system by defining the rules of the system. This is sim-
ilar to policy teaching and environment design, which seeks
to achieve a specific behaviour in one or more agents by
modifying the environment of the agents. However, mecha-
nism design is more concerned with the interactions between
agents, and in this paper we will assume that agents do not
directly interact.

Policy teaching is also related to applications such as ap-
prenticeship learning. Apprenticeship learning uses the ac-
tions of an expert to guide the behaviour of an agent. Abbeel
and Ng [1] provided a method of extracting an expert’s re-
ward function given the expert’s behaviour, and used this to
determine the behaviour of an agent. The authors extend
this work to solve apprenticeship learning when dynamics
(state transition probabilities of the MDP) are unknown [2].
Syed and Schapire [9] modify the work of Abbeel and Ng
to provide a method that not only learns from the expert,
but also attempts to find a better policy than the expert.
However, these apprenticeship learning techniques assume
we have complete control over the agent’s reward function,
while we will be interested in only allowing limited changes
to agent’s rewards.

The problem examined by Monderer and Tennenholtz [6]
does not assume complete control over an agent’s reward
function as in apprenticeship learning, but does still allow
unlimited, non-negative incentives. In k-implementation, an
interested party influences the behaviour of agents in a game
through the use of incentives. This is closely related to mul-
tiagent policy teaching. However, the models of the environ-
ment and the incentives are different in k-implementation
and our setting. Firstly, k-implementation deals with games
of interaction between the agents in a single-shot setting,
whereas policy teaching works in a sequential planning set-
ting. More significantly, incentives in k-implementation are
provided to agents based on their particular strategy, rather
than state-based incentives. These incentives are concep-
tually in the form of bonus payments made specifically to
agents rather than environmental modifications, and as such
each agent can receive different incentives.

Eidenbenz et al. [4] discuss how incentives added to a
game can be used to manipulate the outcome. An interested
party can modify the outcome both to increase or to decrease



the social welfare of the agents. In this paper, however, we
assume the interested party has no interest in the actual
utility of the agents. The interested party merely assumes
the agents will act so as to maximise their utility in the
current environment.

3. MULTIAGENT POLICY TEACHING
In multiagent policy teaching, the goal of the interested

party is to direct a set of agents to a particular policy by
adding incentives to the environment. When moving to the
multiagent setting, several additional challenges occur that
were not originally present in the single-agent approach. In-
centives are no longer specifically tailored for a particular
agent, but rather for several agents. A key point in the
multiagent model is that each agent acts in the same en-
vironment and thus has the same incentives. Due to this,
the multiagent problem cannot be solved by simply running
the single agent policy teaching method separately for each
agent.

With direct policy teaching, the IP has a single policy it
wishes all the agents to adopt. However, in a multiagent
setting, the IP may not be able to teach the target policy
to all agents simultaneously. In this case the IP can instead
look for the largest subset of agents that can be taught the
target policy with a single incentive function. Alternatively,
the IP can use a value-based approach, which we discuss in
Section 4.

3.1 The Multiagent Model
Before progressing any further, we explicitly outline the

model and assumptions used in this paper. The multiagent
extension of policy teaching and environment design in this
paper deals with non-interacting agents. Agents that inter-
act must anticipate the strategies of the other agents and
act accordingly. With non-interacting agents, each agent
only needs to consider its own actions and the current en-
vironment. Without interaction, we can model all agents as
planners in MDPs that have the same M−R = {S,A, P, γ}.
However, each agent, i, has a different reward function, Ri,
and it is assumed that these values are known to the inter-
ested party.

The abilities of the interested party remain unchanged
from the single agent setting. The IP performs policy teach-
ing though environment design by adding an incentive func-
tion ∆ to the reward function of each agent. However, this
incentive function must be applied to all agents equally,
rather than through individual incentive functions. The
motivation for this restriction is that, conceptually, the in-
centives are modifications to the environment rather than
additional rewards provided separately by the IP to the
agents. Thus, a particular environmental modification af-
fects all agents.

3.2 Teaching All Agents
If there is a single incentive function that can lead all

agents to the desired policy, this can be found with a simple
linear program. This linear program has the same number
of constraints and variables as in the single agent case, re-
gardless of the number of agents.

Let Pa denote the state probability transfer matrix for
playing action a in each state. Let Pπt denote the state
probability transfer matrix for following policy πt. That is,
Pa(s1, s2) is the probability of transferring from state s1 to

Figure 1: The dotted lines and dashed lines are the
constraints for two agents. Taking the most restric-
tive of each pair of parallel constraints defines the
overlapping (shaded) region.

s2 given action a. Pπt(s1, s2) = Pa(s1, s2) ∀s2 if π(s1) = a.
For each agent i ∈ N , by applying inverse reinforcement
learning, we obtain a set of up to |S|×|A| linear constraints.
These are calculated as follows, starting with the constraints
obtained from IRL [7].

(Pπt − Pa)(I − γPπt)
−1| {z }

Ca

(Ri + ∆) � ε ,

∀a ∈ A \ πt(s), i ∈ N
⇒CaRi + Ca∆ � ε ∀a ∈ A \ πt(s), i ∈ N
⇒Ca∆ � ε− CaRi| {z }

Dia

∀a ∈ A \ πt(s), i ∈ N

⇒Ca∆ � Dia ∀a ∈ A \ πt(s), i ∈ N

Note that the ε > 0 is to ensure that πt is a unique optimal
policy. If πt(s) = a then row (Pπt(s)−Pa(s)) = 0⇒ Ca(s) =
0. Thus, these rows are removed from the set of constraints.
All other rows ensure actions not in the target policy result
in expected rewards that are at least ε lower than those of
the target policy. This makes all πt actions strictly preferred
and so πt is the unique optimal policy.

If we wish to find an incentive function to induce the de-
sired policy in all agents, we must satisfy the |S| × |A| con-
straints for each agent simultaneously. That is, we must
meet all |S| × |A| × |N | constraints. However, an observa-
tion about the set of constraints allows us to greatly reduce
the total number. Let Ca(s) and Dia(s) denote the sth row
of Ca and Dia respectively. For any state s and action a the
constraint Ca(s)∆ ≥ Dia(s) is parallel to Ca(s)∆ ≥ Dja(s)
for every pair of agents i, j ∈ N , as Dia(s) is simply a scalar
constant. This observation means that we can run a pre-
processing step that reduces the number of contraints to
|S| × |A| by keeping only the most restrictive constraint for
each state-action pair (see Figure 1).

If we let

D̂a(s) = max
i∈N

Dia(s) ∀a ∈ A, s ∈ S (3)

we get the following set of constraints:

Ca∆ � D̂a ∀a ∈ A \ πt(s) (4)

Now, finding the minimal ∆ to induce the desired policy



Figure 2: Each polygon represents the space of in-
centive functions that satisfy all constraints for a
particular agent. There is no point that satisfies the
constraints of all agents but the shaded region sat-
isfies those of the greatest number of agents.

in all agents can be found with the following linear program:

min
∆

V πt∆ (start) (5)

subject to:

Ca∆ � D̂a ∀a ∈ A \ πt(s)
0 ≤ ∆ ≤ ∆max

V πt∆ (start) ≤ Dmax

The final two constraints ensure the incentives are admis-
sible. Here V πt∆ (start) is defined as in Equation (2), as the
expected discount incentive spending. The linear program
has the same number of constraints and variables as the so-
lution for a single agent [11], and this remains constant with
respect to the number of agents.

3.3 Determining If All Agents Can Be Taught
As shown in the previous section, we can define the space

of possible incentives that induce the target policy in a par-
ticular agent. Combining all the constraints gives the space
of possible incentives that induce the target policy in all
agents. This space is defined by the constraints in Equa-
tion (4).

If these constraints, coupled with the admissibility con-
straints, define an empty region, then no such admissible in-
centive function exists that can teach all agents the desired
policy (as in Figure 2). Linear programming techniques such
as the simplex method or extensions to the interior point
method will detect the infeasibility of a set of constraints
[10]. If, when running the linear program in Equation (5)
on the set of constraints for all agents, it declares the prob-
lem infeasible, then no incentive can teach the policy to all
agents. However, if all agents can be taught, the linear pro-
gram will return the incentive function that achieves this.

3.4 Teaching The Largest Subset
Given a set of agents, N , where |N | = n, the interested

party may desire to find the largest subset of N such that
all agents follow the desired policy, given an incentive func-
tion. Geometrically, let K = {K1,K2, . . . ,Kn}, where Ki

is the space of admissible incentives functions that induce
the desired policy for agent i ∈ N . The goal is to find the
largest subset of K such that the intersection of all elements
(e.g. the shaded region in Figure 2) is non-empty.

Given the results in Subsection 3.3, a brute force approach
to this problem is to find the largest set of agents that leads
to a feasible linear program by testing all possible subsets
of agents in order of decreasing cardinality. As soon as a

feasible linear program is found based on the constraints of
the subset of agents, the algorithm returns the solution to
the linear program. If a specific application is likely to only

have feasible subsets of size strictly less than |N|
2

, then the
algorithm should test subsets in increasing order of cardi-
nality.

4. MULTIAGENT VALUE-BASED POLICY
TEACHING

In the previous section, the interested party was only
concerned with agents following the target policy exactly.
Where the requirements of the interested party aren’t so
strict, a value based approach to policy teaching is more
appropriate. As an example, consider a simple grid world
where an agent’s actions allow it to move to adjacent tiles
in the grid. The interested party has a desired path for the
agents to traverse the grid from the start state to a goal tile.
Instead of only accepting solutions where the agents follow
the path precisely, a value-based approach permits devia-
tions. The larger the deviation from the target policy or
behaviour, the lower the value the IP places on the agent’s
policy.

In the value-based setting, the IP has a policy valuation
function V : AS → R that assigns a value to each policy.
A state-based valuation has a value for each state in the
MDP, and calculates a policy value based on the states it
visits. An alternative measure is to evaluate each policy
based on its behavioural similarity to the target policy. In
such a setting, the IP needs a function to aggregate these
individual policy valuations for the group of agents. While
this is not an issue in the single agent setting as there is
only one policy to evaluate, it becomes very important in
the multiagent case. There are two intuitive methods of
determining a total value for a set of policies, motivated by
social welfare functions. Where the policy valuation directly
represents the utility of the interested party, it makes sense
to use a utilitarian approach and sum over all valuations.
Thus, the value of a set of policies {πi} is calculated asP
i∈N V (πi). Alternatively, the interested party may prefer

to have reasonable values for all agents rather than high
values for some and poor values for others. In this case, the
egalitarian value of a set of policies is determined by the
worst policy, that is mini∈N V (πi).

4.1 State-Based Policy Valuation
In state-based policy valuation, the value of a policy is

calculated as the discounted sum of future rewards, using
the reward function of the interested party. This approach
was used in the single agent setting by Zhang and Parkes
[11]. A multiagent solution is simply a basic extension to
the mixed integer program (MIP) used for the single agent
problem.

Unlike in direct policy teaching, the additional constraints
for multiple agents can not be trivially collapsed together.
The MIP needs to calculate the value of each agent’s policy,
which also requires constraints for each agent to determine
this policy. However, as the agents do not interact, the
number of constraints and variables only grow linearly with
the number of agents. The multiagent MIP has a copy, for
each agent, of all the constraints of the single agent solu-
tion, except for those bounding the state incentive values,
∆(s). The minimised function of the MIP aggregates the



policy values for all agents, for example, by summing over
all values.

4.2 Comparison-Based Policy Valuation
In some cases, the interested party has a single desired

policy or behaviour, but may be satisfied if agents follow a
similar policy. In such a setting, it is easier for the inter-
ested party to appraise policies using some similarity score
to the target function than to calculate a state-based reward
function that captures this. Unfortunately, there is no clear
definition of policy similarity. For policy teaching, we pro-
pose that appropriate comparison methods involve looking
at the short-, medium-, or long-term behavioural similarities
of the policies. In the rest of this section we describe our
proposed methods.

Two policies are similar in short-term behaviour if their
state transition probabilities are close for most states. This
captures similarity in how an agent moves from each par-
ticular state and takes into account different actions that
have similar state transition probabilities. Stated formally,
the short-term difference between policies π1 and π2 can be
defined as

P
i,j∈S (Pπ1 (i, j)− Pπ2 (i, j))2, where Pπ (i, j) is

the probability of transitioning from state i to state j play-
ing action π(i). To convert this difference into a policy value
based on similarity to a target policy πt we have:

V (π) = e−
P
i,j∈S(Pπt (i,j)−Pπ(i,j))2

Another measure of similarity between policies is based
on the medium-term behaviour. In this metric, two policies
are similar if they follow similar paths through the state
space, or visit states with similar probabilities. An example
where such a measure is useful is when an interested party
wants the agents to explore a grid world. The desired policy
may visit every state with probability at least p after t time
steps. There are multiple ways of exploring a grid world,
and the interested party is happy with any policy that visits
each state with probability close to or greater than p after
t time steps. This behaviour is less well defined and thus
more difficult to quantify formally.

The long-term behaviour of a policy is measured by the
probability distribution over final states as the number of
time steps approaches infinity. In this case, the interested
party is only concerned with where the agents are likely to
end up and not how they get there. A policy’s transition ma-
trix Pπ defines a Markov chain, and the long term behaviour
can be captured by the stationary distribution, r.

Given the stationary distribution for two policies, rπ1 and
rπ2 , the long-term difference between the two policies can
be defined as sum of squared difference in stationary distri-
butions:

P
s∈S |rπ1(s) − rπ2(s)|2. A policy valuation for a

policy π compared to a target policy πt based on long-term
behaviour is:

V (π) = e−(rπt−rπ)(rπt−rπ)T (6)

For policy teaching, the incentive function is found by
maximising some enumeration of policy valuations over all
agents. Using the valuation in Equation (6), the maximisa-
tion is:

max
∆

X
i∈N

e−(rt−ri)(rt−ri)T

where rt is the stationary distribution of the target policy
πt, a constant value, and ri is the stationary distribution

Figure 3: Time taken to find the incentive function
to induce a target policy in all agents.

Figure 4: Time taken to find incentives that max-
imise long-term behavioural similarity of the agents
to the target policy.

for the optimal policy played by agent i on the MDP with
added incentives ∆.

While this can be converted into a mixed integer program,
it requires O(|S|2|A||N |) constraints and variables. Given
that mixed integer programs are typically NP-hard to solve
[3], this solution rapidly becomes infeasible. This complex-
ity is further worsened using more sophisticated objective
functions that appraise agent policies according to a mix of
short-, medium-, and long-term behaviour.

As shown in the next section, good empirical performance
is possible by optimising incentives through metaheuristic
methods, such as simulated annealing [5].

5. EXPERIMENTAL RESULTS
We conducted empirical tests to verify the solution quality

and time requirements of our methods. All tests were run
using GNU Octave version 3.0.3 on a 2.4 GHz MacBook Pro
with 2 GB of RAM.

The test domain is that of a simple grid world. An agent
can either move in one of the four cardinal points or stay
put. There is uncertainty added to the environment, where
an agent may move in a direction different to the action.

First, we tested the linear program for teaching all agents
(Equation (5)). The target policy in these tests was to take
the shortest path from the current state to the centre of the
grid (with ties broken arbitrarily). The agents’ reward func-
tions were generated randomly, with one random “preferred”



state having a value of 1 and all others having a value drawn
uniformly from [0, 0.001]. The discount factor γ was 0.99.
Figure 3 shows the time required to solve the linear pro-
gram with varying numbers of states and agents. The time
required was roughly linear on the number of agents due to
calculating the maximum values in Equation (3). The value
of Dmax was chosen such that it was possible to teach all
agents the desired policy. In each run, all agents followed
the target policy precisely. The difference in solving time
on an MDP where an action always moved in the intended
direction and where an action had a 10% chance of moving
in an unintended direction was not significant.

We also tested the efficacy of a simulated annealing ap-
proach to solving comparison-based multiagent policy teach-
ing, as presented in Subsection 4.2. These tests used the
same set up of target policy and rewards as in the linear
program tests. However, in this comparison-based approach,
we looked at policy similarity based on long-term behaviour
(using Equation (6)). A high-value policy should have a high
long-term probability of being in the centre state with lower
probabilities further from the centre. The plot in Figure 4
shows the time required to find the optimal set of incentives,
where the algorithm was halted as soon as the method had
found a solution within 0.01% of the optimal value. Here,
the optimal value was when all agents follow the target pol-
icy precisely, and each had a value of 1. The tests used
for Figure 4 aggregated agent policy values through sum-
mation, but tests using an “egalitarian” measure showed the
same linear trend with number of agents. As the simulated
annealing algorithm is non-deterministic, the values plotted
are the average over 100 different runs. These results show
that, while simulated annealing doesn’t have the guaranteed
performance of a mixed-integer formulation, it is still able
to find good solutions in reasonable time.

6. CONCLUSIONS AND FUTURE WORK
This paper examined multiagent extensions to environ-

ment design and policy teaching. These procedures allow
an interested party to achieve a desired behaviour in a set
of agents through environmental modifications. The envi-
ronmental modifications are in the form of value-increasing
incentives added to each state in the environment.

In the case where a policy is being taught to all agents, the
paper provided a linear program to solve this problem. The
number of constraints and variables in the linear program
does not change as the number of agents increases. The
linear program is feasible if and only if the policy can be
taught to all agents with a single incentive function.

This paper also examined the problem of maximising the
aggregate value of agents’ policies, from the perspective of
the interested party, in particular, when the value of a pol-
icy reflects its similarity to some target policy. Policy sim-
ilarity is defined as the behavioural similarity of two poli-
cies, ranging from short-term to long-term behaviour. A
comparison-based approach gives added flexibility to the in-
terested party, as a target policy may not need to be ex-
plicitly stated. Using long-term behavioural similarity, the
IP can compare policies to a target stationery distribution
rather than a target policy. The aggregation of values for
each agent’s policy can be a summation of values, or the
minimum of all values. This problem can be solved with
metaheuristic optimisation techniques, as a mixed integer
programming solution rapidly becomes infeasible. Empirical

tests showed that simulated annealing is one such technique
that is effective in solving this problem.

A key assumption in this paper was that of no agent inter-
action. There is added complexity when agents interact, in
modelling the environment, determining policies and finding
incentives. In this setting, the MDP model is no longer suffi-
cient, but a stochastic game framework would be one appro-
priate option to examine. Stochastic games are sufficiently
general that a conceptually simple, but perhaps computa-
tionally difficult environment design method could be devel-
oped by adding the interested party as an extra agent to the
game. In this method, the interested party’s actions do not
affect agents’ payoffs in the current stage game, but lead to
different sets of stage games with modified agent rewards.

Another assumption that can be relaxed in future work is
that of complete knowledge of agent rewards. If rewards are
unknown, then the policy teaching methods need to incor-
porate preference elicitation techniques to narrow the space
of possible rewards. A multiagent extension of active indi-
rect elicitation [11] will let the interested party narrow the
space of possible agent rewards until enough information is
known to determine appropriate incentives.
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